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A B S T R A C T   

Access to reliable solar radiation data is of paramount importance for the sustainable development of mankind. 
However, solar radiation measurements are available in few meteorological stations, so models are used to es-
timate global solar radiation from other climate variables. This paper presents a compilation of 165 global solar 
radiation models that is representative of the progress over the last 100 years. The models were classified ac-
cording to the type of variables used and a large majority of dimensionally non-homogeneous equations were 
identified. Furthermore, it was observed that comparisons between various models studied in different regions 
over recent decades were occasionally contradictory, so that no single existing model seems to have definitively 
outperformed the others. In this context, homogeneity analysis provides a procedure to improve the quality of 
models by reducing the presence of variables implicit in numerical coefficients, which deserves to be valued as a 
methodological tool. In addition, a previously introduced temperature-based homogeneous model was updated 
using recent experimental data and revising the functional form of the local geographic factor dependent on 
elevation and distance to the sea. Using site-calibrated coefficients, the modified model provides accurate results 
at 22 meteorological stations in northern Spain, located over a distance of about 1000 km. Using a general 
equation, acceptable predictions are obtained for the 21 stations with the highest climatic similarity.   

1. Introduction 

Solar energy is expected to play an increasing role in the foreseeable 
future, both in countries in energy transition and in developing regions. 
Solar radiation data are required in numerous applications, such as 
photovoltaic power, solar thermal systems, agricultural crop models and 
hydrological models. However, solar radiation measurements are 
available in few weather stations and time series of data are not always 
long enough, so it is frequent to use models that allow indirect estima-
tion of global solar radiation (GSR) from abundantly measured weather 
variables [1]. Meteorological satellites are an alternative source of data, 
particularly interesting in oceans and sparsely populated areas, but 
radiometric ground stations are necessary to validate both GSR models 
and algorithms used for satellite data processing. 

Numerous GSR models have been developed in recent decades, 
which generally provide good accuracy regardless of their methodology 
and variables used. According to the mathematical methodology, they 
could be classified as parametric, such as the classical Ångström-Prescott 
(A-P) model [2,3], and non-parametric, such as those based on artificial 

neural network (ANN) methods [4]. Depending on the input variables, 
the models are generally classified into sunshine-based, temper-
ature-based, cloud-based, and other climatic parameters-based models 
[5]. The prediction accuracy depends on both the quality of the model 
and the quality of the measured data. It is assessed by means of statistical 
indicators [6] and is usually considered high if the mean percentage 
absolute error does not exceed 10% [7]. This value is not much greater 
than the instrumental error [8], so it can only be achieved by high 
quality models. 

Many parametric GSR models have been derived from pioneer 
models by adding other variables that were proved to achieve better 
estimates where validated [9]. However, some authors argued that the 
evaluation of most existing models for estimating solar radiation over a 
wide range of geography and climate in the world is still pending [10], 
because a variable that correlates with solar radiation at one site may 
not have the same influence at another site. In the most exhaustive re-
view carried out so far, 294 GSR models classified in 37 groups were 
analysed [11]. The authors concluded that it is not feasible to select the 
most appropriate model for any site and recommended seeking the 
optimal balance between accuracy and complexity. 
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This article first shows a selection of 165 parametric GSR models, 
which is not exhaustive for reasons of space but is considered sufficient 
to illustrate the evolution of research. Practically all GSR models attempt 
to estimate the ratio between the radiation incident on a horizontal 
surface H and a radiation threshold, which is usually the so-called 
extraterrestrial radiation H0, i.e. in the upper layers of the atmo-
sphere. So far, little attention seems to have been given to the impor-
tance of expressing this ratio in terms of dimensionless groups, because 
otherwise the numerical coefficients resulting from data processing will 
certainly depend on influencing variables that are not explicit in the 
model. To the best of our knowledge, homogeneity analyses are per-
formed on such a large number of models for the first time, providing a 
mathematical criterion to identify parameters that depend on implicit 
variables. 

Model comparisons conducted over the last two decades in 
geographically and climatically diverse locations are also reviewed, in 
order to explore solutions that could provide advantages caused either 
by the number and type of influencing variables assumed or by the 
functional relationship used. 

On the other hand, many accurate local scale models have been 
developed, but it seems that it has not been sufficiently realised that 
complexity hinders applicability to regions without radiometric stations, 
which is the essential reason for a model. In this sense, this article also 
describes a case study in Spain showing the updating of an existing 
homogeneous model of low complexity [12] and the evaluation of its 
validity for locations far away from the meteorological stations used for 
its calibration. 

2. Analysis of global solar radiation models 

2.1. Homogeneity of physical equations 

Given an equation among n real variables: 

f (x1, ..., xn)= 0 (1)  

it is said to be homogeneous when it subsists after multiplying each of 
the variables by a set of real factors ξ1,...,ξn, that is, when the following is 
verified: 

f (ξ1x1, ..., ξnxn)= 0 (2) 

Homogeneity is called unconditional or conditional depending on 
whether the factors ξ1, ..., ξn are independent or linked. 

If the equation (1) represents a physical problem, the variables xi are 
measures of physical quantities obtained through a system of units. If the 
system of units is changed, the original equation leads to an expression 
like equation (2), with the factors ξi being the result of unit conversion. 
The principle of dimensional homogeneity states that the physical laws 
must be independent of the system of units of measurement. Therefore, 
physical equations must be homogeneous. This homogeneity is condi-
tional, because the factors ξi depend on the dimension of each magni-
tude, which is determined by the fundamental laws of physical theories 
[13]. 

Any complete physical equation, i.e. dimensionally homogeneous, 
can be rewritten in terms of a set of dimensionless products of powers of 
the original dimensional quantities, usually called non-dimensional 
groups. When the equation cannot be expressed by means of non- 
dimensional groups, it is said to be incomplete, which is due to the 
lack of some influencing variable. The procedure is applicable to para-
metric model equations, but also to transfer functions used in ANN- 
based models, which satisfy relationships of the following type: 

Nomenclature 

ai Empirical parameter 
C Mean total cloud cover during daytime observations (octa) 
d Day of the year 
H Global solar irradiation on horizontal surface (kWh/m2) 
H0 Extraterrestrial global solar irradiation on horizontal 

surface (kWh/m2) 
KGCC Köppen-Geiger climate classification 
L Dimension of length 
L Distance to the sea (m) 
M Rainfall logical variable 
m Month number 
oi Observed value 
P Daily total precipitation (m) 
p Atmospheric pressure (Pa) 
psv Saturation water vapour pressure (Pa) 
pv Atmospheric water vapour pressure (Pa) 
p0 Atmospheric pressure at sea level (Pa) 
RH Relative humidity 
RT Logical function of transformed rainfall data 

R2 Coefficient of determination = 1 −
∑n

i=1
(si − oi)

2
/

∑n

i=1
(oi − oi)

2 

R2
O Coefficient of determination (regression forced through the 

origin)  

= 1 −
∑n

i=1
(si − oi)

2
/
∑n

i=1
o2

i  

RMBE Relative mean bias error (%)  

= 100
∑n

i=1
((si − oi) /oi)/n  

RMSE Root mean square error (%) = 100

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1
(si − oi)

2
/n

√

RRMSE Relative root mean square error (%) =

100

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1
((si − oi)/oi)

2
/n

√

S   

Actual duration of sunshine (h) 
S0 Maximum theoretical duration of sunshine (h) 
si Simulated value 
W Wind speed (m/s) 
z Elevation above sea level (m) 
Tdp Dew point temperature (K) 
Tm Mean air temperature (K) 
Tmax Maximum air temperature (K) 
Tmin Minimum air temperature (K) 
ΔTdw Difference between dry and wet bulb air temperature (K) 
δ Declination (rad) 
φ Latitude (rad) 
λ Longitude (rad) 
σ Daily sunshine fraction 
τ Solar transmittance of the atmosphere 
θ Dimension of temperature  
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yi − f

(
∑n

j=1
wijxj

)

= 0 (3)  

where yi, xi and wij denote components of the output vector, the input 
vector, and the connection weight matrix, respectively [14]. 

Buckingham’s Pi theorem provides an operational method to obtain 
the non-dimensional groups that can be formed with the influencing 
variables in a functional relationship, even if it has unknown mathe-
matical form. The theorem generally leads to a smaller number of 
dimensionless groups than the original number of ordinary variables. If 
the application of the theorem does not lead to a solution, it is un-
doubtedly because the starting equation is incomplete. 

2.2. Homogeneity analysis of sunshine-based models 

The first correlations between GSR and the sunshine duration are 
attributed to Kimball [15] and Ångström [2], and were based on the 
clear sky index. Subsequently, in order to avoid uncertainties in the 
definition of a clear day, it was proposed to replace this index by the 
atmospheric clearness index [3], defined as the ratio H/ H0. 

Sunshine-based GSR models are usually variants of the following 
functional relationship: 

H = f (H0, S, S0) (4) 

The application of Buckingham’s theorem enables the clearness 
index to be expressed as a function of the daily sunshine fraction σ = S/
S0, i.e.: 

H /H0 = f (σ) (5) 

The Buckingham’s theorem states the number of dimensionless 
groups that can be formed with the variables assumed in the starting 
function, but the type of function between such groups must be deduced 
from experimentation. Table 1 shows a representative list of sunshine- 
based GSR models that have been proposed. Formally identical models 
have been found in the literature, differing only by the numerical values 
of the regression coefficients used to fit the data for particular locations, 
and have therefore been attributed in the table to the older reference. 
The homogeneity of models consistent with equation (5) is guaranteed 
by the fact that σ is dimensionless. Model No.6, being a particular case of 

Table 1 
Sunshine-based GSR models.  

