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ABSTRACT

radiation reaching the surface.

The numerical weather prediction (NWP) models have widely
demonstrated their usefulness in solar energy forecasting.
Nevertheless, the high resolution and accuracy needed today
for the operational management of solar resources necessitates
a constant development of such models and a continuous
effort in the accurately representation of the physical
processes involved.

1. INTRODUCTION

In coastal California, the principal source of NWP model
inaccuracy is the presence of marine stratocumulus clouds.
These clouds have a strong influence on the radiative balance
and solar irradiance at the surface. In this work, the effect that
several combinations of parameterization schemes have on
simulating marine stratocumulus clouds is examined.
Specifically, the cloud microphysics, cumulus, radiation and
planetary boundary layer parameterization schemes
implemented in the Weather Research and Forecasting Model
(WRF) are analyzed. Additionally, the influence of the initial
and boundary conditions in the model have been tested.
In order to quantify the overall model performance, WRFsimulated cloud water path was compared to MODIS cloud
data, WRF-simulated GHI was compared to SolarAnywhere
data, and WRF-simulated vertical temperature/mixing ratio
profiles were compared against atmospheric radiosondes.
In general, the results revealed that the choice of
parameterization in addition to the initialization dataset
strongly influence the accuracy of the simulated cloud fields,
the thermodynamic properties of the atmosphere, and the solar

The principal factor limiting the extended applicability of
renewable based energy is power output variability.
Specifically, the solar energy is strongly affected by the
presence of clouds, which cause strong spatio-temporal
variability of the solar radiation reaching the surface. In
southern California, marine layer cloud cover is common
(1). Marine layer clouds are low-altitude stratocumulus
clouds that are common in summer mornings. Generally
these clouds are optically thick and can reduce photovoltaic production by up to 70%.
Several methods of solar forecasting have been
developed to accurately predict irradiance. For very
short-term forecasting, statistical techniques based on
analyses of historical irradiance time series are
commonly used, (2, 3). Alternatively, imagery-based
cloud advection techniques using local sky imagery (4)
or satellite images (5) have been implemented. However,
for longer forecast horizons (greater than 5 hours),
physics-based weather models (numerical weather
prediction (NWP)) are generally the most accurate
method (5). Since NWP directly simulate the
atmospheric thermodynamics that govern cloud cover,
cloud formation and dissipation is intrinsically predicted
and solar irradiance accuracy improved.
Previous
studies, however (6, 7, 8), have demonstrated that
irradiance forecasts using the operational NWP are
systematically erroneous and, thus, their applicability for

solar forecasting limited.
The principal sources of error in the NWP are the unresolved
physical processes which are parameterized, the nonlinear
interactions between the physical parameterizations, and
errors in the initial conditions. Additionally, numerical
diffusion and the horizontal and vertical resolution influence
model accuracy. The principal aim of this work is to analyze
the response of a high-resolution regional weather forecasting
model (WRF) using several physical parameterizations and
the effect of using different input data sources.

using the MYNN planetary boundary layer (PBL)
scheme, the Thompson microphysics (MP) scheme, the
Kain-Fritsch cumulus (CU) scheme, the RRTMG short
and long wave radiation scheme (SW/LW) and the Noah
soil model.
The simulations had a maximum forecast run time of 36
hours, beginning at 12:00 UTC for the day 08/06/2011
along with the North American Regional Reanalysis
(NARR) data, provided by the National Centers for
Environmental Prediction (NCEP), as boundary and
initial conditions.

