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A B S T R A C T

Direct normal irradiance (DNI) is often interpreted differently in ground measurements and forecasts using nu-
merical weather prediction (NWP) models, leading to substantial bias in DNI forecasting especially under 
cloudy-sky conditions. To mitigate the bias, we use the Fast All-sky Radiation Model for Solar applications with
DNI (FARMS-DNI) to conduct physics-based simulations of solar radiation in the circumsolar region. The DNI is 
quantifed using the sum of the radiation along the sun direction and the scattered radiation within the circumso-
lar region. FARMS-DNI is coupled with the Weather Research and Forecasting model with solar extensions (WRF-
Solar) to predict day-ahead DNI in 9-km pixels over an extended domain covering the contiguous United States.
The DNI forecasts for the entire year of 2018 are validated using surface-based observations at the Atmospheric
Radiation Measurement (ARM) and Surface Radiation Budget Network (SURFRAD) sites and a satellite-based so-
lar radiation product developed by the procedure of the National Solar Radiation Data Base (NSRDB). The results
show that the WRF-Solar coupled with the conventional Beer-Bouguer-Lambert law underestimes the overall 
DNI forecasts by 30%-60%, which is a joint effect of the uncertainties in computing the circumsolar radiation 
and forecasting cloud properties. This bias is significantly reduced by using FARMS-DNI. 

1. Introduction

Direct normal irradiance (DNI) represents the direct component of
solar radiation integrated over a small solid angle tracing the sun (cir-
cumsolar region) (Blanc et al., 2014; Raisanen and Lindfors, 2019; 
Sengupta et al., 2018; WMO, 2010; Xie et al., 2020). In surface observa-
tions using a pyrheliometer, DNI is interpreted as the gross solar radia-
tion in the circumsolar region (covering a 5°feld of view) comprising 
the radiation in the infnite-narrow beam along the sun direction, the
scattered radiation in the circumsolar region, and the radiation related
to the multiple refection between the atmosphere and land surface that
falls into the circumsolar region (Xie et al., 2020). Concentrating solar
power systems predominantly rely on concentration of the direct solar
radiation to drive steam turbines or power a thermochemical reaction.
Likewise, DNI accounts for a substantial amount of solar energy gener-
ated by photovoltaic (PV) systems because they are often mounted at 
optimized angles to harvest the maximum direct solar radiation. As a 
result, the prediction of DNI, calibrated by surface-based pyrheliometer
data, is crucial for evaluating the feasibility of solar energy projects, in-
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tegrating solar energy into electric grids, and increasing the controlla-
bility of behind-the-meter distributed energy resources (Crawley et al., 
2000; Fishbone and Abilock, 1981; Gabriel et al., 2001; Mermoud, 
2012; Paul and Burtraw, 2002; Qiu et al., 2022).

For DNI forecasting in real-time to intraday-ahead time frames, ma-
chine learning or physics-informed time-series techniques are often 
used to analyze long-term surface data, to extract a set of features from
the time series, and to apply the features for the prediction in future 
time steps (Kleissl, 2013; Liu et al., 2021; Pedro et al., 2018; Wang et
al., 2016; Wang et al., 2019; Yang et al., 2012; Yang et al., 2018). Rele-
vant models directly predict global horizontal irradiance (GHI) (Dong
et al., 2013; Inman et al., 2013; Kumler et al., 2019)—the direct solar 
radiation is subsequently decomposed from the forecasts using an em-
pirical regression of the long-term observations of GHI and DNI 
(Maxwell, 1987). Solar forecasting models based on remote sensing
data from geostationary satellites are developed to predict cloud evolu-
tion in space and time (Miller et al., 2012). Radiative transfer models 
that numerically solve the light absorption and scattering in the atmos-
phere are coupled with the cloud forecasting models to predict GHI and 
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DNI (Berk et al., 1998; Mlawer et al., 1997; Xie and Sengupta, 2018; Xie
et al., 2016; Xie et al., 2020; Xie et al., 2019). For day-ahead and longer-
term solar forecasting, the comprehensive processes of cloud formation,
dissipation and motion resulting from changes in the temperature, pres-
sure, humidity, and cloud and aerosol microphysical properties of nu-
merous layers in the atmosphere are usually simulated at global scales
(Nielsen and Rontu, 2014; Rontu et al., 2020). Among the numerical 
weather prediction (NWP) models, the Weather Research and Forecast-
ing model with solar extensions (WRF-Solar) uses advanced representa-
tions of cloud-aerosol, aerosol-radiation, and cloud-radiation interac-
tions to improve the forecasting of downwelling solar radiation 
(Jimenez et al., 2016b; Yang et al., 2021). The application of the Fast 
All-sky Radiation Model for Solar applications (FARMS) (Xie et al., 
2016) enables time-effcient computation of GHI and DNI by WRF-Solar
at the full temporal resolution thereby displaying the response of the 
model’s dynamical and microphysical processes.