No. Authors Ref. Equation 

1a Ångström (1924)–Prescott 
(1940) 

[2, 
3] 

H/H0 = a1 + a2σ  

2a Ögelman et al. (1984) [19] H/H0 = a1 + a2σ+ a3σ2  

3a Bahel (1987) [20] H/H0 = a1 + a2σ+ a3σ2 + a4σ3  

4a Newland (1989) [21] H/H0 = a1 + a2σ+ a3 ln σ  
5a Ampratwum and Dorvlo 

(1999) 
[22] H/H0 = a1 + a2 ln σ  

6 Togrul and Onat (1999) [23] H/H0 = a1 + a2/H0 + a3σ/H0  

7a Elagib and Mansell (2000) [24] H/H0 = a1σa2  

8a Elagib and Mansell (2000) [24] H/H0 = a1ea2 σ  

9a Elagib and Mansell (2000) [24] H/H0 = a1 + a2σa3  

10a Togrul et al. (2000) [25] H/H0 = a1 + a2 ln σ+ (a3 + a4 ln σ)
σ  

11a Almorox and Hontoria 
(2004) 

[26] H/H0 = a1 + a2eσ  

12a El-Metwally (2005) [27] H/H0 = a1/σ
1  

13a Bakirci (2008) [28] H/H0 = a1 + a2σ+ a3σ2 + a4σ3 +

a5σ4 + a6σ5  

14a Bakirci (2009) [29] H/H0 = a1 + a2eσ + a3σ  
15a Gana and Akpootu (2013) [30] H/H0 = a1σ  
16a Teke and Yildirim (2014) [31] H/H0 = a1 sin(a2σ + a3)

a Homogeneous model. 

Table 2 
Temperature-based GSR models.  

No. Authors Ref. Equation 

17 Hargreaves and 
Samani (1982) 

[32] H/H0 = a1ΔT0.5  

18 Bristow and 
Campbell (1984) 

[34] H/H0 = a1(1 − e− a2ΔTa3 )

19 Hargreaves et al. 
(1985) 

[35] H/H0 = a1 + a2ΔT0.5  

20 Donatelli and 
Campbell (1998) 

[36] H/H0 = a1(1 − e− a2ΔTa3 /ΔTm )

21 Donatelli and 
Campbell (1998) 

[37] H/H0 = a1(1 − e− a2 ⋅f(Tm ⋅ΔTa3 )⋅ΔTa3 )

22 Hunt et al. (1998) [37] H/H0 = a1/H0 + a2ΔT0.5  

23 Ertekin and Yaldiz 
(1999) 

[38] H/H0 = a1 + a2/H0 + a3Tm/H0  

24 Goodin et al. 
(1999) 

[39] H/H0 = a1(1 − e− a2ΔTa3 /H0 )

25 Thornton and 
Running (1999) 

[40] H/H0 = 1 − e− a1 ΔTa2  

26 Meza and Varas 
(2000) 

[41] H/H0 = 0.75(1 − e− a1ΔT2
)

27 Samani (2000) [42] H/H0 = (a1 + a2ΔT + a3ΔT2)ΔT0.5  

28 Weiss et al. (2001) [43] H/H0 = 0.75(1 − e− a1ΔT2/H0 )

29 Chen et al. (2004) [44] H/H0 = a1 + a2 ln ΔT  
30 Abraha and Savage 

(2008) 
[10] H/H0 = 0.75(1 − e− a1ΔT2/ΔTm )

31 Falayi (2008) [45] H/H0 = a1 + a2Tmin  

32 Li et al. (2010) [46] H/H0 = a1 + a2Tmin + a3Tmax  

33a Panday and 
Katiyar (2010) 

[47] H/H0 = a1 + a2Tmax/Tmin  

34a Panday and 
Katiyar (2010) 

[47] H/H0 = a1 + a2Tmax/Tmin +

a3(Tmax/Tmin)
2  

35a Panday and 
Katiyar (2010) 

[47] H/H0 = a1 + a2Tmax/Tmin +

a3(Tmax/Tmin)
2
+ a4(Tmax/Tmin)

3  

36 Adaramola (2012) [48] H/H0 = a1 + a2Tm  

37a Adaramola (2012) [48] H/H0 = a1 + a2Tmin/Tmax  

38 Korachagaon and 
Bapat (2012) 

[49] 
H/H0 = (

∑11

n=1
anTn− 1

min )/H0  

39 Korachagaon and 
Bapat (2012) 

[49] 
H/H0 = (

∑11

n=1
anTn− 1

max)/H0  

40 Korachagaon and 
Bapat (2012) 

[49] H/H0 = a1/H0 + a3ΔT/H0 + a4T2
max/H0 +

a5ΔT2/H0 + a6TmaxΔT/H0 + a7T3
max/H0 +

a8ΔT3/H0 + a9TmaxΔT2/H0 + a10T2
maxΔT/

H0  

41 Chen and Li (2013) [50] H/H0 = a1 + a2ΔT  
42 Chen and Li (2013) [50] H/H0 = a1 + a2Tmin + a3Tmax + a4Tmin⋅ 

Tmax  

43 Ohunakin et al. 
(2013) 

[51] H/H0 = a1 + a2Tm + a3T2
m  

44 Li et al. (2013) [52] H/H0 = a1/H0 + a2Tmin + a3Tmax  

45 Benghanem and 
Mellit (2014) 

[53] H/H0 = a1/H0 + a2ΔT0.25  

46 Li et al. (2014) [54] H/H0 = a1 + (a2 + a3Tm)ΔT0.5  

47 Hassan et al. 
(2016) 

[55] H/H0 = a1 + a2ΔTa3  

48–50 Hassan et al. 
(2016) 

[55] 
H/H0 = (

∑k

n=1
anΔTn− 1)ΔTak+1 + ak+2(k =

2  to  4)
51,52 Hassan et al. 

(2016) 
[55] 

H/H0 = (
∑k

n=1
anΔTn− 1)ΔTak+1 (k = 2 to 3)

53,54 Hassan et al. 
(2016) 

[55] 
H/H0 =

∑k

n=1
anTn− 1

m (k = 3 to 4)

55,56 Hassan et al. 
(2016) 

[55] 
H/H0 = (

∑k

n=1
anTn− 1

m )ΔTak+1 + ak+2 (k =

2 to 3)
57–59 Hassan et al. 

(2016) 
[55] 

H/H0 = (
∑k

n=1
anTn− 1

m )ΔTak+1 (k = 2 to 4)

60 Hassan et al. 
(2016) 

[55] H/H0 = a1 + a2H0Ta3
m  

(continued on next page) 
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equation (4), is the only one in the table that is not compatible with 
equation (5), and is therefore not homogeneous. 

Models of this type have been widely used and generally accurate 
[16]. For example, 78 existing models in the literature were evaluated 
for estimating daily or monthly GSR, using data measured in Yadz, Iran 
[5]. Among such models, more than half can be considered variations of 
the linear A-P model No.1, as they only differ in the values of the pa-
rameters a1 and a2. Likewise, 52 models based on daily sunshine fraction 
were analysed in Jouf, Saudi Arabia [17], among which 28 can also be 
considered variations of model No.1. 

The influence of σ on the clearness index has an obvious physical 
meaning in the A-P model, as the regression coefficients can be related to 
the transmissivity for solar radiation in clear or overcast atmosphere 
[18]. Other models are more complex forms of f(σ), not as different as 
they seem, because exponential, logarithmic or sinusoidal functions can 
be converted into Taylor polynomials. 

2.3. Homogeneity analysis of temperature-based models 

Hargreaves and Samani (H–S) [32] and Richardson [33] are among 
the first to suggest that the clearness index could be estimated indirectly 
from data of ΔT = Tmax − Tmin. Bristow and Campbell (B–C) introduced 
a daily GSR model with an exponential term in which the variable ΔT 
has different definition, because Tmin must be calculated for a generic 
day as the average of the values measured in consecutive days, while it 
must be reduced by a factor of 25% for rainy days [34]. 

These models can be considered as variations of the following 
functional relationship: 

H = f (H0, ΔT) (6)  

for which the application of Buckingham’s theorem does not lead to 
solutions. It therefore follows that functions of this type are incomplete. 

Other models consider the influence of two temperatures, e.g. they 
use functional relationships of the following type: 

H = f (H0, ΔT,Tm) (7) 

In this case, Buckingham’s theorem leads to a function with two non- 
dimensional groups, which solves the dimensional incoherence, i.e.: 

H /H0 = f (ΔT /Tm) (8) 

In other cases, Tmax and Tmin have been proposed as influencing 
variables, that is: 

H = f (H0, Tmax,Tmin) (9)  

which also leads to a function with two non-dimensional groups: 

H /H0 = f (Tmin / Tmax) (10) 

This result can be reduced to the previous one taking into account 
that: 

Table 2 (continued ) 

No. Authors Ref. Equation 

61 Hassan et al. 
(2016) 

[55] H/H0 = a1H0Ta2
m  

62 Hassan et al. 
(2016) 

[55] H/H0 = a1ea2Ta3
m  

63 Jahani et al. 
(2017) 

[1] H/H0 = a1 + a2ΔT+ a3ΔT2 + a4ΔT3  

64 Jahani et al. 
(2017) 

[1] H/H0 = a1 + a2ΔT0.5 + a3ΔT1.5 + a4ΔT2.5  

65 Fan et al. (2018) [56] H/H0 = a1 + a2ΔT+ a3ΔT0.25 + a4ΔT0.5  

66 Fan et al. (2018) [56] H/H0 = a1 + a2ΔT+ a3ΔT0.25 + a4ΔT0.5 +

a5Tm/H0   

a Homogeneous model. 

Table 3 
Hybrid GSR models.  

