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ABSTRACT 
 
The intrinsic performance of two categories of models that 
can be used to predict direct normal irradiance (DNI) for 
solar concentration applications is analyzed here. A first 
group consists of five broadband radiative models that can 
predict DNI under clear skies from atmospheric data. High-
quality datasets from four sites in widely different climates 
are used, including precise aerosol and water vapor meas-
urements by sunphotometers. Based on various tests, supe-
rior performance is achieved with the REST2, METSTAT 
and Ineichen models.  
A second group involves 18 separation methods frequently 
used to extract DNI from global irradiance. Various effects 
are discussed, such as cloudiness and ground albedo. Al-
though the literature abounds in such methods, none is 
found satisfactory overall, due to inconsistent results, in 
addition to high random errors and frequent bias, particu-
larly under conditions of high ground albedo due to snow. 
Nevertheless, four separation methods appear to perform 
correctly under clear skies. 
 
1.  INTRODUCTION 
 
There is currently much impetus in many countries for the 
development of concentrating solar technologies, including 
power production based on thermal cycles (CSP) or on di-
rect photovoltaic conversion to electricity (CPV). Proper 
design and output prediction of such power plants implies 
that the resource in direct normal irradiance (DNI) be accu-
rately measured or modeled.  
 
Measurements of DNI can be achieved with excellent accu-
racy (±5% or better) with thermopile pyrheliometers, pro-
vided regular calibration, maintenance and quality control 
procedures are duly applied [1]. High-quality DNI meas-
urements are always the preferred method for solar resource 
assessment, but are costly and therefore invariably too 

scarce for proper temporal or spatial coverage. In most 
cases, DNI needs to be obtained by modeling, which brings 
the whole issue of evaluating the accuracy of DNI model 
predictions, and validating them against reference measure-
ments. 
 
Various datasets now offer gridded DNI data at continental 
or world scale. A recent preliminary analysis intercompar-
ing five such datasets over Europe [2] showed that signifi-
cant disagreement in DNI predictions existed between these 
sources over various regions. This gives CSP/CPV design-
ers the difficult choice of either selecting an existing dataset 
(with the risk of serious hidden bias) or selecting a radiative 
model of the literature and performing their own calcula-
tions with the available input data (with the risk of selecting 
an inaccurate model). In any case, it is clear that there is 
urgent need to validate existing DNI data and improve the 
radiative models behind them. 
 
Different categories of models exist to predict solar irradi-
ance in general, and DNI in particular [3]. Two categories 
are considered here more specifically: (i) models that use 
meteorological data as inputs; and (ii) models that use 
global horizontal irradiance (GHI) as the main input.  
The performance of the first type of models is analyzed in 
Section 3, using the best sources of measured data available 
at a few first-class sites, and a closure methodology based 
on earlier work [3, 4]. This methodology attempts to evalu-
ate the intrinsic performance of the tested models by elimi-
nating as many parasitic errors (due to input data uncer-
tainty, time lag issues, etc.) as possible, and works best to 
analyze the instantaneous incident irradiance under cloud-
less conditions, or at least clear line-of-sight to the sun. This 
also corresponds to the maximum solar resource, since most 
clouds do not transmit any direct radiation. CSP/CPV plants 
are sited in areas with very low cloudiness, so that the tests 
conducted here can be considered of general validity for this 
kind of application. The performance of the second type of 



 

models is analyzed in Section 4, also using the best sources 
of measured irradiance data available, and expanding the 
results of a previous investigation [5]. 
 
 
2.  FACTORS AFFECTING DNI 
 
Whenever the sun’s disc is not obscured, DNI is primarily 
affected by aerosol optical depth (AOD), and secondly by 
precipitable water (PW), as shown by sensitivity analyses 
(e.g., [4]). A difficulty is that AOD changes rapidly over 
both time and space, and is difficult to predict. The same is 
true about PW, albeit with a lesser impact on DNI. Other 
atmospheric variables, such as ozone, nitrogen dioxide or 
site pressure have only a second-order impact on DNI [4], 
so that their accuracy is of much less concern. 
 