Most radiative transfer models for solar forecasting applications use
the Beer-Bouguer-Lambert law to compute direct solar radiation which
is assumed to propagate along an infnite-narrow beam straight from 
the sun (Chandrasekhar, 1950; Ingle and Crouch, 1988; Liou, 2002).
Despite the elegant expression of the transmittance, the Beer-Bouguer-
Lambert law neglects the the circumsolar radiation that is offset from 
the beam. This often leads to significant bias in the DNI forecast: (1) the
Beer-Bouguer-Lambert law causes severe underestimation of DNI when
evaluated using pyrheliometer observations, especially under cloudy-
sky conditions; and (2) although the underestimation from the Beer-
Bouguer-Lambert law can be compensated by tuning the NWP model 
closure parameters, it could affect the diagnosis of the cloud forecasting
error and lead to uncertainties in the GHI forecast. To reconcile the DNI 
modeling with observations, relevant research has been conducted to 
account for the scattered radiation in the circumsolar radiation. Shi et 
al. (2020) and Sun et al. (Sun et al., 2016; Sun et al., 2020) examined 
the impact of delta-Eddington approximation on computing clear-sky
DNI using the radiative transfer schemes developed by Edwards-Slingo
(Edwards and Slingo, 1996) and Sun-Edwards-Slingo (Sun, 2011). An
improved radiative transfer model was consequently developed using a
scaled aerosol optical thickness by a function of the single-scattering 
albedo and scattering phase function. A recent study by Qin et al. 
(2021) solved the cloud transmittance in the circumsolar region from 
the radiative transfer equation with a small angle approximation. A 
substantially larger circumsolar radiation was found in cloudy-sky con-
ditions than the clear-sky conditions. Meanwhile, FARMS was updated
using an innovative scheme to compute DNI (hereafter referred to as 
FARMS-DNI) (Xie et al., 2020). Compared to the Beer-Bouguer-Lambert 
law, FARMS-DNI uses the atmospheric and land surface properties to 
numerically solve the transmittance of the beam and scattered radia-
tion in the circumsolar region. Compared to the emprical models that 
compute DNI from the GHI observation or simulation (Maxwell, 1987),
FARMS-DNI is based on the fundamental physics, solving DNI from
physical parameters, e.g. precipitable water vapor (PWV), aerosol opti-
cal depth (AOD), and cloud optical thickness. An investigation with sur-
face observations at the Atmospheric Radiation Measurement (ARM) 
Southern Great Plains (SGP) sites shows that, compared to the Beer-
Bouguer-Lambert law and the empirical Direct Insolation Simulation 
Code (DISC) model (Maxwell, 1987), FARMS-DNI remarkably reduced
the DNI bias in cloudy-sky conditions.

In this study, FARMS-DNI is implemented in the state-of-the-art so-
lar forecasting model, WRF-Solar. The performance of the DNI forecast
is systematically evaluated using surface and satellite observations in 
North America. 