No. Authors Ref. Equation 

67a Black (1956) [57] H/H0 = a1 + a2C+ a3C2  

68a Glover and 
McCulloch (1958) 

[58] H/H0 = a1 cos φ+ a2σ  

69a Swartman and 
Ogunlade (1967) 

[59] H/H0 = a1 + a2RH+ a3σ  

70a Swartman and 
Ogunlade (1967) 

[59] H/H0 = a1RHa2 σa3  

71a Ojosu and 
Komolafe (1987) 

[60] H/H0 = a1 + a2Tmin/Tmax + a3RH/RHmax +

a4σ  
72 Gopinathan 

(1988) 
[61] H/H0 = a1 + a2 cos φ+ a3z+ a4σ + (a5 +

a6 cos φ + a7z + a8σ)σ  
73 Reddy (1988) [62] H/H0 = a1 + a2P0.33 + a3φ  

74 Sambo (1988) [63] H/H0 = a1 + a2Tm(Tmin /Tmax)+ a3σ  
75 De Jong and 

Stewart (1993) 
[64] H/H0 = (a1 + a2P + a3P2)ΔTa4  

76 Abdallah (1994) [65] H/H0 = a1 + a2ΔT+ a3σ  
77 Abdallah (1994) [65] H/H0 = a1 + a2Tm + a3RH+ a4σ  
78 Abdallah (1994) [65] H/H0 = a1 + a2ΔT+ a3RH+ a4σ  
79 Abdallah (1994) [65] H/H0 = a1 + a2ΔT+ a3RH+ a4p/pv + a5σ  
80 Allen (1995) [66] H/H0 = a1(p/p0)

0.5ΔT0.5  

81 Ododo et al. 
(1995) 

[67] H/H0 = a1Ta2
m RHa3 σa4  

82 Ododo et al. 
(1995) 

[67] H/H0 = a1 + a2Tm + a3RH+ (a4Tm + a5)σ  

83 Elagib et al. 
(1998) 

[68] H/H0 = a1/H0 + a2RH/H0  

84 Elagib et al. 
(1998) 

[68] H/H0 = a1/H0 + a2(RH − H0)/H0  

85 Elagib et al. 
(1998) 

[68] H/H0 = a1/H0 + a2(RH − ΔT − H0)/H0  

86 Hunt et al. (1998) [37] H/H0 = a1/H0 + a2Tmax/H0 + a3P/H0 +

a4P2/H0 + a5ΔT0.5  

87a Badescu (1999) [69] H/H0 = a1 + a2C  
88 Ertekin and Yaldiz 

(1999) 
[38] H/H0 = a1/H0 + a2RH/H0  

89 Elagib and 
Mansell (2000) 

[24] H/H0 = a1 + a2φ+ a3z+ a4σ  

90a Togrul et al. 
(2000) 

[25] H/H0 = a1 + a2 sin δ+ a3σ  

91 Annandale et al. 
(2002) 

[70] H/H0 = a1(1 + 2.7 ⋅10− 5z)ΔT0.5  

92 Akpabio et al. 
(2004) 

[71] H/H0 = a1/H0 + a2(Tmin /Tmax)/H0 + a3RH/

H0 + a4δ/H0  

93 Akpabio et al. 
(2004) 

[71] H/H0 = a1 + a2/H0 + a3RH/H0 + a4P/H0  

94 Chen et al. (2004) [44] H/H0 = a1 + a2 ln ΔT+ a4σa3  

95a Richardson and 
Reddy (2004) 

[72] H/H0 = a1 + a2Tmin/Tmax + a3RH  

96 Richardson and 
Reddy (2004) 

[72] H/H0 = a1/H0 + a2Tmin/H0 + a3Tmax/H0 +

a4P/H0 + a5W/H0  

97 Chandel et al. 
(2005) 

[73] H/H0 = a1((sinφ)0.5 /φ)(p/p0)
0.5ΔT0.5  

98 Jin et al. (2005) [74] H/H0 = a1 + a2φ+ a3z+ (a4 + a5φ + a6z)σ  
99 Jin et al. (2005) [74] H/H0 = a1 + a2φ+ a3z+ (a4 + a5φ + a6z)

σ+ (a7 + a8φ + a9z)σ2  

100 Jin et al. (2005) [74] H/H0 = a1 + a2φ+ a3z+ (a4 + a5φ + a6z)
σ+ (a7 + a8φ + a9z)σ2 + (a10 + a11φ +

a12z)σ3  

101 Chen et al. (2006) [75] H/H0 = a1 + a2Tm + a3P+ a4φ+ a5λ+ a6z+
a7σ  

102 Chen et al. (2006) [75] H/H0 = a1 + a2Tm + a3P+ a4σ  
103 Chen et al. (2006) [75] H/H0 = a1 + a2φ+ a3λ+ a4z+ (a5 + a6φ +

a7λ + a8z)σ  
104 Chen et al. (2006) [75] H/H0 = a1 + a2Tm + a3T2

m + a4T3
m + a5P+

a6P2  

105 Chen et al. (2006) [75] H/H0 = a1 + a2Tm + a3T2
m + a4T3

m + a5P+

a6P2 + a7φ+ a8λ+ a9z  

(continued on next page) 
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ΔT / Tm = 2(1 − Tmin /Tmax) / (1+ Tmin / Tmax) (11) 

Table 2 shows a representative list of 50 models that can be 
considered as particular cases of equations (6) and (7) or (9). It should be 
noted that ΔTm is the monthly average of daily ΔT values. As for the 
sunshine-based models, formally identical models are attributed to the 
oldest reference. 

Models No.33, 34, 35 and 37 are the only ones in the table that are 
expressed by homogeneous equations. Another 45 equations are not 
homogeneous, whereas the homogeneity of the remaining model No.20 
is conditional on the argument of the exponential term being dimen-
sionless, i.e. a3 = 1. 

For the B–C model to be homogeneous, the argument of the expo-
nential function should be dimensionless. The usual expression of the 
model, shown in Table 2, might suggest that a2 is a numerical constant, 
however the authors have defined this factor by the following function: 

a2 = 0.036 e− 0.154ΔTm (12) 

Table 3 (continued ) 

No. Authors Ref. Equation 

106 Chen et al. (2006) [75] H/H0 = a1 + a2Tm + a3T2
m + a4T3

m + a5P+

a6P2 + (a7 + a8Tm + a9T2
m + a10T3

m + a11P +

a12P2)σ  
107 Chen et al. (2006) [75] H/H0 = a1 + a2φ+ a3λ+ a4z+ a5σ+ a6σ2 +

a7σ3  

108 Kamal (2006) [76] H/H0 = a1/H0 + a2 sin δ/H0 + a3RH/H0 +

a4Tdp,max/H0 + a5Tmax/H0 + a6p/H0 + a7σ/
H0  

109a Mubiru et al. 
(2007) 

[77] H/H0 = a1 + a2RH  

110 Wu et al. (2007) [78] H/H0 = a1 + a2Tm + a3RT + a4ΔT0.5  

111 Wu et al. (2007) [78] H/H0 = a1 + a2Tm + a3RT + a4Tdp + a5ΔT0.5  

112 Falayi et al. 
(2008) 

[79] H/H0 = a1 + a2Tm + a3σ  

113 Falayi et al. 
(2008) 

[79] H/H0 = a1 + a2Tmin + a3σ  

114 Falayi et al. 
(2008) 

[79] H/H0 = a1 + a2Tm + a3Tmin/Tmax + a4σ  

115 Falayi et al. 
(2008) 

[79] H/H0 = a1 + a2Tm + a3Tmin/Tmax + a4RH+

a5σ  
116a Falayi et al. 

(2008) 
[79] H/H0 = a1 + a2Tmin/Tmax + a3σ  

117 El-Sebaii et al. 
(2009) 

[80] H/H0 = a1 + a2Tm + a3RH  

118a Prieto et al. (2009) [12] H/H0 = a1(z/L)a2 (ΔT/Tmin)
0.5  

119a Almorox (2011) [81] 

H/H0 = (a1 + a2RT + a3RHmin)

⎛

⎜
⎝1 −

e
− a4

(
psv,min

psv,max

)a5⎞

⎟
⎠

120 Almorox et al. 
(2011) 

[82] 

H/H0 = a1

⎛

⎜
⎝1 − e

− a2

(
psv,min

psv,max

)a3⎞

⎟
⎠ΔTa4  

121 Olayinka (2011) [83] H/H0 = a1 + a2Tmax + a3σ  
122a Adaramola (2012) [48] H/H0 = a1 + a2(Tmin /Tmax)⋅RH  
123 Adaramola (2012) [48] H/H0 = a1 + a2P  
124 Korachagaon and 

Bapat (2012) 
[84] H/H0 = a1 + a2Tmax + a3ΔT+ a4RH  

125 Korachagaon and 
Bapat (2012) 

[84] H/H0 = a1 + a2Tmax + a3Tmin + a4ΔT+ a5RH  

126 Korachagaon and 
Bapat (2012) 

[84] H/H0 = a1 + a2 ln ΔT+ a3 ln ΔT2 +

a4 ln ΔT3 + a5RH+ a6RH2 + a7RH3 +

a8(ln ΔT ⋅RH)+ a9(ln ΔT ⋅RH2)+

a10(ln ΔT2 ⋅RH)

127 Korachagaon and 
Bapat (2012) 

[84] H/H0 = a1 + a2Tmax + a3Tmin + a4ΔT+

a5Tmin/Tmax + a6RH+ a7φ+ a8λ+ a9z+
a10W+ a11xw  

128 Korachagaon and 
Bapat (2012) 

[84] H/H0 = a1 + a2Tmax + a3T2
max + a4T3

max +

a5T4
max + a6T5

max + a7RH+ a8RH2 + a9RH3 +

a10RH4 + a11RH5  

129a Korachagaon and 
Bapat (2012) 