TABLE 1:  EXPERIMENTAL SITES 
 

Site Latit.  Longit.  Elev. (m) Test period 

Bondville, IL 40.05 -88.37 213 6/2006–5/2007  

Golden, CO 37.74 -105.18 1829 
6–7/2002, 3–5/2005* 

1/2006–12/2008† 
Mauna Loa, HI 19.54 -155.58 3397 1/2008–12/2008 

Solar Village, SA 24.91 46.40 764 6/2000–5/2001  
 

* Sections 3 and 4.1; † Section 4.2 only. 

 
The tests described in Section 3 present the ideal case where 
high-quality AOD and PW measurements are conducted 
continuously at the site under scrutiny. Such a setup is very 
demanding, and hence is the exception rather than the rule. 
In practice, AOD must be interpolated or estimated in one 
way or another by the model user. This usually introduces 
much larger errors than those reported in Section 3. It is 
anticipated that the quality of these input data will continue 
to improve in the future, however. The input data needed for 
the models tested in Section 4 are of a different, less de-
manding nature, which explains their popularity.  
 
  
3.  DNI MODELING FROM ATMOSPHERIC DATA 
 
3.1  Selected Radiative Models 
 
Based on the results of previous in-depth studies [3, 6], in 
which a large number of radiative models of the literature 
were considered, this section concentrates on a much 
smaller sample. Only five clear-sky models have been se-
lected, based on four criteria: (i) they had to calculate 
broadband, as opposed to spectral, fluxes; (ii) they had to be 
capable of modeling all three components: DNI, diffuse 
horizontal irradiance (DHI) and GHI (even though only DNI 
is specifically investigated here); (iii) their good perform-
ance was either already verified or (for the newer models) 
anticipated; and (iv) they have been, or still are, used in 
large-scale DNI modeling projects.  

Sorted in ascending year of publication, the selection con-
sists of the Bird model [7], METSTAT [8], the Yang model 
[9], REST2 [10], and the Ineichen model [11]. The Bird 
model has received much attention in the literature over the 
last three decades. Recently, it has been used to evaluate the 
clear-sky baseline hourly irradiance for the SUNY satellite 
model, itself at the core of the 10-km gridded 1998–2005 
radiation data of the National Solar Radiation Data Base 
(NSRDB) update [12]. The Ineichen model is now used as a 
correction algorithm within the latest version of the SUNY 
model (Pers. comm. with Richard Perez, 2009). METSTAT 
has been used to produce the original NSRDB [13] as well 
as the 1991–2005 ground-based radiation data for its update 
[12]. REST2 has been selected to produce worldwide clear-
sky radiation data for use in building energy calculations 
[14]. Finally, the Yang model is being used to estimate solar 
radiation over Tibet [15] and China [16]. 
 
3.2 Measured Data 
 
To evaluate the intrinsic performance of such models, their 
DNI predictions are compared to reference irradiance meas-
urements from sites that follow the most stringent methods 
for calibration, maintenance, and quality control, as promul-
gated by the Baseline Solar Radiation Network (BSRN). 
Four such sites, encompassing a wide range of climatic con-
ditions, are selected here (Table 1): Bondville, Illinois (a 
mid-latitude, low altitude continental site), Golden, Colo-
rado (a mid-latitude, high-altitude clear site on the foothills 
of the Rocky Mountains), Mauna Loa, Hawaii (a low-
latitude, very high-altitude site with extremely clear atmos-
pheric conditions), and Solar Village, Saudi Arabia (a low-
latitude, mid-altitude site located in a desert environment).  
 