2. Methodology 

FARMS is a radiative transfer model that effciently computes all-
sky GHI and DNI based on the physical properties of the atmosphere. It 
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acquires the clear-sky transmittance and refectance of solar radiation 
from a radiative transfer model developed by Bird and Hulstrom (1981)
that is profcient in cloudless simulations. A lookup table of cloud trans-
mittance and refectance for extensive cloud properties and solar radia-
tion directions was based on the Rapid Radiation Transfer Model 
(RRTM) (Mlawer et al., 1997) with a 16-stream Discrete Ordinates Ra-
diative Transfer (DISORT) (Stamnes et al., 1988). The delta-M scheme 
(Wiscombe, 1977) was used to truncate the forward peak in the scatter-
ing phase function of clouds. According to the investigation by Ding et 
al.(2009), 32 Legendre expansion terms should be used to compute ra-
diances scattered by a water or ice cloud. This number, however, can be
significantly reduced in the computation of irradiance. A parameteriza-
tion of the lookup table is interfaced with the clear-sky transmittance 
and refectance to compute all-sky GHI. For DNI, the computation is 
performed based on the clear-sky transmittance and the cloud transmit-
tance computed by the Beer-Bouguer-Lambert law. Due to the excep-
tional computing speed and the capability to accommodate to parallel
processing systems, FARMS has been incorporated into multiple solar 
energy products and models including the National Solar Radiation 
Data Base (NSRDB) (Sengupta et al., 2018) and WRF-Solar. To advance 
the prediction of cloudy-sky DNI, the Beer-Bouguer-Lambert law used 
by FARMS is substituted by FARMS-DNI, where the cloud bidirectional
transmittance distribution functions (BTDFs) in 97 wavelength bands
are computed for differential solid angles by a 64-stream DISORT. DNI
is obtained by a fnite-surface integration algorithm that computes the 
gross solar irradiance in the circumsolar region. For clear-sky condi-
tions, the DNI simulation by FARMS-DNI relapses into that by FARMS
because the same radiative transfer scheme is used to compute the 
clear-sky solar radiation in the circumsolar region. The detailed proce-
dure of FARMS and FARMS-DNI can be found in our previous publica-
tions (Xie et al., 2016; Xie et al., 2020).

The WRF-Solar, containing an improved solar tracking algorithm,
the incorporation of cloud-aerosol interactions, and improved represen-
tations of the aerosol-radiation and cloud-radiation feedbacks, is used 
to forecast DNI in this study (Jimenez et al., 2016b). A set of physical 
parameterizations on the basis of the WRF-Solar reference confgura-
tion (https://ral.ucar.edu/solutions/products/wrf-solar) is selected 
with a monthly climatology to account for the direct aerosol effect. The 
WRF-Solar reference confguration and its variants have been used in 
previous studies (Jimenez et al., 2016a; Jimenez et al., 2016b; Kim et
al., 2021; Lee et al., 2017). Briefy, the Mellor-Yamada-Nakanishi-Niino
planetary boundary layer (PBL) scheme (Nakanishi and Niino, 2006; 
Naknishi and Niino, 2009) and an updated MM5 Monin-Obukhov 
scheme for surface layer parameterization (Jimenez et al., 2012) are 
used to represent turbulence effects in the PBL and the atmospheric sur-
face layer, respectively. The aerosol-aware Thompson-Eidhammer mi-
crophysics scheme (Thompson and Eidhammer, 2014) and the Grell-
Freitas convection parameterization (Grell and Freitas, 2014) are used 
to represent the cloud microphysical processes and the subgrid-scale 
ensemble of convective clouds, respectively. The CLD3 parameteriza-
tion based on relative humidity is selected to represent the effect of un-
resolved cloud especially for shallow cumulus clouds (Sundqvist et al., 
1989).