[84] H/H0 = a1 + a2RH+ a3RH2 + a4RH3 +

a5RH4 + a6RH5 + a7RH6 + a8RH7 + a9RH8 +

a10RH9 + a11RH10  

130 Antoñanzas et al. 
(2013) 

[9] H/H0 = a1(1 + a2Mj− 1 + a3Mj + a4Mj+1 +

a5ΔTj+1 + a6ΔTj− 1 + a7Wj + a8RHj +

a9)(1 − e− a10δTa11 )

131 Chen and Li 
(2013) 

[50] H/H0 = a1 + a2ΔT0.5 + a3σ  

132 Chen and Li 
(2013) 

[50] H/H0 = a1 + a2Tmin + a3Tmax + a4σ  

133 Chen and Li 
(2013) 

[50] H/H0 = a1 + a2P+ a3ΔT0.5  

134 Chen and Li 
(2013) 

[50] H/H0 = a1 + a2P+ a3σ  

135 Chen and Li 
(2013) 

[50] H/H0 = a1 + a2pv + a3σ   

Table 3 (continued ) 

No. Authors Ref. Equation 

136 Chen and Li 
(2013) 

[50] H/H0 = a1 + a2pv + a3ΔT0.5  

137 Chen and Li 
(2013) 

[50] H/H0 = a1 + a2Tmin + a3Tmax + a4TminTmax +

a5RH+ a6pv  

138 Li et al. (2013) [85] H/H0 = a1 + a2/H0 + a3S/H0  

139 Li et al. (2013) [85] H/H0 = a1/H0 + a2Tmin + a3Tmax + a4RH  
140 Li et al. (2013) [85] H/H0 = a1/H0 + a2Tmin + a3Tmax + a4RH/

H0  

141 Saffaripour et al. 
(2013) 

[86] H/H0 = a1 + a2/H0 + a3Tmax/H0 + a4σ/H0  

142 Saffaripour et al. 
(2013) 

[86] H/H0 = a1 + a2/H0 + a3RH/H0 + a4σ/H0  

143 Oulali and Alkama 
(2014) 

[87] H/H0 = a1 + a2Tm + a3RH+ a4P+ a5W+

a6σ  
144 Oulali and Alkama 

(2014) 
[87] H/H0 = a1 + a2Tm + a3RH+ a4P+ a5W+

a6(1 + a7Tm ⋅RH ⋅P ⋅W)σ  
145 Lee (2015) [88] H/H0 = a1 + a2σa3 + a4ΔTa5  

146 Li et al. (2015) [89] H/H0 = a1(1 + a2RH)ΔT  
147 Li et al. (2015) [89] H/H0 = a1(1 + a2RH)(1 − ea3 ΔTa4 )

148 Li et al. (2015) [89] H/H0 = a1 + a2Tmax + a3Tmin + a4P  
149 Kirmani et al. 

(2015) 
[90] H/H0 = a1 + a2P+ a3RH+ a4Tm + a5σ  

150a Kolebaje et al. 
(2016) 

[91] H/H0 = a1 + a2RH0.5  

151 Paulescu et al. 
(2016) 

[18] H/H0 = a1 + a2z+ a3m+ a4σ  

152 Jahani et al. 
(2017) 

[1] H/H0 = a1 + a2RT + a3ΔTdw + a4σ  

153 Jahani et al. 
(2017) 

[1] H/H0 = a1 + a2ΔT0.5 + a3ΔTdw + a4σ  

154a Bakirci (2017) [92] H/H0 = a1 + a2RH+ a3σ+ a4σ2  

155a Ekici and Teke 
(2018) 

[93] H/H0 = a1 [a2(1 − e(τ/RH)
a3
) + a4(τ/RH)

a5 +

a6 cos(a7τ /RH) + a8 cos(a7Tmin /ΔT) +
a9 sin(a7Tmin /ΔT)]

156 Fan et al. (2018) [56] H/H0 = (a1 + a2ΔT + a3ΔT0.25 +

a4ΔT0.5)(1 + a5 ln(1 + P))+ a6Tm/H0  

157 Fan et al. (2018) [56] H/H0 = (a1 + a2ΔT + a3ΔT0.25 +

a4ΔT0.5)(1 +
∑3

n=1
an+4 ln Pj+n− 2)+ a8Tm/H0  

158 Fan et al. (2018) [56] H/H0 = (a1 + a2ΔT + a3ΔT0.25 +

a4ΔT0.5)(1 + a5 ln(1 + P))+ a6Tm/H0 +

a7RH/H0  

159 Fan et al. (2018) [56] H/H0 = (a1 + a2ΔT + a3ΔT0.25 +

a4ΔT0.5)(1 +
∑3

n=1
an+4 ln Pj+n− 2)+ a8Tm/H0 +

a9RH/H0  

160a Yildirim et al. 
(2018) 

[94] H/H0 = a1 + a2RH+ a3σ+ a4σ2 + a5σ3   

a Homogeneous model. 
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The homogeneity of the model requires the following two dimen-
sional relationships to be fulfilled: 

[0.036] = θ− a3  

[0.154] = θ− 1 

Therefore, influencing variables are implicit in the numerical co-
efficients of the model, which should be related to some temperature, or 
perhaps to powers of several variables whose product has the dimension 
of temperature. The following equation, which is equivalent to the 
original version of the model, can be recommended as a starting point 
for further analysis: 

H
/

H0 = a1

(
1 − e−

(
a′2⋅e

− a′′2 ΔTm/Ty
)
(ΔT/Tx)

a3
)

(13)  

where a′

2 and a′′
2 are non-dimensional parameters and Tx and Ty are 

temperatures that have yet to be identified and must satisfy the 
following equations: 

a′

2T − a3
x = 0.036 (14)  

a′′
2T − 1

y = 0.154 (15) 

Analogous reasoning can be done to analyse other cases. For 
example, in model No.21 the authors included the following function: 

f(Tm ⋅ ΔTa3 )= 0.017ee− 0.053Tm ΔTa3
(16)  

then the following homogeneity conditions must be satisfied by the 
numerical parameters: 

[0.053 ⋅ Tm ⋅ ΔTa3 ] = 1 → [0.053] = θ− a3 − 1  

[a2 ⋅ 0.017 ⋅ ΔTa3 ] = 1 → [a2 ⋅ 0.017] = θ− a3 

Analyses are simpler for models that are polynomial functions of 
some temperature, because homogeneity requires that the dimension of 
each coefficient of degree k is equal to θ− k. 

In general, homogeneity conditions allow suggesting possible im-
provements to existing models. For example, if the substitution a2 = −

a1 ln Tx is made in model No.29, it can be expressed by the homogeneous 
equation H/H0 = a1 ln(ΔT /Tx), where Tx is an influencing temperature 
to be identified. In more complex cases, the procedure allows for the 
detection of equations that, despite providing acceptable numerical re-
sults, have questionable physical meaning. For example, in model 
No.61, the units of a1 should be m2/(J ⋅Ka2 ), which shows that several 
variables are implicit in this coefficient. 

2.4. Homogeneity analysis of hybrid GSR models 

Table 3 shows a representative list of 94 GSR models that have been 
proposed to improve the accuracy of sunshine-based or temperature- 
based models when applied to different locations. The equations ac-
count for the influence of additional geographical variables, such as φ, λ, 
z and L, or meteorological variables, such as RH, Tdp, p, pv, C, W, P or the 
logical function RT, which is defined using the following criteria: 

RT =

{
0
1

if P = 0
if P > 0 

Models No.68, 69, 71, 74, 76–79, 89, 90, 101, 102, 112–116, 121, 
131, 132, 134, 135, 143, 149 and 151–153 can be considered variations 
of the A-P model in which the coefficient a1 is expressed as a linear 
function of one or more variables. For example, model No.149 uses four 
inputs, i.e. σ, P, RH and Tm, whereas in model No.151, the inputs are σ, z 
and m, the latter to account for seasonality. In model No.152, the inputs 
are σ, RT and ΔTdw, whereas model No.153 is a combination of A-P and 
H–S equations, complemented by the influence of ΔTdw. Complexity 

increases in these models but allows for more accurate estimates as a 
function of the new variables. Simple dimensional analyses allow fore-
casting model improvements. For example, an equivalent homogeneous 
equation is obtained in model No.151 if a certain length Lx is included as 
influencing variable, so that a3z could be replaced by a′

3z/Lx. 
In models No.72, 82, 98, 103, 106 and 144, both coefficients a1 and 

a2 of A-P correlation are expressed as linear functions of one or more 
variables. Models No.99, 100, 107, 154 and 160 result from applying a 
similar treatment to some of the coefficients a1, a2 and a3 of models No.2 
and No.3, derived from the original A-P model. In contrast, in models 
No.70, 81 and 94 the clearness index is assumed to be a power function 
of σ. 

Models No.80, 86, 91, 97, 110, 111, 118, 133, 136, 145 and even 
model No.146 can be considered modifications of either the original H–S 
model or model No.19, in which the coefficients a1 or a2 were replaced 
by a function of one or more variables. Only in models No.75, 120 and 
145 the exponent of ΔT is deduced from the fit to the experimental data. 
On the other hand, models No.119, 120, 130 and 147 can be seen as 
variants of the B–C model. 

Only 19 models are expressed by means of homogeneous equations. 
As was the case for the sunshine-based models in Table 1, the homo-
geneity of models No.67-70, 87, 90, 109, 129, 150, 154 and 160 is a 
consequence of assuming that the clearness index is only influenced by 
non-dimensional geographical and/or meteorological variables. Models 
No.71, 95, 116, 119 and 122 are also homogeneous, although they 
include ordinary variables. However, neither the authors of these 
models nor those of the previous ones noted the advantage of reducing 
implicit variables through the use of dimensionless coefficients. 