All measurements are made at high frequency (1-min time 
step at all sites except Bondville, 3-min intervals), which, 
among other benefits, makes the separation of clear and 
cloudy periods possible with help from the Long-Ackerman 
filter [17]. The 1-min Mauna Loa data were also reproc-
essed into the conventional hourly data so that the model 
performance under two widely different measurement fre-
quency regimes could be compared (Section 4.2). All sites 
measure the three irradiance components independently, 
thus allowing for redundancy, enhanced quality control, and 
accurate global irradiance determinations via the component 
summation method [18], which is used here rather than the 
measured GHI. All sites also record usual meteorological 
variables, such as temperature, relative humidity and pres-
sure, and have additional sunphotometers for the monitoring 
of two key atmospheric variables: AOD and PW. The daily 
total ozone column was determined from either local meas-
urements or overpass data from the spaceborne OMI sensor. 
Clear-sky conditions where scrutinized based on the Long-
Ackerman filter output, and the condition DNI >120 W/m2.  
Sunphotometric data from the AERONET network were 
used to obtain both AOD and PW at Bondville, Mauna Loa 
and Solar Village. They are quality controlled and cloud 



 

screened, and normally have a time step of 15 minutes. Such 
data are of the highest quality, and are frequently used for 
ground truthing of spaceborne aerosol products (e.g., [14]). 
At NREL’s Solar Radiation Research Laboratory of Golden, 
raw 1-min AOD and PW sunphotometric data were avail-
able, but were found uncalibrated and thus unusable. For 
this study, they had to be calibrated with the Langley-plot 
method during very clear mornings. This manual method 
being time consuming and only possible during very stable 
atmospheric conditions, it was done only for a few months 
of 2002 and 2005. Work is now underway in collaboration 
with NREL to generalize this calibration method in an 
automatic and operational way, and to make the Golden 
sunphotometric data usable on a permanent basis in the near 
future. In all cases, the spectral AOD data measured by sun-
photometry must be processed to accommodate the specific 
input requirements of each model. This is described else-
where [3, 10]. All irradiance data points that were deter-
mined to be under clear conditions were kept for final 
analysis if within no more than 5 minutes of a sunphotomet-
ric data point, and if their mid-point zenith angle, Z, was 
less than 85°. 
 
TABLE 2:  MODEL PERFORMANCE RESULTS† 
 

  Model   
Variable Measured 

Bird Ineichen METSTAT REST2 Yang 

Bondville 2006–07, 3-min     

N 7221       
Mean ß 0.0359       
Mean DNI 791.3  776.0 811.9 831.9 795.1 828.3 
MBD (%)  -1.9 2.6 5.1 0.5 4.7 
RMSD (%)  3.4 3.3 5.6 1.6 5.5 
       
Golden 2002–05, 1-min     
N 4922       
Mean ß 0.0828       
Mean DNI 818.9  778.4 836.5 840.6 817.8 845.7 
MBD (%)  -4.9 2.1 2.7 -0.1 3.3 
RMSD (%)  7.4 4.7 3.4 1.7 4.7 
       
Mauna Loa 2008, 1-min      
N 65283       
Mean ß 0.0087       
Mean DNI 1038.3  1016.2 1019.0 1040.3 1037.4 1065.9 
MBD (%)  -2.1 -1.9 0.2 -0.1 2.7 
RMSD (%)  2.4 2.7 1.1 1.0 3.1 
       
Solar Village 2000–01, 1-min     
N 48947       
Mean ß 0.1265       
Mean DNI 731.9  747.7 736.2 745.1 729.5 661.5 
MBD (%)  2.2 0.6 1.8 -0.3 -9.6 
RMSD (%)  5.6 3.2 3.3 2.0 19.9 

 
† 

For each column, best results (differences closest to 0) are indicated in bold. 

 
3.3  Performance Results 
 
For each site’s dataset and model, the usual cumulative sta-
tistics were obtained: Mean Bias Difference (MBD) and 
Root Mean Square Difference (RMSD). They are both ex-

pressed in percent of the mean measured DNI (in W/m2). 
These statistics appear in Table 2, along with the number of 
data points, N, and the mean AOD at 1 µm, ß. 
 
The results in Table 2 show that the five tested models are 
able to predict DNI with very low bias and low random er-
rors. This confirms previous results [4] to the effect that 
high-performance clear-sky models can predict DNI with an 
accuracy comparable to that of direct measurements, if pro-
vided with high-quality input data. Exceptions do occur, 
however, particularly for the Yang model at Solar Village.  
 