FARMS and FARMS-DNI are executed in the WRF-Solar suite for so-
lar forecasting of up to 48 h lead time. To accommodate the intense DNI 
simulations by the NWP model, the pre-computed cloud transmittances
used in FARMS-DNI are parametrized using hyperbolic tangent func-
tions. The selection of the parameterization functions, the determina-
tion of the optimal parameters, and the validation of the radiative trans-
fer model can be referred from literatures (Xie et al., 2016; Xie et al., 
2020) and will be specifed in a future paper. To compare it with 
FARMS-DNI, the DNI prediction based on the same cloud forecasting
and the Beer-Bouguer-Lambert law and Rapid Radiative Transfer Model
for General circulation models (RRTMG) (Clough et al., 2005; Mlawer 
et al., 1997) is also performed. RRTMG is a radiative transfer model 
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that has been applied to the state-of-the-art NWP models including, 
WRF, European Centre for Medium-Range Weather Forecasts 
(ECMWF), Community Earth System Model (CESM) and Global Fore-
cast System (GFS). It integrates radiation in 14 wavelength bands to in-
fer solar radiation. The cloud transmittance for direct solar radiation is 
given from a lookup table or an expansion of the exponential function
for the Beer-Bouguer-Lambert law. For all the models, the National 
Centers for Environmental Prediction (NCEP) GFS data with a resolu-
tion of 0.25° for 3-h intervals are used to provide the initial land and 
ocean conditions and also serve as the boundary conditions. Following
the NCEP operational forecasting of the atmosphere using the High-
Resolution Rapid Refresh (HRRR) model, we consider an extended do-
main covering the contiguous United States (the pink shadow in Fig. 1).
The spatial resolution of the solar forecasting is 9 km, with a domain 
consisting of 211,447 grid boxes. The WRF-Solar model is initialized 
once daily at 6:00 UTC with an output every 15 min covering the whole
year of 2018. 

3. Forecast evaluation 

The 1-year DNI prediction over the forecast domain is evaluated 
against both surface-based observations and satellite data. 

3.1. Forecast evaluation using surface-based observations 

DNI observations at the ARM SGP sites are employed to evaluate the
forecasts in this study. The 1-min resolution DNI data are averaged over
the 18 sites in the SGP region (Fig. 1) to minimize the bias from an indi-
vidual instrument and mitigate the spatial mismatch between the fore-
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casts and observations. The domain averaged data are resampled for
every 15-minute time window centered at the WRF-Solar output time.
ARM has a comprehensive program to automatically inspect and assess
the data quality (Pepple et al., 2016). After passing an additional qual-
ity-control check to screen out data with solar zenith angles larger than
75°, the DNIs are compared to the forecasts from the WRF-Solar grid 
box that covers the location of the ARM SGP Central Facility 
(36.607322°N, 97.487643°W). To understand the performance of the 
DNI forecasting in various climatic zones, we also exploit 1-minute res-
olution DNI data from seven Surface Radiation Budget Network 
(SURFRAD) sites: Bondville, IL (BON); Desert Rock, NV (DRA); Fort
Peck, MT (FPK); Goodwin Creek, MS (GWN); Pennsylvania State Uni-
versity, PA (PSU); Sioux Falls, SD (SXF); and Boulder, CO (TBL) (Fig. 1).
Following the same resampling and quality-control procedure, the DNI
data are compared with the corresponding forecasts using WRF-Solar.
More details on the surface sites and their data used in the evaluation 
can be found in Table 1. 

Fig. 2 illustrates the averaged DNI forecasts using 1-year data from
WRF-Solar model. They are compared with the surface observations 
from the ARM and SURFRAD sites. Note that, for all surface sites, 
WRF-Solar with the Beer-Bouguer-Lambert law remarkably underesti-
mates DNI across the forecast lead times. In contrast, the forecasts 
based on FARMS-DNI are in average concordant with the surface ob-
servations, which is a result of including the circumsolar radiation 
from the scattering by clouds (Xie et al., 2020). This fnding is in ac-
cordance to the computation of cloudy-sky circumsolar radiation in 
our previous works (Xie et al., 2020) and a recent study by Qin et al 
(2021). It is also noteworthy that the performance of the DNI forecast-
ing does not vary enormously in the frst and second 24 h periods,
though higher biases are often observed in the sunrise and sunset tran-

Fig. 1. The locations of the surface sites and the geographic domain (the pink shadow) of the solar forecasting by WRF-Solar. (For interpretation of the references to
colour in this fgure legend, the reader is referred to the web version of this article.) 
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Table 1 
Summary of the surface and satellite data. 
Surface data 