In contrast, model No.118 was proposed after observing by means of 
a simple dimensional analysis that the coefficient a1 of model No.17 
should not only be a function of L, in accordance with the values rec-
ommended by the authors, but also of another length, such as z, and of a 
reference temperature Tref [12]. Consequently, the following functional 
relationship was assumed: 

H = f
(
H0, z, L, Tref ,ΔT

)
(17)  

from which Buckingham’s theorem led to the following solution: 

H
/

H0 = f
(
z
/

L,ΔT
/

Tref
)

(18) 

Therefore, model No.118 is a particular case of this functional rela-
tionship, in which Tref was identified with Tmin based on experimental 
results. 

Model No.155 was also obtained by applying Buckingham’s theo-
rem, in this case from the following functional relationship: 

H = f (H0, τ,ΔT, Tmin,RH) (19) 

The authors claimed that the theorem leads to the following solution: 

H /H0 = f (τ /RH,ΔT / Tmin) (20)  

but the actually correct result consists of four dimensionless groups, i.e.: 

H /H0 = f (τ,RH,ΔT /Tmin) (21) 

Therefore, the model is a particular solution of this more general 
result. 

In the remaining 75 non-homogeneous models, there are variables 
implicit in the regression coefficients. Thus, in model No.72 a length Lx, 
to be identified, would be necessary to be added, so that the terms a3z 
and a7z could be substituted by the dimensionless monomials a′

3z/Lx and 
a′

7z/Lx. Similarly, in model No.73 the introduction of a variable Lx with 
length dimension would allow to replace the term a2P0.33 by 
a′

2(P/Lx)
0.33, resulting in a homogeneous equation. On the other hand, 

for models No.76-79 an influencing temperature Tx needs to be added to 
obtain homogeneous equations by substituting a2 = a′

2/Tx. 
Possible corrections are more complex for models No.75, 80, 86 and 
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91. These are equations derived from the H–S model No.17, where a1 
takes different values as a function of L. In model No.75, this coefficient 
is substituted by a second-degree polynomial whose variable is precip-
itation, then the coefficients of the polynomial must depend on some 
temperature Tx and some length Lx, yet to be identified. In model No.80, 
the ratio between atmospheric pressures at the altitude of the place and 
at sea level was introduced to account for the influence of elevation. The 
author acknowledges that different values of a1 must be used for interior 
regions and for coastal areas, which evidences the influence of L, but he 
fails to note that this coefficient must also depend on some temperature. 

Model No.86 can be considered a modification of model No.22 
proposed by the same authors, with additional summands that account 
for the influence of Tmax and P, and indirectly for the influence of φ, as 
this parameter is implicit in H0. None of the five regression coefficients is 
dimensionless, so they depend on variables already considered or on 
other pending analysis. 

Model No.91 proposes an explicit approach to estimate the influence 
of z. However, the respective dimensional formulae of a1 and 2.7⋅ 10− 5 

are θ− 0.5 and L− 1, thus these coefficients must depend on some tem-
perature and L. 

In models No.92 and 93, the physical meaning of the regression 
coefficients is questionable, as they all have dimension of irradiation, 
except the last coefficient of the second model, which has dimension of 
irradiation divided by length. 

Model No.94 can be considered as a combination of models No.19 
and 29, the latter proposed by the same authors. To make the equation 
homogeneous, the argument of the logarithmic function must be 
replaced by the ratio between ΔT and some temperature. 

Models No.97, 110 and 111 are modifications of model No.17. In the 
first one, the influence of z and φ is included with dimensionally correct 
criteria, but the coefficient a1 still depends on L. The other two models 
take into account the influence of Tm and Tdp, so that the coefficients 
multiplying these variables have dimensions equal to θ− 1, i.e. they are 
not numerical constants. 

Model No.119 is a variant of the B–C model in which homogeneity is 
achieved by using dimensionless influencing variables, namely RT, the 
minimum value of RH and the ratio between the minimum and 
maximum values of psv. 

Model No.120 uses three more numerical coefficients than model 
No.97, in a non-homogeneous equation whose form is reminiscent of the 
product between the H–S and B–C models. 

Models No.109, 122 and 123 consist of simple equations based on 
often-available variables, but only the first two are homogeneous. 

Model No.130 is formally analogous to the B–C model multiplied by 
a correction factor. This factor depends on the mean values of RH and W 
on the j-th day of calculation, the values of ΔT on the days before and 
after, and the value of M on these three days. Both factors are not ho-
mogeneous functions, so the coefficients of ordinary variables must 
depend on some other not dimensionless variable. 

Similar analyses can be done for the remaining hybrid models con-
sisting of non-homogeneous multivariate equations. 

2.5. Homogeneity analysis of models based on non-meteorological 
variables 

Recently, models have been proposed that allow GSR estimation 
without access to climate records. These so-called independent models 
provide rough but very fast and simple estimates, because they use d as a 
variable, or some other variable directly related to H, such as δ or H0, as 
seen in Table 4. Despite their simplicity, R2 values no less than 82% have 
been obtained using this type of models [95]. 

No model in the table is homogeneous except for model No.163. The 
coefficients a2 of model No.163, and a3 and a4 of model No.164, are 
dimensionless but the remaining regression coefficients have dimension 
of irradiation, so they should be treated as physical variables. 

3. Discussion 

As described below, a large number of GSR models have been 
developed with the aim of providing accurate estimates over as wide an 
area as possible. The selected number and type of influencing variables, 
as well as the functional relationship between them, result in regression 
coefficients that vary from place to place to a greater or lesser degree. 

At least in the category of sunshine-based models, the most widely 
used models consist of equations formally identical to the classical A-P 
model, differing only in the values of the regression coefficients. Recent 
compilations have identified more than a hundred equations based on 
sunshine duration, some of which are intended to be generally valid 
worldwide [5]. In the group of temperature-based models, variants of 
the pioneering H–S and B–C models have also been widely used. 

Leaving aside homogeneity issues already mentioned, physical rea-
sons justify that the numerical parameters of GSR models vary between 
locations in different climate zones. The variations should be smaller for 
each model in locations in the same climate zone, unless variables of 
significant influence have not been taken into account. However, func-
tional forms of some models may be more or less suitable depending on 
the local climatic variety, which is not always explicitly noted. For 
example, sunshine-based models that have removed the independent 
term a1 from the A-P model, such as models No.7, 15, 70 and 81, may 
result in estimates of very different accuracy in locations with different 
climates, because this coefficient represents the atmospheric trans-
mittance on cloudy days, i.e. for σ = 0. The functional form of model 
No.7 can also lead to doubtful estimates for such atmospheric condi-
tions. Likewise, since ΔT values are large on clear days, the coefficient a1 
of the B–C model tends to be the atmospheric transmittance on clear 
days, hence it tends to be similar to the sum of the coefficients a1 and a2 
of the A-P model [41]. On the other hand, comparisons between models 
should be made using the same statistical criteria and considering that 
models with a larger number of coefficients are favoured by the conse-
quent increase in the coefficient of determination [6]. Therefore, various 
factors cause that the performance of the models can be controversial 
[97]. As will be seen in the following paragraphs, the existing literature 
over the last two decades provides details on the controversy. 

Meza and Varas evaluated the performance of three models to esti-
mate GSR at 20 locations in Chile, with latitudes ranging from 18.29◦S to 
53.10◦S and altitudes ranging from 7 m to 520 m [41]. Both the Allen 
and B–C models fitted the data better than the A-P model, with 
R2 ≈ 0.96, R2 ≈ 0.93 and R2 ≈ 0.89, respectively. Site-calibrated a1 
values of the Allen model were in the range from 0.0114 to 0.4717, far 
from the limits (0.17–0.20) recommended by this author. For the B–C 
model, the values a1 = 0.75 and a3 = 2 were assumed fixed, leading to 
site-calibrated values of a2 falling in the range from 0.00150 to 0.01944. 
With respect to the A-P model parameters recommended for the Chilean 
stations, the values of a1 were in the range from 0.22 to 0.29, and those 
of a2 in the range from 0.44 to 0.57. 

Chen et al. validated and revised the A-P and Bahel models at 86 
stations in China, with latitudes ranging from 15.85◦N to 50.25◦N and 

Table 4 
GSR models based on non-meteorological variables.  

No. Authors Ref. Equation 

161 Ertekin and Yaldiz (1999) [38] H = a1 + a2δ  

162 Togrul and Onut (1999) [23] H = a1 + a2 sin δ  

163a Togrul and Onut (1999) [23] H = a1 + a2H0  

164 Al-Salaymeh (2006) [96] 
H = a1 + a2 sin

(
2π
a3

d + a4

)

165 Al-Salaymeh (2006) [96] H = a1 + a2d+ a3d2 + a4d3 + a5d4   

a Homogeneous model. 
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altitudes ranging from 1.1 m to 4507 m [75]. For the A-P model, the 
authors found that site-calibrated a1 values varied as a function of the 
geographical coordinates and altitude in the range from 0.12 to 0.30. 
This observation is in agreement with models No.68, 69, 71, 74, 76–79, 
89, 90, 101, 102, 112–116, 121, 131, 132, 134, 135, 143, 149, 151–153 
and 156, in which the coefficient a1 of the A-P model has been replaced 
by a function of one or more variables. Furthermore, these authors 
claimed that the value of a2 hardly changed. However, site-calibrated a2 
values were in the range from 0.46 to 0.63, so it is debatable whether 
these variations are negligible. In fact, in models No.72, 82, 98, 103, 106 
and 144 both coefficients a1 and a2 of A-P correlation have been 
replaced by functions. In the case of Bahel’s model, the best correlations 
were obtained by replacing the four regression coefficients of the orig-
inal equation with functions of geographic coordinates and altitude, but 
the improvements were small compared to models where the substitu-
tion was only applied to a1. 