For a broader picture, a few other tests have been con-
ducted. For instance, Figs. 1 and 2 compare the cumulative 
frequency distributions (CFDs) of the predicted DNI to that 
of the measured data at Mauna Loa and Solar Village, 
respectively. (Note the change of scale in the X-axis.) These 
two sites experience widely differing AOD conditions: ex-
tremely clear and stable at Mauna Loa, as opposed to highly 
variable turbidity with intense dust haze episodes at Solar 
Village. Only the REST2 and METSTAT CFDs are in close 
agreement with the measured CFD in both cases, whereas 
the Yang model exhibits both significant disagreement and 
inconsistent behavior. 
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Fig. 1:  Cumulative frequency distributions of the measured 
and predicted DNI at Mauna Loa, Hawaii. 
 

Considering that a relative air mass, m, of 1.5 has been cho-
sen as the reference for many standards and rating proce-
dures in solar energy, it is worthwhile to evaluate the per-
formance of radiative models for this specific solar geome-
try (i.e., Z = 48.19°). A scatter plot showing all REST2-
predicted data points with m = 1.50 ± 0.05 separately for all 
sites is shown in Fig. 3. A similar plot, but for the Ineichen 
model, appears in Fig. 4. Although virtually all predictions 



 

are within ±5% of the measured values (in the range 390–
1160 W/m2) in both cases, the Ineichen model displays a 
slight curvature in the scatter and a difficulty predicting 
correct DNI at Golden during a strong haze episode. This 
occurred in the summer of 2002, and was caused by smoke 
plumes from major wild fires, making ß reach considerable 
levels for this normally clean site, up to 0.475. 
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Fig. 2: Same as Fig.1, but for Solar Village, Saudi Arabia. 
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Fig. 3: Predicted DNI with REST2 vs measured DNI at four 
sites, for m = 1.50 ± 0.05. 
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Fig. 4: Same as Fig. 3, but for the Ineichen model. 
 
Overall, three models are found to perform consistently bet-
ter under any circumstance: REST2, METSTAT, and 
Ineichen, in order of decreasing model performance. 
 
 
4.  DNI MODELING FROM GLOBAL IRRADIANCE 
 
A favorite method of obtaining DNI is to use a “separation” 
or “decomposition” method, by which global irradiance is 
split into its direct and diffuse components. This is conven-
ient because global radiation (measured or modeled) is 
available at many sites. About ten years ago [19], a litera-
ture search reportedly returned 250 such separation meth-
ods, which have followed the pioneering work of Liu & 
Jordan of the early 1960s. After 50 years of unabated re-
search on this topic, it is desirable to evaluate whether the 
performance of these methods has improved, and whether a 
universal and accurate method can now be recommended.  
Although a number of validation studies have been pub-
lished (such as [19, 20] in recent years), they tested only a 
tiny fraction of the possible methods. To be as thorough as 
possible, 36 separation methods have been initially selected 
for this study. Due to space limitations, the results of only 
18 of them (the better ones for the present sites) are de-
scribed here. They are listed in chronological order in Table 
3, with some details. Note that all methods reported here 
need GHI as input, although some methods also require ad-
ditional inputs. In particular, the two methods making use of 
GHI persistence from one time step to the next were origi-
nally developed with hourly data. They are used here at the 
time sep of each dataset, i.e., from 1-minute to 1-hour inter-



 

vals. Some methods directly evaluate DNI from GHI, but 
most rather evaluate the diffuse fraction, K = DHI/GHI, 
from GHI. The two ways are equivalent anyway because of 
the fundamental closure equation DNI = (GHI – DHI)/cosZ.  
 
TABLE 3: COMPONENT SEPARATION METHODS 
 

Model #   Model’s firstauthor Year Input Variables† Ref. 