Station Latitude (°N) Longitude (°W) Sites Occurrences 

Southern Great Plains (SGP) 
Bondville, IL (BON)
Desert Rock, NV (DRA)
Fort Peck, MT (FPK)
Goodwin Creek, MS (GWN) 
Penn. State Univ., PA (PSU)
Sioux Falls, SD (SXF)
Table Mountain, CO (TBL) 

36.607322 97.487643 18 13,611 
40.05192 88.37309 1 13,176 
36.62373 116.01947 1 13,601 
48.30783 105.1017 1 12,407 
34.2547 89.8729 1 13,741 
40.72012 77.93085 1 13,258 
43.73403 96.62328 1 11,901 
40.12498 105.2368 1 13,318 

Satellite data 

Spatial resolution Temporal resolution Pixels Occurrences 

9 km 30 min 211,447 1,422,132,608 

sition periods. The severe underestimation of DNI by the Beer-
Bouguer-Lambert law is also exposed in the monthly, daily, and hourly 
means of DNI (Fig. 3). This is more evident over the sites with higher 
cloud occurrence, e.g. PSU, because of the strong attenuation of the 
beam light when traveling through the clouds. 

To further evaluate the DNI forecasting, we examine the percentage 
error (PE), absolute percentage error (APE), root mean square error 
(RMSE), mean absolute error (MAE), and relative Euclidean distance 
(RED), which are defned as follows: 

(1) 

(2) 

(3) 

(4) 

(5) 

where n is the number of scenes in the DNI forecasting; f and o de-
note the forecast and observation data, respectively; and are the av-
erage of f and o over all scenes, respectively; Imagerepresents standard de-
viation; and r is the correlation coeffcient between the forecast and ob-
servation data. Fig. 4a compares the annual mean DNI forecasts and the 
error metrics. According to all the error metrics, WRF-Solar coupled
with RRTMG has a better performance than the Beer-Bouguer-Lambert
law. This mainly attributes to the multiple wavelength bands consid-
ered by the RRTMG computation. By contrast, the Beer-Bouguer-
Lambert law and FARMS-DNI in this study only compute DNI in a 
broadband over the solar region. This indicates that FARMS-DNI has a 
potential to be further improved by computing cloud transmittance in
multiple wavelength bands. FARMS-DNI demonstrates a considerably
better performance in DNI forecasting than the other two schemes. This
is more obvious in the PE data which demonstrate that the underesti-
mation of DNI by WRF-Solar with the Beer-Bouguer-Lambert law can 

Fig. 2. Comparisons of 1-year averaged DNIs between surface observations and the forecasts by WRF-Solar model at different locations. The DNI forecasting is given
once daily at 6:00 UTC for up to 48 h lead time. 
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Fig. 3. Comparisons of the monthly, daily and hourly means of DNI between the observation and forecast by WRF-Solar. The inner box indicates the upper quartile,
the median, and the lower quartile of data; and the upper and lower bars represent the upper 95% and the lower 5% of the data, respectively. 

reach 30%-60% on average, depending on locations. At the sites with 
fewer clouds (e.g., DRA, as can be recognized by the larger annual DNI
in Fig. 4), the PE and APE of the Beer-Bouguer-Lambert law are appre-
ciably reduced because the DNI forecasts by the two schemes are identi-
cal in clear-sky conditions. However, at the sites with more clouds (e.g.,
PSU), the bias by the Beer-Bouguer-Lambert law is more pronounced.
This is also evident in the comparison of RED. In general, FARMS-DNI
significantly reduces PE and shows reduced but notable APE, RMSE, 
MAE, and RED. A list of the obtained error metrics can be found in 
Table 2. The uncertainty in the DNI forecasting is partially caused by 
the bias in the cloud forecast by the NWP model. As demonstrated in 
Fig. 4b, WRF-Solar coupled with RRTMG has reduced by noticeable 
bias in the GHI forecasting. Because the GHI computation by RRTMG
has better accuracy than DNI, this bias can be mainly explained by the
certainty in the cloud forecast. 

