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Abstract Studies of land surface processes in complex terrain often require estimates of meteorological
variables, i.e., the incoming solar irradiance (Qsi), to force land surface models. However, estimates of Qsi

are rarely evaluated within mountainous environments. We evaluated four methods of estimating Qsi: the
CERES Synoptic Radiative Fluxes and Clouds (SYN) product, MTCLIM, a regional reanalysis product derived
from a long-term Weather Research and Forecast simulation, and Mountain Microclimate Simulation Model
(MTCLIM). These products are evaluated over the Central Valley and Sierra Nevada mountains in California, a
region with meteorology strongly impacted by complex topography. We used a spatially dense network of
Qsi observations (n= 70) to characterize the spatial characteristics of Qsi uncertainty. Observation sites were
grouped into five subregions, and Qsi estimates were evaluated against observations in each subregion.
Large monthly biases (up to 80Wm�2) outside the observational uncertainty were found for all estimates in
all subregions examined, typically reaching a maximum in the spring. We found that MTCLIM and SYN
generally perform the best across all subregions. Differences between Qsi estimates were largest over the
Sierra Nevada, with seasonal differences exceeding 50Wm�2. Disagreements in Qsi were especially
pronounced when averaging over high-elevation basins, with monthly differences up to 80Wm�2. Biases in
estimated Qsi predominantly occurred with darker than normal conditions associated with precipitation (a
proxy for cloud cover), while the presence of aerosols and water vapor was unable to explain the biases. Users
of Qsi estimates in regions of complex topography, especially those estimating Qsi to force land surface
models, need to be aware of this source of uncertainty.

1. Introduction

The incoming solar irradiance (Qsi) is the primary energy input for the surface. This energy flux plays a central role
in governing the mass and energy cycles at the land surface, for instance providing energy for melting snow
[Cline, 1997; Mazurkiewicz et al., 2008], potential evapotranspiration [Gong et al., 2006; Irmak et al., 2012; Cristea
et al., 2013], and controlling the diurnal cycle of land surface temperature and latent and sensible heat fluxes.

In uncoupled land surface models (LSMs), it is commonly assumed that the uncertainties in land surface
model processes are substantially larger than the forcing data errors, often with the meteorological forcing
completely neglected as a source of uncertainty [e.g., Rutter et al., 2009]. A number of recent studies have
explicitly examined how uncertainty in the Qsi data used to force LSMs influences model performance.
Uncertainty in Qsi has been found to alter parameter selection in a hydrologic model [Xia et al., 2005], cause
large differences in simulated high-elevation runoff [Mizukami et al., 2014; Hinkelman et al., 2015], and
strongly control the rate of simulated snowmelt [Lapo et al., 2015b]. Ménard et al. [2015] concluded that
uncertainty in their forcing data, including Qsi, was the largest source of uncertainty when considering multi-
ple configurations of the same land model. These studies taken together suggest that uncertainty in Qsi esti-
mates can have a substantial impact on land surface modeling.

Uncertainties in forcing data have the potential to create an “insidious data disaster,” subtle data errors that
inhibit model development and evaluation if they are not accounted for when forcing LSMs [Lundquist et al.,
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2015]. Therefore, the goals of this study are to characterize the uncertainty in Qsi estimates used in studies of
land surface processes, provide guidance in the use of these estimates, and to attribute uncertainties in Qsi

estimates to particular meteorological conditions. In doing so, we also hope to bridge between the commu-
nities that develop estimates of Qsi and the communities that use these estimates for land surface modeling.

There are numerous methods for estimating irradiances, all of which are used to varying extents within com-
munities that study the land surface. Qsi can be estimated by using satellite observations to constrain a radia-
tive transfer model [e.g.,Wielicki et al., 1998], output from reanalysis [e.g.,Mesinger et al., 2006], and empirical
methods that relate other more commonly observed meteorological variables to Qsi [e.g., Thornton and
Running, 1999]. While the empirical approaches are historically the most common methods in land surface
hydrology, Qsi estimates from other methods have been used to take advantage of their spatial and temporal
continuity [e.g., Durand et al., 2008; Langlois et al., 2009; Shi et al., 2009;Ménard et al., 2015] and to capture the
patterns of irradiances in sparsely observed regions [e.g., Simpson et al., 2004; Hinkelman et al., 2015].

However, there is a distinct lack of knowledge about how these estimates perform in mountainous regions.
Qsi estimates are typically evaluated at a selected number of high-quality sites. This approach is typified by
the Radiative Flux Assessment [Raschke et al., 2012], in which globally estimated surface irradiances were
evaluated at select number of high-quality observation sites. These same sites are repeatedly used in evalua-
tions of estimated irradiances [Hinkelman et al., 1999; Cosgrove et al., 2003; Luo, 2003; Pinker et al., 2003;
Schroeder et al., 2009; Zhang et al., 2012; Bohn et al., 2013]. creating a disconnect between the location these
estimates of Qsi are evaluated and the regions in which the estimates are used. In particular, mountainous
environments are critical regions in hydrology [Viviroli et al., 2007], yet the overwhelming majority of these
commonly used evaluation sites are not located in complex terrain. Studies have noted the large uncertainty
of Qsi within areas of complex terrain [Hinkelman et al., 2012; Raschke et al., 2012; Slater et al., 2013]. However,
given the limitations of few observations and the high spatial variability of Qsi in regions of complex terrain
[Hakuba et al., 2013], no conclusion could be drawn on what products perform the best in this environment.