2. METHODS
2.1.2 SELECTED SCHEMES
2.1 WRF CONFIGURATION
The Weather Research and Forecasting Model (WRF) is the
state of the art of Numerical Weather Prediction models. The
Advanced Research WRF (ARW) core also known as Mass
core, uses fully compressible, non-hydrostatic Eulerian
equations on an Arakawa C-staggered grid with conservation
of mass, momentum, entropy, and scalars (9).
In this work, the latest version WRFV3.4.1 has been used
along with the IGBP-Modified MODIS 20-category Land Use
dataset provided by the Boston University and modified by the
NCEP.
A bidirectional strategy has been selected for downscaling the
three selected domains which have 12, 4 and 1.3 km of
horizontal resolution. These domains are centered in San
Diego, California, (N32.881, W117.237) and they have 125 x
125, 124 x 124 and 100 x 100 horizontal grid cells
respectively. Also, 75 vertical levels have been selected with
higher resolution between the surface and 3 km.
The days 05/05/2011, 05/11/2011, 06/08/2011, 06/15/2011
and 06/23/2011 were selected because of marine layer
conditions while 05/13/2011 was selected because the passing
frontal system, (figure 1).
2.1.1 ENSEMBLE MEMBERS
A set of high-resolution model simulations was conducted
using 4 microphysics, 2 cumulus, 4 radiation, 2 PBL schemes
and 2 soil models, table 1. This results in 72 combinations of
WRF physic parameterizations forming the ensemble.
In this study, the ensemble members are named using letters
and numbers combination which are representative of the
physical options that were used. The letters refer to the
scheme type and the number to the WRF namelist option. The
soil model label is included in the name for some schemes. In
cases when it is not, the Noah soil model is used by default.
For example, a member named P5M10C1S4 was simulated

After the initial global ensemble was analyzed, 9
schemes were selected and 5 new days were simulated in
order to test the behavior for different meteorological
conditions. The days 05/05/2011, 05/11/2011,
06/15/2011 and 06/23/2011 were selected because of
marine layer conditions while 05/13/2011 was selected
because the passing frontal system.
The simulations were conducted using NARR as
boundary and initial conditions. However, a extra
member has been added to the simulation which use the
configuration P5M8C1S1 and the NCEP North American
Model (NAM) data as boundary and initial conditions.
2.2 OBSERVATIONAL DATA SOURCES
SolarAnywhere (SAW) data are derived from
Geostationary Operational Environmental Satellite
(GOES) visible imagery (24). SAW calculates global
horizontal irradiance (GHI) using the SUNY model. To
obtain GHI, a cloud index is calculated for each pixel
from the reflectance measured by the satellite.
Instantaneous, spatially averaged GHI is then calculated
by using the cloud index along with a clear sky model
that considers local and seasonal effects of turbidity (25).
SAW enhanced resolution satellite-derived irradiation
with 30-min temporal and 1 km spatial resolutions is
applied in this study.
MODIS Level2 Cloud Water Path (CWP) and the
associated uncertainty data are used to compare against
WRF-simulated cloud cover. MODIS (or Moderate
Resolution Imaging Spectroradiometer) is a key
instrument aboard the Terra (EOS AM) and Aqua (EOS
PM) satellites. Terra's orbit around the Earth is timed so
that it passes from north to south across the equator in the
morning, while Aqua passes south to north over the
equator in the afternoon. Terra MODIS and Aqua
MODIS are viewing the entire Earth's surface every 1 to
2 days, acquiring data in 36 spectral bands. The MODIS

Cloud Product combines infrared and visible techniques to
determine both physical and radiative cloud properties with a
horizontal resolution of ~1 km (26, 27).
Lastly, from MCAS Miramar, San Diego, (KNKX, N32.85,
W117.11) radiosonde data was obtained from the Integrated
Global Radiosonde Archive (IGRA) (28). This includes
profiles of temperature and mixing ratio. Additionally, the
inversion base height is calculated based on the criterion of
environmental lapse rate > 0.
2.3 ERROR METRICS
In this study, the well-known mean difference (BIAS) and the
root mean square deviation (RMSD) were used. The
observational fields were interpolated in order to match the
WRF inner domain resolution using bivariate linear
interpolation. The BIAS and the RMSD have been calculated
across the inner domain per each available time.
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In the case of MODIS comparison, a weight factor was
applied in order to take into account the uncertainty of the
observed Cloud Water Path. This weight function (w) was
defined as a linear function of the relative error (e) per pixel
and it is written as follows:

1−e i ; e i ∈ [0,1]
ωi =
0
; ei ∉ [0,1]

{

(4)
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The mean difference and the root square deviation obtained
using this weight function are called as wBIAS and wRMSD
in the text.
With this, we derived the BIAS and RMSD temporal
evolution during daytime by comparing with SAW data with a
temporal resolution of half an hour. Based on the BIAS
evolution, an agglomerative hierarchical clustering method
(29, 30, 31) was applied in order to determine the schemes
which present the higher behavior similarities.
The selected comparison metric has been the Euclidean

distance between elements, defined as:
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The linkage criterion selected was the “complete”
criterion, which is based on the max distance between
pairs.
The number of cluster selected has been based on the
variability generated by each cluster reaching a
compromise between low standard deviation per cluster
and low number of clusters.
3. RESULTS
3.1 GLOBAL ENSEMBLE
Based on the SAW-derived BIAS daytime evolution, we
applied an agglomerative hierarchical clustering method
in order to determine the similarities between model
parameterizations, (figure 2).
The least important physic parameterizations generating
variability in the results was the microphysics scheme.
Next were the soil model and the PBL scheme. In the
contrary, the most important parameterization was the
radiation scheme as it controls the energy budget.
Next, the number of clusters was selected based on the
variability generated by each cluster, eventually reaching
a compromise between low standard deviation per cluster
and low number of clusters, (figure 3).
As can be seen in the figure, the standard deviation
presented for each group is reduced as the number of
clusters increases. However, a good compromise
between the number of clusters and variability could be
reached by selecting a number as low as 8 clusters.
In general, all the schemes show a GHI overestimation
throughout the day. However, the clusters 5, 7 and 8
underestimate the GHI in the afternoon, the magnitude of
which is strongest for cluster 7 which contains only 3
members.
The highest bias is observed in general around 10:00
PST, being largest for the cluster 2 and lowest for the
cluster 7. However, the most accurate morning evolution
is obtained for the cluster 8, which shows an almost
constant BIAS around 50 Wm-2 until 9:00 PST

3.2 SELECTED SCHEMES
After clustering results, we have selected a representative
member per cluster (shown in Table 2) in order to cover the
whole model variability and to analyze the model behavior
under different meteorological conditions.
In general, all the schemes show similar bias evolutions, with
higher BIAS in the mornings and lower in the afternoon,
(figure 4). However, some of the model configurations
maintain positive BIAS for nearly all days while others show
negative BIAS in the afternoon for 2 or 3 days depending on
the scheme.
The days 06/15/2011 and 06/15/2011 show almost the same
trend for all of the schemes, reaching higher values for
P5M10C14S5 and P5M10C1S5.
The best simulated day is the 05/05/2011 for all of the
schemes. However, this day shows a different evolution
during the afternoon for the schemes P5M8C14S5,
P5M10C14S5 and P5M10C1S5 where the minimum BIAS is
obtained around 16:00 PST instead at noon. Additionally, this
behavior is observed for all of the schemes during the
day05/11/2011 .
The weighed BIAS and RMSD derived from MODIS Cloud
Water Path are show in the tables 3 and 4. The proper
simulation of the cloud water path is critical in determining
the radiation attenuated by the clouds. As can be seen, the
input data have an important effect on the model behavior
since the day 05/13/2011 shows very high values for the
model runs with NARR. However, the results are comparable
for the rest of the days.
The lowest wRMSD are observed for the days 05/05/2011 and
05/11/2011 and also the wBIAS are close to zero for these
days. For the days 06/15/2011 and 06/23/2011, negative
wBIAS is observed indicating the model is underestimating
the cloud water content. These two days present very similar
values for the both score functions, indicating the
meteorological forcing is too strong to be affected by the
model configuration selected.
In the tables 5 and 6, the BIAS and RMSD derived from
radiosondes are given. In general, all of the schemes
underestimate the profile temperature for all days and the
mixing ratio for four of the six days. Also, the new SAS
cumulus scheme (C14) is increasing slightly the amount of
water in the column. However, the amount is comparable for
all of the schemes indicating small differences in the vertical
profile could derive in large global evolution discrepancies.
Table 7 presents the differences between the inversion height
derived from the model simulations and the observed