1 Boes 1976 Kt, Z [21] 
2 Orgill 1977 Kt [22] 
3 De Jong 1980 Kt, Z [23] 
4 Erbs 1982 Kt [24] 
5 Maxwell 1987 Kt, m [25] 
6 Skartveit 1987 Kt, Z [26] 
7 Reindl #1 1990 Kt, Z, T, RH [27] 
8 Reindl #2 1990 Kt, Z [27] 
9 Reindl #3 1990 Kt [27] 

10 Louche 1991 Kt [28] 
11 Perez 1992 Kt, Z, DP, Pers [29] 
12 Chandrasekaran 1994 Kt [30] 
13 Muneer 1996 Kt [31] 
14 Skartveit 1998 Kt, Z, ρ, Pers [32] 
15 Boland 2008 Kt [33] 
16 Posadillo 2009 Kt, Z [34] 
17 Ruiz-Arias #1 2010 Kt [35] 
18 Ruiz-Arias #2* 2010 Kt, m [35] 

 
† m: air mass; T: temperature; DP: dew-point; RH: relative humidity; ρ: 
ground albedo; Pers: GHI persistence; Z: zenith angle (= 90 - h). 
* A typo has been corrected in model #16, and approved by its author. 

 
Denoting the overall transmittances for direct, diffuse and 
global irradiance as Kn, Kd and Kt, respectively, the closure 
equation above translates into  
 
 Kn = Kt – Kd = Kt (1 – K) 
 
where K = Kd/Kt. Note that all these transmittances must be 
positive and furthermore K must be ≤ 1. Appropriate con-
straints were added to avoid problems whenever no other 
limits were called for in the original publications. (With 1-
min or 3-min data, there are many transient circumstances 
when Kt can be significantly larger than 1, such as when the 
sun’s disc is surrounded with tall white clouds over snow-
covered ground; most models do not address such cases.) 
The same data sources as in Section 3 are used here, with 
minor differences in the measurement periods (Table 1). 
Since separation methods are meant to be applicable under 
all possible sky conditions, the available datasets have been 
used with or without cloud screening, as reported in Sec-
tions 4.1 and 4.2, respectively. Most separation methods 
have been originally derived from hourly irradiance data, 
which raises an important question: Do they perform simi-
larly if used with higher-frequency data such as those con-
templated here? Another issue is to evaluate the effect of a 
higher ground albedo due to snow cover, since both DHI 
and GHI then tend to increase whereas DNI does not. All 
these issues are addressed with the present methodology 
(see [5] for more details). 

4.1 Clear-Sky Results 
 
Using the same datasets as in Section 3, and the same crite-
ria to define clear conditions, the DNI values obtained with 
the 18 methods of Table 3 are compared to the measured 
values. As before, each model’s performance is primarily 
assessed with cumulative statistics (MBD and RMSD), 
which appear in Table 4. For each column, the best results 
are indicated in bold. 
 
TABLE 4: MODEL PERFORMANCE FOR CLEAR SKY 
 
Model # Bondville Golden Mauna Loa Solar Village 

    Period 2006–07 2002–05 2008 2000–01 
    Step 3-min 1-min 1-min 1-min 
    N 7221 4922 65283 48947 
    Mean GHI 504.9 705.2 751.8 576.6 
    Mean DNI 791.3 818.9 1038.3 731.9 

 (%) MBD  RMSD  MBD  RMSD  MBD RMSD  MBD  RMSD  

1  -8.7 10.2 -2.4 8.1 -6.8 8.4 -5.6 10.9 
2  -0.3 5.2 0.4 6.1 -9.9 10.8 1.9 7.1 
3  -10.1 11.5 -4.0 8.5 -23.3 24.2 -6.7 11.7 
4  -5.9 7.3 -4.9 12.1 -8.6 9.6 -2.6 10.7 
5  -9.8 10.9 -7.7 12.2 -11.7 12.1 -8.3 12.0 
6  -10.8 12.1 -2.3 7.2 -16.0 17.3 -6.2 11.1 
7  -5.3 7.2 2.2 9.2 -14.4 15.9 -0.6 9.3 
8  -11.8 12.6 -6.2 10.5 -20.4 21.8 -8.7 12.1 
9  -10.0 11.7 -0.9 6.6 -6.9 7.9 -5.9 11.6 