Abraha and Savage evaluated six existing models, including the 
modified H–S models No.19 and No.86 and the modified B–C model 
No.20, to estimate daily GSR from daily maximum and minimum air 
temperatures and/or precipitation at seven locations around the world 
[10]. Using site-calibrated coefficients, the models showed similar ac-
curacies at each of the locations studied. However, the statistical in-
dicators varied significantly from one location to another. For example, 
in Wageningen, The Netherlands, the RRSME values of the six models 
ranged from 33.27% to 36.33%, while in Davis, California, the values of 
five models ranged from 14.34% to 15.87%, and that of the remaining 
model was equal to 20.28%. 

Almorox compared fifteen GSR models based on temperature and 
other meteorological variables, excluding sunshine duration, using daily 
data from one station located near Madrid, in a semi-arid region with a 
temperate continental Mediterranean climate [81]. The best perfor-
mance was obtained for the model No.119. High correlation levels were 
also obtained for 11 other models, including models No.17, 18, 24, 86, 
91 and 110. Although model No.119 is homogeneous, the author 

recommends not to extend it to other locations without coefficient 
calibration, unless they are climatically similar. Almorox et al. analysed 
eight models at seven locations also near Madrid [82]. Model No.120, 
which is a non-homogeneous variant of model No.119, outperforms the 
results achieved with the other seven models, including models No.17, 
18, 24 and No.91. The mean values of statistical indicators were similar 
across models when using site-specific coefficients. However, the co-
efficients of each model varied significantly between locations, despite 
their relative proximity and climatic similarity, except for H–S model 
No.17 and model No.91, for which the variations of a1 with respect to 
the mean were less than 5%. 

Bakirci employed the sunshine-based models No.1, 2, 4, 5, 6, 12 and 
14 to estimate the monthly average daily GSR for 18 provinces in 
different regions of Turkey [29]. The models generally led to acceptable 
values of statistical indicators when using site-specific coefficients for 
each station, with R2 values better than 0.95. However, even in the case 
of the A-P model, such coefficients varied significantly from one site to 
another, so that R2 values decreased to about 0.65 when the coefficients 
obtained for the whole of Turkey were used. 

Liu et al. explored the main factors affecting parameters in 16 
temperature-based models, including models No.17-22, 24, 26, 28, 30, 
75, 86 and 91, using long-term data from 15 sites in Northeast, North 
China Plain and Northwest China, with latitudes ranging from 34.30◦N 
to 45.75◦N and altitudes ranging from 3 m to 2295 m [98]. The authors 
highlighted that the parameter a1 of the original H–S model has to be 
calibrated, whereas parameters of the B–C model correlated signifi-
cantly with many commonly used geographical and meteorological 
factors, meaning that they can be obtained without the need for cali-
bration. This finding seems consistent with variants of the B–C model, 
such as models No.119 or No.147, although the exponent a3 of the latter 
has dimension of θ− a4 and therefore depends at least on some temper-
ature. The results also showed that the original B–C model performed 
similar to model No.86, which is a variant of the H–S model, with 4–7% 
higher accuracy than the original H–S model. Regarding the need for 

Table 5 
Site-specific LGF values at meteorological stations in Asturias [12].  

No. Location φ  λ  z  L  z/L  LGF  RRMSE RMSE R2
O  Period 

(◦N) (◦W) (m) (km) (%) (%) 

1 Oviedoa 43.354 5.873 336 25.5 13.18 2.4924 3.63 1.51 0.9987 1975–2006 
2 Oviedob 43.371 5.836 200 23.2 8.62 2.2303 2.59 0.96 0.9993 1995–2005 
3 Gijónc 43.545 5.693 12 0.2 60.00 3.1307 5.28 2.49 0.9969 1998–2005 
4 Gijónb 43.531 5.672 24 1.2 20.00 2.3960 8.33 3.03 0.9932 1993–2005 
5 Avilésb 43.584 5.918 5 1.0 5.00 2.1672 5.33 1.64 0.9972 1994–2005 
6 Langreob 43.309 5.706 220 28.0 7.86 2.2617 7.10 2.81 0.9949 1995–2005 
7 Mieresb 43.258 5.773 206 33.0 6.24 2.1540 4.67 1.93 0.9977 2003–2005 
8 Niembrod 43.439 4.850 134 0.1 1340.00 4.1738 6.54 3.33 0.9955 1999–2005  

a Spanish State Meteorological Agency. 
b Service of Environmental Information of the Principality of Asturias (SIAPA). 
c City Council of Gijón. 
d Spanish Ministry of Environmental Issues. 

Table 6 
Site-specific LGF values at stations used to update the model.  

No. Location KGCC φ  λ  z  L  z/L  LGF  RRMSE RMSE R2
O  Period 

(◦N) (◦W) (m) (km) (%) (%) 

1 Oviedo Cfb 43.354 5.873 350 25.7 13.61 2.6229 3.39 1.54 0.9988 2003–2016 
2 Oviedo Cfb 43.371 5.836 189 22.8 8.30 2.5606 7.43 2.81 0.9956 2003–2016 
4 Gijón Cfb 43.531 5.672 32 1.4 22.34 2.5171 7.06 2.60 0.9950 2003–2016 
5 Avilés Cfb 43.584 5.918 12 1.6 7.56 2.3973 5.17 1.74 0.9975 2003–2016 
6 Langreo Cfb 43.309 5.706 247 26.3 9.38 2.1321 4.33 1.73 0.9982 2003–2016 
7 Mieres Cfb 43.258 5.773 206 32.8 6.29 2.1111 3.98 1.60 0.9983 2003–2016 
8 Niembro Cfb 43.439 4.850 136 0.4 376.65 3.6150 9.67 4.04 0.9914 2003–2016 
9 Santander-CMTa Cfb 43.491 3.801 60 0.2 333.33 3.3504 10.60 4.51 0.9909 2003–2016  

a Spanish State Meteorological Agency. 
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calibration in the H–S model, the site-calibrated values of a1 ranged 
from 0.141 to 0.166 despite numerous stations in different climatic 
zones. In the case of model No.91, the inclusion of z as an influencing 
variable did not reduce the dispersion of a1 values, as they were in the 
range of 0.133–0.162. In model No.26, the values of a1 were in the range 
from 0.009 to 0.014, thus less dispersed than in Chile. 

Li et al. evaluated the sunshine-based models No.1, 2, 3, 4, 5, 6, 9 and 
14 to estimate GSR at four meteorological stations in Tibet [16]. Using 

site-calibrated coefficients, high correlation coefficients were obtained 
for monthly average daily GSR at all stations and for all models, in the 
range from 0.94 to 0.99. The coefficients of model No.1 ranged from 
0.1666 to 0.3009 for a1 values, while a2 values were between 0.5333 
and 0.7836. As the solar radiation data are not available for most areas 
in Tibet, two equations based on the A-P model were developed for 
estimating the daily and monthly average daily GSR using general 
regression coefficients calculated from the data at the four stations, for 

Fig. 1. Monthly variations of LGF at stations used to update the model.  
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which the respective correlation coefficients of 0.9776 and 0.9910 were 
obtained. Compared with the station-dependent models, both equations 
are less accurate in general, but sufficiently reliable in practice. 

Phakamas et al. analysed the site-specific coefficients of the modified 
B–C model No.24 by means of data from eight stations in four regions in 
Thailand and proposed the derived values a1 = 0.63, a2 = 1.89 and a3 =

1.54 to estimate GSR using air temperature data for all locations in 
Thailand and similar environments in Southeast Asian [99]. 

Aladenola and Madramootoo evaluated nine GSR models, including 
models No.1, 17, 18, 27, 80 and 91, using data from eight meteorolog-
ical stations in Canada [100]. The best results for the set of stations were 
obtained by the A-P model, using site-calibrated coefficients between 
0.21 and 0.34 for a1 and between 0.36 and 0.61 for a2, leading to RRMSE 
values between 1.1% and 8.0%. The H–S model obtained the second best 
results, using calibrated coefficients between 0.15 and 0.17 for a1, 
leading to RRMSE values between 1.5% and 6.0%. 

Dos Santos et al. assessed the performance of models No.17-20, 22, 
24, 26, 30 and 91 to estimate the daily and monthly GSR at eight stations 
in Alagoas State (Northeastern Brazil); three located in the interior, two 

in the hinterlands and three in the humid/coastal zones [101]. The co-
efficients of all models vary from station to station, but the coefficient a1 
of the original H–S model No.17 did not show significant differences 
among daily (0.160–0.201) and monthly (0.158–0.199) site-specific 
values. This was not the case for the B–C model No.18, with signifi-
cant differences depending on L and z. On the daily basis, estimates from 
the H–S model were more accurate than those obtained using the B–C 
model for interior and hinterland areas, whereas the latter performed 
better mainly at sites along the humid/coastal zone. 

Li et al. observed that the performance of the H–S model and its 
modifications varied significantly in a region with diversities in climate 
and geography, and noted that these models implicitly include the in-
fluence of geographical and meteorological variables [54]. Once 
compared with models No.17, 19 and 27 using data from 65 meteoro-
logical stations, the model No.46 was proposed to estimate monthly 
average daily GSR in all climatic regions in China. There are no com-
ments on the lack of homogeneity of the four models, but the authors 
admitted that all four models have the limitation of being 
site-dependent. 