radiosondes. As can be seen, the PBL and the radiation
schemes are affecting the inversion base height. The days
2011/05/14, 2011/06/09 and the 2011/06/15 show the
same tendency for all of the schemes, being negative
(height underestimation) for the first two and positive for
the last one.
Additionally, the YSU (P1) configurations provide
higher inversion heights than the MYNN (P5) ones.
However, the MYNN containing configurations trend to
provide too low inversion base which is partially
corrected by the inclusion of the RRMTG radiation
scheme (S4), probably due to a lower radiation
attenuation from clouds and, thus, a higher surface
temperature which increases the surface heat flux.
Alternatively, the day 06/16/2011 shows a general
overestimation of the inversion base height which could
be due to the input data. This fact again would indicate
that the input data are strongly forcing the results.
4. CONCLUSIONS
In this work, the capability of several combinations of
cloud microphysics, cumulus, radiation and planetary
boundary layer parameterization schemes implemented
in the Weather Research and Forecasting Model (WRF)
to simulate accurately the marine stratocumulus in the
California coast were analyzed.
Additionally, the
influence of the initial and boundary conditions in the
model have been tested.
A set of high-resolution model simulations was
conducted using 4 microphysics, 2 cumulus, 4 radiation,
2 PBL schemes and 2 soil models. With this, we selected
72 combinations of WRF physic parameterizations and
compared the results to cloud data from MODIS,
SolarAnywhere data from the SUNY model, and
temperature and mixing ratio profiles provided by
radiosondes.
After the initial global ensemble was analyzed by means
of agglomerative hierarchical clustering, 9 schemes were
selected and 5 new days were simulated in order to test
the behavior for different meteorological conditions.
The results showed that the least influential physics
parameterization is the microphysics scheme. This is
followed by the soil model and the PBL scheme. On the
contrary, the most important parameterization causing
variability is the radiation scheme as it controls the
energy budget.
In general, all the schemes show a GHI overestimation
during the whole day, with the largest magnitudes around

10:00 PST. However, some schemes underestimate the GHI in
the afternoon.
The input data (initial and boundary conditions) have an
important effect on the model behavior. However, the results
are comparable in general for NARR and NAM for the
majority of the days.
Additionally, some days present very similar values for the
score functions, indicating the meteorological forcing is too
strong or the errors in the initial conditions are too large to be
effected by the model configuration selected.
In general, all of the schemes are underestimating the
temperature profile for all days and the mixing ratio for four
of the six days. Also, the new SAS cumulus scheme (C14)
slightly increases the amount of water in the column.
However, the amount is comparable for all of the schemes
indicating small differences in the vertical profile could result
in large global evolution discrepancies.
Finally, the PBL and the radiation schemes affect the
inversion base height. The YSU containing configurations
tend to simulate higher inversion heights than the MYNN
containing configurations. However, the MYNN simulate too
low of inversion bases which is partially corrected by the
inclusion of the RRTMG radiation scheme. This is probably
due to a lower radiation attenuation from clouds and, thus, a
higher surface temperature which increase the surface heat
flux.
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FIGURES AND TABLES

Figure 1. Global horizontal irradiance for the selected days

Figure 2. Hierarchical clustering for the global ensemble with 8 clusters for 06/08/2011.

Figure 3. Mean SAW derived BIAS (W m-2) evolution and standard deviation (dashed lines) for 3 clusters (left) and 8
clusters (right) for 06/08/2011. The number in brackets corresponds to the members number per each cluster.