10  -11.7 12.4 -6.6 9.2 -4.9 7.3 -7.2 10.2 
11  1.2 4.1 5.5 8.0 -9.2 9.9 6.3 9.3 
12  1.6 4.7 2.2 6.2 -12.2 12.9 1.9 7.1 
13  -6.2 7.6 1.3 7.3 -16.7 18.2 -1.2 8.0 
14  -2.5 5.3 3.4 7.0 -3.1 4.3 1.7 6.2 
15  -4.1 7.1 3.3 7.7 -1.3 3.8 -0.2 9.8 
16  -0.9 5.2 0.8 7.3 -8.2 8.8 3.8 9.5 
17  -12.0 12.8 -6.1 10.2 -0.6 3.7 -8.6 12.0 
18  -19.7 21.0 -13.4 17.0 3.5 5.7 -14.1 18.0 

  
It is obvious that no model performs equally well at all sites, 
although some manage to have generally both relatively low 
bias and low random differences overall (e.g., models #11, 
14, 15 or 16). Some rather perform consistently poorly at all 
sites (e.g., #3, 5, 6, 8 or 18). In general, newer models do 
not perform significantly better than older ones, which is 
disappointing. 
 
Various model performance ranking methodologies exist, as 
reviewed elsewhere [3]. The t-statistic method was tried, but 
was found inconclusive in the present case where the num-
ber of data points, N, is very large, since t is then completely 
driven by MBD, to the detriment of the random character of 
modeled errors, measured by RMSD. This random character 
is best visually represented by scatter plots of modeled vs 
measured data. Such a plot appears in Fig. 5 for Mauna Loa, 
and shows the strongly differing responses of models #7 and 
11 to very clear atmospheric conditions.  



 

 

 
Fig. 5:  Predicted 1-min DNI with two separation models vs 
measured DNI under clear conditions at Mauna Loa. 
 

 
 
Fig. 6:  Same as Fig. 5, but for all-sky conditions. 
 
4.2  Results for All-Sky Conditions 
 
Despite the importance of clear-sky conditions in the opera-
tion of CSP/CPV systems, separation methods such as those 
just discussed are most frequently used under any possible 
sky condition. In this section, no filtering has been per-
formed, except again to eliminate low-sun data points with 
Z > 85°. Some additional datasets are considered here, how-

ever. Both 1-min and hourly calculations are reported at 
Mauna Loa. For Golden, three separate datasets are con-
structed: (i) all possible ground conditions; (ii) low ground 
albedo (no-snow, 0.05 < ρ < 0.50); and (iii) high ground 
albedo due to snow (0.50 < ρ < 0.99). 
 
The all-sky cumulative statistics appear in Table 5. It is ob-
vious that the random errors are much larger than in Table 
4, with RMSDs in the 20 to 50% range. This could be ex-
pected because of the variability induced by cloudiness. 
This considerable scatter is illustrated in Fig. 6, which is 
simply the equivalent of Fig. 5 for all-sky conditions. No 
model is found to perform consistently well under all possi-
ble conditions, and no evidence is found that newer models 
can perform better than older ones. At Mauna Loa, it would 
have been expected that all RMSDs be lower for hourly 
calculations than for 1-min calculations. This is not so with 
all models. Similarly, the bias of some models is seriously 
affected by the measurement frequency, which was not ex-
pected either. (Note the large change in MBD for model #5.) 
 

 
 
Fig. 7: Predicted 1-min DNI with two separation models vs 
measured DNI under all-sky conditions and snowy ground 
(albedo > 0.50) at Golden, Colorado. 
 