3.2. Forecast evaluation using satellite data 

The National Solar Radiation Data Base (NSRDB) is an open-access
dataset supplying solar radiation of the contiguous United States and 
Central America from 60° North to 20° South latitude (Sengupta et al., 
2018). FARMS employs satellite-retrieved atmospheric and land surface
properties to compute GHI which is loaded into DISC to empirically
compute cloudy-sky DNI. The clear-sky DNI is computed by a clear-sky
radiative transfer model that is coupled with FARMS. The validation of
the NSRDB was conducted using observations at the ARM SGP sites, 
SURFRAD and the National Renewable Energy Laboratory’s (NREL’s)
Solar Radiation Research Laboratory (SRRL), which have been reported
in previous literatures (Habte et al., 2017; Sengupta et al., 2018; Yang, 

2021). According to the observations during 1998–2016, the percent-
age errors of the GHI and DNI are less than 5% and 10%, respectively,
in all the sites. Due to the lower cloud occurrence in the western United 
States, the DNI data from the NSRDB are slightly more biased in the 
eastern area. 

Following the technical scheme to develop the NSRDB, we produce
the solar radiation data in the DNI forecast domain (the pink shadow in
Fig. 1) using the whole year’s observations in 2018 by Geostationary
Operational Environmental Satellite (GOES)-15 and GOES-16. For as-
sessing the DNI forecasts in the large-scale domain, the 2-km resolution
solar radiation from the satellite product is aggregated in the 9-km 
WRF-Solar grid boxes. Compared to the NSRDB, which produces and 
dispenses data exclusively for the land surface, the 9-km solar radiation
data cover all areas in the DNI forecast domain including the oceanic 
and lake regions. Further details on the satellite-based data for valida-
tion can be found in Table 1. The procedure for developing and validat-
ing this solar radiation product has been reported in the literatures 
(Habte et al., 2020; Sengupta et al., 2018). In this study, the 30-minute 
resolution satellite-based data are compared with the DNI forecasts in 
the matching time steps.

Fig. 5 illustrates the annual mean DNI from the satellite data and 
the DNI forecasts by WRF-Solar. Similar to the evaluation using sur-
face observations, WRF-Solar with the Beer-Bouguer-Lambert law 
substantially underestimates the DNI in virtually the entire domain, 
whereas FARMS-DNI primarily matches the spatial allocation of DNI 
obtained by the satellite data. The DNI in the oceanic regions are ap-
preciably lower than the adjacent coastal areas, due likely to higher 
humidity, more sea-salt aerosols, and cloud coverage. The PE and 
APE in Fig. 6 demonstrate clear negative correlations between the 
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Fig. 4. Comparisons of the annual mean (a) DNI forecasts and the error metrics and (b) GHI forecasts and the error metrics at different locations. 

Table 2 
The error metrics of WRF-Solar using the Beer-Bouguer-Lambert law, RRTMG, and FARMS-DNI. N. Amer. represents data in the pink shadow of Fig. 1. 

SGP BON DRA FPK GWN PSU SXF TBL N. Amer. 

PE (%)
Lambert 
RRTMG 
FARMS-DNI 
APE (%)
Lambert 
RRTMG 
FARMS-DNI 
RMSE(W/m2)
Lambert 
RRTMG 
FARMS-DNI 
MAE (W/m2)
Lambert 
RRTMG 
FARMS-DNI 
RED 
Lambert 
RRTMG 
FARMS-DNI 