Figure 4. SAW derived BIAS (W m-2) evolution for each model configuration. The “all days” dashed line represents the
scheme averaged BIAS and the “global” dashed line represents the all schemes and all days averaged BIAS.

TABLE 2. Selected schemes
Cluster

Model configuration

GHI BIAS behavior

1

P5M8C1S1

positive

2

P1M10C14S5

worst in the morning

3

P5M10C14S3

best in the afternoon

4

P5M8C14S5

positive

5

P5M10C1S4

post meridian (pm) negative

6

P5M10C1S5
P1M10C1S5

positive

7

P5M10C14S4

pm negative (worst in the afternoon)

8

P5M10C14S5

pm negative (best in the morning)

TABLE 3. Weighted BIAS derived from MODIS Cloud Water Path (g m-2)
20110505
20110511
20110513
20110608
wBIAS
19:00 UTC
18:25 UTC
18:15 UTC
18:50 UTC
NAM
1.92
12.20
25.11
-27.25
P5M8C1S1
-1.17
-3.26
180.89
-32.94
P5M10C14S3
11.20
3.92
192.51
57.64
P1M10C14S5
5.58
3.38
157.55
-10.43
P1M10C1S5
5.58
-2.63
156.48
-21.06
P5M10C14S5
10.01
1.42
202.81
8.18
P5M10C1S5
10.04
-0.20
202.71
-21.25
P5M10C1S4
0.996
-2.88
159.99
-25.40
P5M10C14S4
0.995
-1.39
160.05
-3.33
P5M8C14S5
10.43
1.08
209.99
0.691

20110615
18:55 UTC
-23.08
-37.23
-28.03
-34.84
-34.84
-36.36
-36.34
-38.02
-38.02
-36.87

20110623
18:05 UTC
19.00
-41.55
-33.93
-39.70
-39.69
-41.06
-41.05
-41.26
-41.26
-41.22

mean
1.32
10.79
33.89
13.59
10.64
24.17
18.99
8.90
12.84
24.02

TABLE 4. Weighted RMSD derived from MODIS Cloud Water Path (g m-2)
20110505
20110511
20110513
20110608
wRMSD
19:00 UTC
18:25 UTC
18:15 UTC
18:50 UTC
NAM
6.54
26.96
58.41
48.41
P5M8C1S1
4.24
10.85
337.83
57.16
P5M10C14S3
26.60
9.50
337.17
111.89