At Golden, it would have been expected that model #14, 
which takes the ground albedo explicitly into consideration, 
perform well under both low and high albedo conditions. 
This does not materialize at all, however. Possible explana-
tions are that the model was not designed to handle albedos 
above ≈0.8, and that some parts of the model were still un-
finished. (None of these issues was addressed in the original 
Fortran code kindly provided by Jan Asle Olseth, 2009.) 
Figure 7 shows an example of increased scatter in predicted 
DNI (with models #4 and 7) that occurs under all-sky condi-
tions when the ground albedo is high. Erroneous DNI values 
up to 1900 W/m2 are predicted by model #4 in this case. 



 

TABLE 5: MODEL PERFORMANCE FOR ALL-SKY CONDITIONS 
 
Model # Bondville Golden Golden Golden Mauna Loa Mauna Loa Solar Village 

Period 2006–07 2006–08 2006–08, no snow 2006–08, snow 2008 2008 2000–01 
Time Step 3-min 1-min 1-min 1-min 1-min 1-hour 1-min 
N 71,287 658,690 589,992 68,713 195,149 4,083 204,940 
Mean GHI 389.5 457.2 472.5 325.3 601.0 574.6 530.2 
Mean DNI 373.0 555.5 562.8 492.7 694.6 709.8 523.4 

 (%) MBD   RMSD MBD RMSD MBD RMSD MBD RMSD MBD RMSD MBD RMSD MBD RMSD 
1  7.5 32.1 2.1 22.2 1.2 20.9 11.1 33.8 -1.8 19.0 -7.1 18.9 2.6 24.8 
2  14.4 32.8 3.9 21.7 4.0 19.6 3.3 37.7 -5.8 20.4 -5.8 17.3 6.7 23.5 
3  6.8 31.5 1.1 22.1 0.2 20.8 10.2 33.3 -2.9 19.5 -8.3 19.6 1.6 24.0 
4  5.4 28.6 0.9 21.2 0.5 20.5 3.9 27.5 -13.7 25.9 12.1 28.1 7.3 24.0 
5  4.9 29.4 -4.3 22.4 -4.7 21.3 0.1 32.4 -13.0 27.1 -14.5 25.6 -1.1 21.6 
6  7.6 32.4 3.2 22.7 2.2 21.3 12.9 35.1 0.0 18.5 -6.0 18.1 2.2 23.7 
7  19.8 39.0 6.7 23.6 6.3 22.5 10.6 33.3 -0.2 21.7 -3.7 20.5 11.8 26.4 
8  4.5 30.7 -4.8 25.5 -5.2 23.9 -1.1 39.1 -12.5 28.9 -13.0 24.0 -0.6 23.8 
9  7.5 33.6 5.2 26.1 4.1 24.3 15.9 41.5 5.6 19.5 -2.5 17.2 2.0 25.5 

10  3.2 28.5 -5.5 21.4 -5.3 20.0 -7.6 33.1 -10.3 23.6 -12.1 22.0 -1.6 21.4 
11  17.7 35.9 9.4 21.4 8.9 20.6 14.0 29.2 3.1 17.2 0.9 15.2 12.1 26.9 
12  11.8 29.5 3.3 20.2 3.3 18.1 2.4 35.9 -5.0 18.2 -10.1 18.5 5.2 23.6 
13  16.3 36.6 10.0 27.3 8.8 25.2 21.2 44.2 8.2 21.0 0.9 17.0 9.3 25.8 
14  19.1 38.2 13.8 29.2 12.3 26.9 27.9 47.3 11.6 22.3 3.6 16.3 10.9 26.0 
15  14.8 35.2 6.0 25.1 5.6 23.2 10.5 40.0 0.0 22.1 -2.3 17.5 8.6 26.7 
16  19.1 37.3 6.9 23.7 6.2 22.0 14.1 37.8 -1.2 20.5 -4.8 19.0 13.6 26.4 
17  4.9 31.1 -1.0 22.1 -1.9 20.8 7.8 32.6 -5.2 20.5 -10.2 20.8 -0.1 23.4 
18  -3.3 32.7 -13.2 28.6 -13.0 27.2 -15.4 41.4 -16.8 30.2 -20.0 30.7 -5.1 23.9 
 