−34.36 
−12.95 

3.86 

45.17 
34.43 
32.29 

289.97 
225.60 
203.59 

212.28 
161.82 
151.76 

0.45 
0.27 
0.24 

−52.71 
−28.81 
−3.56 

64.10 
50.60 
50.01 

378.11 
306.81 
273.08 

252.30 
199.15 
196.83 

0.70 
0.45 
0.38 

−27.73 
−14.46 
−9.98 

35.32 
27.87 
25.89 

392.97 
329.50 
288.16 

263.60 
207.98 
193.23 

0.58 
0.48 
0.44 

−42.45 
–22.26 
−2.56 

57.49 
49.08 
49.06 

384.20 
331.88 
302.49 

258.55 
220.72 
220.64 

0.62 
0.45 
0.43 

−54.64 
−26.80 

1.53 

63.89 
48.69 
48.53 

390.84 
305.45 
271.99 

263.80 
201.04 
200.37 

0.70 
0.44 
0.40 

−61.47 
−37.73 

3.15 

72.87 
63.50 
68.84 

342.05 
297.32 
269.58 

204.36 
178.07 
193.03 

0.82 
0.57 
0.44 

−38.99 
−17.89 

5.86 

59.26 
51.48 
56.21 

346.49 
304.51 
293.17 

217.95 
189.35 
206.74 

0.56 
0.37 
0.40 

−28.62 
−10.86 
−0.59 

51.12 
46.04 
45.40 

406.62 
372.65 
346.57 

269.24 
242.45 
239.09 

0.53 
0.43 
0.44 

−54.39 
−34.52 
−14.08 

63.82 
52.62 
46.45 

411.66 
347.48 
297.08 

300.79 
246.31 
215.97 

0.76 
0.58 
0.48 

magnitude of DNI and the relative bias in the forecast using both the 
Beer-Bouguer-Lambert law and FARMS-DNI. For example, the DNI 
forecasts in the western United States show moderate biases com-
pared to the oceanic area and the eastern area, particularly around 

New England and the Great Lakes region. This similar fnding has 
also been reported in the evaluation using surface observations. This 
is attributed likely to the fewer clouds on average in the western 
United States and consequently the reduced uncertainty in cloud fore-
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Fig. 5. Annual mean DNI from satellite observations (upper) and the forecasts by WRF-Solar with the Beer-Bouguer-Lambert law (lower left) and FARMS-DNI (lower 
right). 

Fig. 6. The error metrics of the DNI forecasts by WRF-Solar with the Beer-Bouguer-Lambert law (left) and FARMS-DNI (right). 
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casting with smaller fuctuations in solar radiation. The negative cor-
relations become less apparent in the forecasts by FARMS-DNI owing 
to the improvements in the cloudy-sky DNI simulations. Note also 
from the PE in Fig. 6 that the irregular overestimation of DNI around 
the edges of the forecast domain is caused by a specifed and a relax-
ation zone related to the lateral boundary conditions used in WRF-
Solar (Skamarock et al., 2019). Due to the strong direct radiation in 
the western United States, the magnitude of the DNI bias is less area 
dependent, as proved by the RMSE of the forecasts; however, larger 
RMSEs around the mountain states, e.g., Colorado and Wyoming, are 
evident in the forecasts by FARMS-DNI, which indicates possibly 
higher uncertainty in the cloud forecast. The error metrics for the 
forecast domain in North America can be found in Table 2. 

4. Conclusions 

This study makes physics-based predictions of all-sky radiation in 
the circumsolar region using the state-of-the-art solar forecasting
model, WRF-Solar, coupled with FARMS-DNI. The forecast is evaluated
against surface-based observations at the ARM and SURFRAD sites as 
well as satellite-based data in an extended domain covering the con-
tiguous United States. The Beer-Bouguer-Lambert law, used by the lat-
est version of WRF-Solar and a variety of other NWP models, is used as
the baseline model to examine the performance of FARMS-DNI.

Based on the surface- and satellite-based data, the DNI forecasts by 
the Beer-Bouguer-Lambert law are systematically underestimated by 
30%-60%. These biases are significantly reduced by implementing
FARMS-DNI to account for the scattered radiation in the circumsolar re-
gion. The forecast errors are overall nonignorable though they are re-
duced by FARMS-DNI in the individual scenes. The negative correla-
tions between the DNIs and their relative biases indicates that the accu-
racy of DNI forecasting is severely infuenced by the long-term cloud 
coverage in the area.

Note that the forecasting of DNI using NWP models has two major
uncertainty sources: the forecasting of cloud properties and the simula-
tion of DNI. The bias in cloud forecasting— e.g., defective prediction of 
cloud coverage—attributes to a large portion of the bias in the DNI fore-
casting. The objective of this study is to reduce the uncertainty in the
radiative transfer computation given the existing bias in cloud forecast-
ing. Our results suggest that future improvements on cloud forecasting
by WRF-Solar are urgent, especially in the oceanic areas, mountain re-
gions, New England, and the Great Lakes region. 
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