Table 7 
Site-specific LGF values at other stations or during different time periods.  

No. Location KGCC φ  λ  z  L  z/L  LGF  RRMSE RMSE R2
O  Period 

(◦N) (◦W) (m) (km) (%) (%) 

3 Gijónc Cfb 43.545 5.693 13 0.3 42.85 3.1315 5.28 2.49 0.9969 1993–2005 
10 A Coruñaa Csb 43.366 8.421 60 0.7 85.71 3.2651 9.89 4.43 0.9915 1985–2016 
11 A Coruña-Airporta Csb 43.304 8.378 100 4.1 24.59 2.7013 10.25 4.47 0.9913 2004–2016 
12 Santiagoa Cfb 42.888 8.411 372 40.9 9.10 2.3808 4.98 2.06 0.9977 1985–2016 
13 Lugoa Csb 43.115 7.456 446 50.8 8.78 2.3170 6.14 2.76 0.9965 1985–1989 
14 Oviedoa Cfb 43.354 5.873 350 25.7 13.61 2.5447 3.15 1.35 0.9990 1975–2016 
15 Santander-Centroa Cfb 43.491 3.819 72 1.1 63.52 2.9111 8.21 3.29 0.9943 1989–1997 
16 Bilbaoa Cfb 43.298 2.906 44 9.5 4.63 2.2854 6.00 2.38 0.9968 1985–2016 
17 Vitoriaa (I) Cfb 42.884 2.723 508 55.3 9.19 2.2869 2.57 1.23 0.9993 2000–2008 
18 Vitoriaa (II) Cfb 42.882 2.735 513 54.2 9.46 2.2340 7.23 2.63 0.9966 2011–2016 
19 San Sebastiána Cfb 43.306 2.041 263 1.1 239.09 3.0210 7.05 2.90 0.9956 1983–2016 
20 Pamplonaa Cfb 42.777 1.650 461 66.0 6.98 2.4351 4.86 2.41 0.9976 2006–2008 
21 Gironaa Csa 41.912 2.763 145 24.7 5.87 2.3571 4.58 2.29 0.9979 2003–2008 
22 Leóna Csb 42.588 5.641 916 104.7 8.72 2.7381 2.66 1.42 0.9993 1998–2016  

a Spanish State Meteorological Agency. 
c City Council of Gijón. 

Fig. 2. Köppen-Geiger climate classification of meteorological stations [111].  
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Hassan et al. introduced the 16 temperature-based models No.47-62, 
to estimate the monthly average daily GSR using data measured at New 
Borg El-Arab, Egypt [55]. The performance of the models was compared 
with that of models No.24, 36, 80 and 91, for ten locations around Egypt. 
Site-specific coefficients were established and validated for two coastal 
locations where the general coefficients gave inaccurate predictions. 
The obtained results showed that model No.60 provides the most ac-
curate GSR predictions at different locations, especially at coastal sites. 

Moreover, the general formula of this temperature-based model per-
formed at Cairo better than two accurate sunshine-based models from 
the literature. 

Paulescu et al. evaluated 33 sunshine-based equations using data of 
GSR and relative sunshine measured in three consecutive years at 59 
stations from Europe, with latitudes ranging from 38.72◦N to 60.40◦N 
and altitudes ranging from 6 m to 3580 m [18]. As general conclusion, 
the performance of a sunshine-based model increases with its 

Fig. 3. Monthly variations of LGF at other stations or during different time periods.  
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complexity and the accuracy of A-P equations is strongly dependent on 
altitude and season, whereas the dependence on latitude is not obvious. 
The results showed that model No.151 can explain roughly 90% of the 
variability of clearness index on the European territory. On the other 
hand, these authors claim that comparisons between regression and 
ANN models are subjective in nature, as ANN models operate with 
additional meteorological variables. 

Jahani et al. evaluated accuracy and suitability of 15 models for 
estimating daily GSR in Iran, using meteorological data of 23 stations, 
with latitudes ranging from 27.22◦N to 38.08◦N and altitudes ranging 
from 0 m to 2049 m [1]. The list of models included the sunshine-based 
models No.1 and 3, the temperature-based models No.17, 27, 29, 63 and 
64, and the hybrid models No.80, 91, 94, 110, 111, 149, 152 and 153. 
Models No.149 and 153 obtained the most accurate estimates at 10 and 
9 stations, respectively, whereas models No.3 and 152 obtained the best 
results at 2 stations. Overall, all the tested models performed well except 
model No.27, however this model ranked as the second most accurate 
model for daily GSR prediction in Elora, Canada [100]. 

Ekici and Teke developed and calibrated the model No.155 using 
data from five weather stations in the Netherlands, while for validation 
purposes it was compared with models No.17-19 and 80 at three stations 
in North Dakota [93]. Despite the favourable statistical indices obtained, 
model No.155 appears to have limitations in characterising a climate 

zone, as its nine regression coefficients varied significantly not only 
among the calibration stations, but also among the three North Dakota 
stations, whereas the coefficients of the other four models varied much 
less, especially in the cases of models No.17 and 80. 

Fan et al. reviewed 14 existing temperature-based models for daily 
GSR estimation, including models No.17-19, 22, 27, 29, 45, 63, 86, 110, 
120 and 130, and developed the six new temperature based models 
No.65, 66 and 156–159, for GSR estimation in humid regions [56]. 
These models were further evaluated using data from 20 meteorological 
stations, located in the humid subtropical and tropical regions of China. 
The results showed that models based on a single temperature improved 
after including P and RH as influencing variables. The worst results were 
obtained with H–S model No.17 and Benghanem and Mellit model 
No.45, however the latter obtained the best results in Madinah, Saudi 
Arabia, outperforming an ANN-based model and models No.17-19 and 
29 [53]. On the other hand, it is surprising that model No.45 has not 
been modified after the authors observed by means of a simple dimen-
sional analysis, which is unusual, that the coefficients would only have 
physical meaning if they were considered as physical variables. 

Chen et al. compiled a total of 294 models for GSR estimation, which 
were evaluated at three meteorological stations in the Three Gorges 
Reservoir Area in China (2019) [11]. The sunshine-based models were 
generally more accurate than the temperature-based models and the 

Fig. 3. (continued). 
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hybrid models. The authors point out that no single model performs best 
at all stations and that increasing complexity often results in small im-
provements in accuracy. 

Feng et al. compared four machine learning models and models 

No.17, 18, 63 and 66 for GSR prediction only using air temperature as 
inputs [102]. The results obtained, using data from four stations in 
temperate regions of mainland China, indicated that the hybrid Mind 
Evolutionary Algorithm-ANN model provided better estimates at all four 

Fig. 4. Comparison between measured GSR data and model estimates using site-specific LGF values.  

Fig. 5. Comparison between annual RRMSE, model parameters and total RRMSE averages at the eight stations listed in Table 7.  
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stations, with R2 values between 0.740 and 0.885, and RRMSE values 
between 18.8% and 23.8%. There was not much difference between the 
results of the empirical models, with slightly better estimates for model 
No.66, with R2 values between 0.719 and 0.829, and RRMSE values 
between 19.1% and 24.7%. 

Therefore, the following summary can be drawn from this section:  

(a) Almost all existing models provide very accurate estimates at 
some location, but no model consistently outperforms the others 
across the board.  

(b) The performance of a model may vary in different climate zones, 
depending on its functional form and the number and type of 
variables used.  

(c) Pioneering models are acceptably accurate for different climates 
if they use site-calibrated coefficients. 

(d) In general, modifications of pioneering models by adding influ-
encing variables provide improvements, but there is a trade-off 
between complexity and accuracy.  

(e) Estimates using general coefficients are less accurate than with 
site-calibrated coefficients, i.e. there is also a trade-off between 
generality and accuracy, but there are examples of acceptable 
results with general coefficients.  

(f) Few and relatively vague recommendations exist on how the 
parameters of a model may vary when changing location, and less 
than 10% of the models analysed include geographical or topo-
graphical variables, which may be of interest to obtain general 
equations with coefficients valid in a region.  

(g) If a model is not homogeneous, there are implicit variables in its 
regression coefficients, which may limit its validity for different 
climate zones.  

(h) Whatever mathematical procedure is used, any non- 
homogeneous model is susceptible to improvement, so this 
basic physical concept deserves to be incorporated as a method-
ological tool within the universal framework for model devel-
opment claimed by some authors [11]. 

3.1. Case study: Homogeneous temperature-based GSR model 

3.1.1. Model fundamentals 
As mentioned above, solar radiation is available at a small number of 

weather stations around the world. For example, GSR data are only 
measured at 122 weather stations out of a total of 756 stations in China, 
while the ratio between radiometric stations and those recording the 
temperature is no higher than 1:100 in the United States. The global 
ratio may be as low as 1:500 [40,103]. On the other hand, temperature is 
measured at all weather stations, but data on sunshine duration and 

Fig. 6. Comparison between experimental data and predictions from power 
and exponential LGF functions at radiometric stations in Asturias [105]. 

Table 8 
Regression results obtained for LGF functions [105].  

LGF function Model parameter estimation H/H0 estimation 

a1  a2  a3  RRMSE  RMBE  R2
O  RRMSE  RMBE  

Power 1.740 0.125 – 3.78% − 0.15% 0.9726 6.90% − 0.08% 
Exponential 4.203 2.180 0.0117 2.71% − 0.55% 0.9896 6.31% 0.47%  

Fig. 7. Comparison between site-specific LGF values and trend line according to equation (23).  
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cloud cover are less available [82]. 
Consequently, the temperature-based model No.55 [12] was devel-

oped in the framework of the Singular and Strategic Project on Biocli-
matic Architecture and Solar Cooling [104], as a starting point for the 
edition of the first Solar Map of Asturias (SMA) [105], an area of about 
10,600 km2 on the Cantabrian coast of Spain. This model has also been 
used as a basis for identifying climate zones in other regions with varied 
orography and proximity to the sea, such as the island of Madagascar 
[106,107] or coastal areas of the Baltic Sea [108]. 