 
Models #11, 14, 15 and 16, which perform well under clear 
skies (Table 4), are affected here by significant biases in at 
least some of the cases. Interestingly, no model is able to 
maintain a bias consistently lower than 10% overall. This 
inhomogeneity in the results can be explained by the fun-
damentally empirical nature of all separation models. Some 
authors have tried to increase the predictive power of their 
models by adding some input variables to supplement Kt 
(Table 2). This does not appear to improve their perform-
ance under the climatic conditions considered here. For in-
stance, Fig. 8 compares the DNI predictions of the eight 
models that use solar elevation, h (or, equivalently, Z or the 
air mass, m) as a specific input. A clear summer morning at 
Mauna Loa is selected here because the sun then reaches the 
zenith at solar noon, thus providing an extended testing 
range. Figure 8 suggests that no model correctly handles the 
physics behind the concomitant variations in h and DNI. 
This can be traced back to the fact that current separation 
models have actually no physical underpinnings at all in this 
respect, since they rely primarily or entirely on linear fitting 
techniques. These normally generate correct results at sites 
close to those whose data have been used for the fittings, but 
may or may not work well elsewhere. Similarly, models 
such as #7, 11 or 14, which require even more inputs, do not 
really perform better than the others overall. It is argued 
here that simply adding independent variables without 
sound modeling of their physical inter-relationships may 
become counterproductive when using the method in highly 
different climatic areas. Unfortunately, this practice is still 
prevalent nowadays, which explains the lack of real pro-
gress since the Liu & Jordan’s era, 50 years ago. 

In addition, empirical models embed the errors in the meas-
ured data they are based upon. Most models reviewed here 
have been developed from measured data that, most likely, 
would now be considered as suboptimal [18], even though 
they were likely qualified as “first class” at the time. 
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Fig. 8:  Variation of DNI with solar elevation h during a 
clear summer morning at Mauna Loa, as measured and pre-
dicted by eight separation models using h (or Z) as input. 



 

5. CONCLUSION 
 
Two different approaches that analysts can use to predict 
DNI are investigated here under tightly controlled condi-
tions. The five “meteorological” models reviewed in Section 
3 have been validated against measured clear-sky data of the 
highest possible quality at four widely different sites. Three 
models in particular (REST2, METSTAT and Ineichen) are 
found to be consistently capable of the highest performance, 
and are therefore recommended for any demanding applica-
tion, even for high-frequency (e.g., 1-minute intervals) irra-
diance predictions. These models’ accuracy is comparable 
to that of first-class pyrheliometric measurements, but is 
highly dependent on the quality of the input data, particu-
larly precipitable water and aerosol optical depth, which are 
not routinely measured at most sites. In practice, some deg-
radation in performance should therefore occur by using 
input data of lesser quality, such as satellite-based gridded 
data, or spatial or time interpolations of these quantities. 
 
The separation models reviewed in Section 4 are still highly 
popular. They are often described as site-dependent in the 
literature, since they are essentially empirical in nature. This 
is globally confirmed here, with nuances. Out of the 18 
separation models tested here, only four (Perez, Skartveit, 
Boland and Posadillo) are found to perform satisfactorily at 
all four sites only if clear-sky conditions are selected. If all 
possible cloudiness conditions are rather considered, how-
ever, no model is found to perform consistently well. Fur-
thermore, the presence of snow appears to worsen the situa-
tion, which is of concern since solar power installations 
might be located at elevated sites. It is also found that the 
newest separation models do not seem to perform any better 
(in general) than those introduced more than 30 years ago. 
Therefore, the mere development of a truly universal model 
still appears elusive. Because the use of such models at sites 
outside of their “geographical validity area” (which is usu-
ally not known precisely) may produce inconsistent results, 
it is concluded that this state of affair can only be improved 
by introducing physics-based algorithms, with little or no 
empiricism. Only this avenue seems to have the potential of 
eliminating the guesswork out of the prediction of DNI from 
global irradiance, and of obtaining DNI at the accuracy lev-
els expected for “bankable data”. 
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