20110615
18:55 UTC
40.96
54.02
43.99

20110623
18:05 UTC
50.43
59.46
52.39

mean
38.62
87.26
96.92

P1M10C14S5
P1M10C1S5
P5M10C14S5
P5M10C1S5
P5M10C1S4
P5M10C14S4
P5M8C14S5

16.33
16.33
20.58
20.58
7.83
7.83
24.13

10.57
10.08
6.08
6.31
9.44
6.47
5.74

251.94
249.56
337.71
337.17
283.77
283.36
343.44

54.45
48.49
61.20
48.93
50.59
52.44
56.37

50.77
50.76
52.68
52.66
53.69
53.69
52.08

57.65
57.65
58.85
58.84
59.15
59.15
59.05

73.62
72.15
89.52
87.42
77.41
77.15
90.13

TABLE 5. BIAS and RMSD derived from San Diego (KNKX) radiosonde Temperature (oC) from surface to 3km
20110506
20110512
20110514
20110609
20110616
20110624
00:00 UTC
00:00 UTC
00:00 UTC
00:00 UTC
00:00 UTC
00:00 UTC
P5M8C1S1
-1.10
1.93 -0.68 1.88
-0.02
2.01 -0.75 1.80 -1.33
2.20 -1.66 2.93
P5M10C14S3
-0.93
1.79 -0.84 1.91
-0.52
1.96 -1.21 2.66 -1.25
2.05 -1.50 2.78
P1M10C14S5
-1.06
2.12 -0.93 1.91
-0.20
1.93 -0.97 1.69 -1.45
2.28 -1.88 3.00
P1M10C1S5
-1.06
2.12 -0.93 1.92
0.11
2.10 -0.97 1.71 -1.48
2.32 -1.88 3.01
P5M10C14S5
-1.10
1.84 -0.87 1.92
-0.01
2.07 -0.95 1.92 -1.41
2.18 -1.91 2.92
P5M10C1S5
-1.10
1.84 -0.94 1.99
0.09
1.91 -0.91 1.77 -1.42
2.19 -1.92 2.93
P5M10C1S4
-0.94
1.84 -0.65 1.83
0.10
2.08 -0.72 1.82 -1.20
2.16 -1.52 2.83
P5M10C14S4
-0.94
1.84 -0.70 1.84
-0.15
1.93 -0.72 1.77 -1.19
2.15 -1.52 2.83
P5M8C14S5
-1.10
1.84 -0.88 1.92
-0.24
1.83 -0.93 1.89 -1.41
2.18 -1.90 2.92
TABLE 6. BIAS and RMSD derived from San Diego (KNKX) radiosonde Mixing Ratio (g kg-1) from surface to 3km
20110506
20110512
20110514
20110609
20110616
20110624
00:00 UTC
00:00 UTC
00:00 UTC
00:00 UTC
00:00 UTC
00:00 UTC
P5M8C1S1
0.55
1.47 -0.71 1.14
-0.48
1.29
0.02
0.76 -0.64 0.91 -1.77 2.10
P5M10C14S3
0.32
1.68 -0.70 1.12
-0.40
1.37 -0.04 0.73 -0.63 0.85 -1.73 2.06
P1M10C14S5
0.52
1.87 -0.52 0.81
-0.40
1.25
0.14
0.67 -0.63 0.93 -1.73 2.00
P1M10C1S5
0.52
1.87 -0.35 0.66
-0.55
1.34
0.07
0.69 -0.62 0.92 -1.73 2.00
P5M10C14S5
0.44
1.56 -0.67 1.09
-0.59
1.41
0.01
0.77 -0.65 0.88 -1.70 2.09
P5M10C1S5
0.45
1.56 -0.71 1.14
-0.65
1.36 -0.01 0.76 -0.65 0.87 -1.70 2.09
P5M10C1S4
0.48
1.51 -0.61 1.09
-0.56
1.34
0.02
0.79 -0.57 0.91 -1.66 2.02
P5M10C14S4
0.48
1.51 -0.61 1.08
-0.44
1.26
0.03
0.77 -0.57 0.91 -1.66 2.02
P5M8C14S5
0.45
1.56 -0.66 1.08
-0.51
1.39
0.01
0.78 -0.64 0.87 -1.71 2.09
TABLE 7. Inversion base height difference derived from San Diego radiosounding (m)
20110506
20110512
20110514
20110609
20110616
00:00 UTC
00:00 UTC
00:00 UTC
00:00 UTC
00:00 UTC
P5M8C1S1
-23.5
-72.1
83.3
-90.3
105.3
P5M10C14S3
-55.9
-73.9
-194.8
-97.9
63.6
P1M10C14S5
122.7
53.9
-70.5
-43.3
147.4
P1M10C1S5
122.7
100.5
-69.9
-43.3
147.3
P5M10C14S5
-55.9
-73.3
-193.9
-139.1
63.5
P5M10C1S5
-55.9
-73.8
-220.2
-92.3
63.5
P5M10C1S4
-23.4
-72.3
-193.3
-137.8
105.4
P5M10C14S4
-23.4
-72.6
-165.4
-137.9
105.5
P5M8C14S5
-56.0
-73.3
-136.6
-138.9
63.6

20110624
00:00 UTC
18.2
-19.0
97.8
97.8
-89.8
-89.8
18.4
18.4
-89.7