The model was constructed with both explicit and implicit variables 
in the H–S model, as well as maintaining its basic functional form. In this 
way, the clearness index is expressed by a homogeneous equation of low 
mathematical complexity and clearly independent variables, which 
prevents the inter-correlation of variables included in the regression 
models, as may be the case for polynomial models [109]. 

It was postulated that the ratio between monthly mean values of the 
clearness index and the square root of the relative temperature oscilla-
tion depends on the ratio between the elevation and the distance to the 
sea, i.e.: 

f
(z

L

)
=

(
H
H0

)/(
ΔT
Tmin

)0.5

(22)  

where it should be noted that Tmin is absolute temperature and therefore 
must be measured in K. 

The function f(z /L), only depends on geographic variables, so its 
variations should be small over the months of the year and will hence-
forth be referred to as Local Geographic Factor (LGF). Table 5 shows the 
specific LGF values and statistics indicators that were obtained by lineal 
regression between monthly average values of H/H0 and (ΔT/Tmin)

0.5 

for the eight official meteorological stations in Asturias and time periods 
with GSR data available when the model was proposed. 

3.2. Model update with local calibration 

The reliability of the model proposed more than a decade ago for 
Asturias has been limited by the different time periods with GSR data 
available in meteorological stations, so the update of model parameters 
was carried out as a task of the project “Energy Efficiency through 
Rehabilitation, the Sun and Geothermal Energy in Asturias (Rehabil-
itaGeoSol)" [110]. 

The largest possible number of stations with the longest period of 
GSR data recorded was selected, which led to the exclusion of station 
No.3, located in Gijón, which has been out of operation since 2005. In 
compensation, station No.9 located in Santander, with similar climate 
and some 200 km further east, was included in the set of stations used as 
the basis for the updated model. During the model update, the z and L 
data were also verified at each station to detect possible errors or 
changes in the position of a pyranometer. 

Table 6 shows the specific LGF values calculated by linear regression 
between experimental monthly data of H/H0 and (ΔT/Tmin)

0.5 for the 
eight stations and same time period, as well as the climatic classification 
of the stations [111] and the corresponding statistics indicators. 

Fig. 1 allows a comparison of the station-specific LGF values with the 
amplitude of the experimental monthly oscillations, which determine 
each degree of correlation. As can be seen, the oscillations are moderate 
in general. The largest oscillations are observed at stations No.8 and 
No.9, located practically on the coastline, which explains their less 
favourable but still acceptable statistical indicators. 

The GSR estimates obtained for the eight stations using specific LGF 
values fit the 96 monthly experimental data with RRMSE = 6.93%, 
RMBE = 0.44% and R2 = 0.9758. From these results it can be deduced 
that the monthly values of H/H0 and (ΔT/Tmin)

0.5 show a high degree of 
correlation at each of the stations studied, which evidences the validity 
of the model at the local scale. 

3.3. Model validation at other stations 

Table 7 shows the specific LGF values calculated by the same pro-
cedure for 14 other stations or different time periods, which will be used 
to evaluate the possibility of extending the applicability of the model to 
locations distant from Asturias (Fig. 2). 

As was the case for the previous eight stations, the degree of corre-
lation between monthly data of H/H0 and (ΔT/Tmin)

0.5 is high and the 
amplitude of the monthly oscillations around each station-specific LGF 
value is moderate, as shown in Fig. 3. 

As time scale affects the spatial variation of the model parameters 
[112,113], the time period considered has an influence on the LGF 
values. For example, the LGF value calculated for station No.1 during the 
period 2003–2016 is 3.08% higher than the corresponding one for the 
same station during the period 1975–2016, named station No.14 in ta-
bles and figures. In contrast, the LGF value calculated for station No.17 

Fig. 8. Comparison between measured GSR data and estimates by equation (24).  
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during the period 2000–2008 is 2.31% lower than that obtained for the 
same station, named station No.18, during the period 2011–2016. 

The GSR estimates obtained for the 22 stations using specific LGF 
values fit the 264 monthly experimental data with RRMSE = 6.57%, 
RMBE = 0.54% and R2 = 0.9815, results that slightly improve on those 
obtained with the eight stations in Table 7. As shown in Fig. 4, few 
monthly GSR values are outside the ±10% difference range. 

3.4. Updated general model 

An exhaustive study of how complexity hinders the development of a 
general model is beyond the scope of this article, but an example helps to 

raise the issue. For this purpose, Fig. 5 shows the locally calibrated pa-
rameters at the eight stations in Table 7, for six temperature-based 
models, and the corresponding errors. The representation of results as 
a function of z/L shows that RRMSE values decrease moderately at most 
stations as the number of parameters increases, but there is a noticeable 
scatter of parameters. Even the single parameter of the H–S model differs 
in some cases from the authors’ recommendations. 

In the initial version of the model, the possibility of obtaining a 
general equation applicable to large areas of similar climatology was 
addressed by fitting the local LGF values to a power function, i.e. LGF =

a1(z/L)a2 , with the criterion of obtaining the minimum RRMSE for the 
set of data. This procedure led to good results at the eight Asturian 

Fig. 9. Comparison between monthly relative errors and annual RRMSE for equation (24) and benchmark databases.  
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stations, as well as at four other stations with very different climate in 
central regions of Spain. However, during the construction of the SMA it 
was observed that a power function generated values of inappropriate 
physical significance at the extremes of z/L, so the LGF function was 
redefined according to the following equation: 

LGF = a1 − a2e− a3z/L (23) 

Fig. 6 and Table 8 show that this exponential form fits the experi-
mental data similarly than the power form, taking the asymptotic values 
LGF = a1 and LGF = a1 − a2 for locations near or far away from the 
coastline, respectively, which is consistent with the H–S model 
approach. 

Consequently, for the general model update, the specific LGF values 
calculated for the eight stations in Table 7 were fitted by least squares 
regression to equation (23), thus providing the parameters of the 
following equation, with RRMSE = 6.91%, RMBE = − 1.29% and R2

0 =

0.9961: 

H
H0

=
(
3.332 − 1.225e− 0.022z/L)

(
ΔT
Tmin

)0.5

(24) 

The results of this adjustment are considered more reliable, as the 
data from all stations correspond to the same time period. Fig. 7 shows 
that the station-specific LGF values differ practically by less than ±10% 
from those obtained by fitting equation (23), except in the case of station 
No.22, which is separated from the coast by the Cantabrian mountain 
range and is further away from the boundary between climatic zones. It 
is noteworthy that this is not the case for the rest of the stations, which 
are closer to the coast, despite the fact that there is a distance of about 
1000 km between station No.10, on the shores of the Atlantic Ocean, and 
station No.21, close to the Mediterranean Sea coast. As further corrob-
oration, an LGF value measured using the ARFRISOL Project’s own 
equipment [104] is also depicted in this figure as station No.23. 

The 96 monthly GSR values measured at the eight stations used as 
the basis of the model fit the values predicted by equation (24) with 
RRMSE = 9.63%, RMBE = − 0.89% and R2 = 0.9276, while the 252 
experimental monthly values corresponding to the total number of sta-
tions, excluding stations No.22 and No.23, are fitted with RRMSE =
8.81%, RMBE = − 0.65% and R2 = 0.9551. Fig. 8 shows that practically 
80% of the 252 experimental values differ less than ±10% from the 
values predicted by equation (24). Although the numerical results are 
less conclusive when different time periods are analysed, the average 
accuracy increased after adding distant stations to those used to calcu-
late the model parameters, which seems remarkable for a general 
equation covering a large geographical area. 

Finally, monthly predictions from equation (24) and from bench-
mark databases [114–116] were checked against experimental mea-
surements, as was done in the initial version of the model [12]. As shown 
in Fig. 9, equation (24) leads in general to admissible errors and the 
databases are more accurate for station No.1 than for the rest of sites, 
probably because it is one of the reference stations used to validate 
satellite measurements. 

4. Conclusions 

There are few weather stations with solar radiation measurements, 
so GSR estimation is usually performed through empirical models, 
neural networks or other methods based on generally available meteo-
rological variables or satellite data. 

In this paper, 165 GSR models compiled from the literature were 
reviewed. The estimates of these models are accurate in different cli-
mates using locally calibrated coefficients. Accuracy is reduced using 
coefficients calculated for large geographical areas, but some general 
models achieved acceptable results. 

Accuracy depends on the functional form, type and number of vari-
ables in the model. The vast majority of models studied are incomplete 

functional relationships, i.e. they cannot be converted into homoge-
neous equations, which may lead to unexpected variations of local 
regression coefficients even in similar climates, as these coefficients 
necessarily depend on variables that are not explicit in the model. 
Therefore, any non-homogeneous model can be improved if the physical 
knowledge is complemented, for example, by Buckingham’s theorem. 

The accuracy of a model does not necessarily imply complexity. In 
this paper, a simple homogeneous temperature-based model, previously 
introduced, was updated using data measured over the same time period 
and assuming an exponential form for the so-called Local Geographical 
Factor. The model estimates were accurate using site-calibrated LGF 
values at 22 meteorological stations located in northern Spain, over a 
distance of about 1000 km. The LGF values calculated using the function 
obtained for Asturias led to acceptable GSR estimates at all stations, 
except at one station separated from the coast by the Cantabrian 
mountain range. 
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[9] Antoñanzas F, Sanz A, Martínez-de-Pisón FJ, Perpiñán O. Evaluation and 
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