In this study we address the uncertainty and variability of Qsi estimates over a study domain with meteorol-
ogy strongly influenced by topography, the Central Valley and Sierra Nevada Mountains in California. Unique
to this study, we employ relatively dense spatial ground observations, enabling us to sample how uncertainty
varies spatially (Figure 1). To focus on Qsi uncertainty relevant to land surface modeling, we evaluate Qsi pro-
ducts that have been or will be used in hydrologic studies in complex terrain: the Mountain Microclimate
Simulation Model v4.2 (MTCLIM) [Thornton and Running, 1999; Thornton and Hasenauer, 2000], the Clouds
and the Earthˈs Radiant Energy System (CERES) synoptic cloud and radiation (SYN) product [Doelling et al.,
2013; Rutan et al., 2015], the North American Land Data Assimilation System (NLDAS) [Cosgrove et al.,
2003], and a dynamically downscaled data set generated using the Weather Research and Forecast (WRF)
model with the North American Regional Reanalysis (NARR) [Mesinger et al., 2006] as lateral boundary condi-
tions, similar to that documented in Hughes et al. [2012]. We target mean differences in Qsi, which have been
found to have much larger impact on snow models than random errors [Lapo et al., 2015b; Raleigh et al.,
2015]. Finally, we attribute uncertainty in Qsi to specific meteorological conditions.

In section 2 we describe the study domain and its typical meteorological patterns (section 2.1), our approach
of using a spatially dense network of lower quality observations (section 2.2), the ground observations
(section 2.3), the regional classification of the ground observations (section 2.4), and the methods for estimat-
ing Qsi evaluated in the study (section 2.5). In section 3 we present results on how estimates of Qsi evaluate
against ground observations (section 3.1). These results are discussed in section 4, specifically addressing
patterns of uncertainty in Qsi (section 4.1), attributing errors in Qsi to particular meteorological conditions
(section 4.2), and providing guidance on selecting estimates of Qsi (section 4.3).

2. Data and Methods
2.1. Study Domain

Areas of complex topography are characterized by unique meteorological conditions that influence Qsi: reoc-
curring cloud patterns such as afternoon thunderstorms [Olyphant, 1984] and mountain wave clouds
[Grubišić and Billings, 2008], topographically driven gradients in water vapor [Feld et al., 2013], stable inver-
sions causing persistent fog [Underwood et al., 2004; Lundquist and Cayan, 2007; Baldocchi and Waller,
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2014] and trapping aerosols [De Young et al., 2004; McMeeking et al., 2006], and reduced optical depths from
water vapor, aerosols, and air mass due to higher elevations [Marty et al., 2002; Yang et al., 2010].

The typical meteorological conditions of the study domain and how they are expressed by surface measure-
ments of Qsi are demonstrated with Moderate Resolution Imaging Spectroradiometer (MODIS) mosaic
images (worldview.earthdata.nasa.gov) overlaid with the observed daily irradiances (section 2.3, Figure 2).
Clear-sky conditions are commonly found over the California study domain. Even during clear-sky conditions,
substantial spatial variability in the observed irradiance exists due to the influence of water vapor and aero-
sols (Figure 2a), highlighting the large variability between neighboring stations that can occur even in the
absence of clouds. This spatial variability between closely located stations, even under clear-sky conditions,
has been noted in the past [Wang et al., 2012]. The Central Valley is well known for its radiation fog, or tule
fog, that occurs during the winter [Baldocchi and Waller, 2014]. The air near the surface cools at night, forming
fog that can reach up to 300m in height but still remains confined to the Central Valley [Underwood et al.,
2004]. An example of tule fog is shown in Figure 2b, with a sharp gradient between low-elevation valley sta-
tions within the fog and those outside it, leading to a difference of an order in magnitude in observed Qsi

values. Similar to tule fog, aerosols can become trapped in the Central Valley [Ying and Kleeman, 2009].
While there are higher aerosol concentrations during the winter [Zhang and Anastasio, 2001], the summer
sees the largest aerosol optical depths due to the influence of wildfires [Lewis et al., 2010]. In Figure 2c, smoke,
likely from wildfires, accumulated in the southern Central Valley and is visible as a haze in the MODIS mosaic.
There is no clear signal of the aerosol asymmetry between the north and south of the valley in the mean Qsi

Figure 1. (a) The California study domain with observations grouped by region classification and network (see text). (b) The
number of ground observations available during each month after quality control screening.
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observations, but a clear difference between the valley sites and the mountain sites is evident. Finally,
Californiaˈs precipitation is strongly seasonal, with the majority occurring in the winter [Finkelstein and
Truppi, 1991] during atmospheric river events [Dettinger et al., 2011; Rutz et al., 2014]. These synoptically
driven events lead to widespread stratocumulus cloud cover across the study domain. In contrast, clear days
(Figure 2a) dominate the summer and shoulder seasons. Spatial gradients in this cloud cover can lead to an
order of magnitude difference in the daily Qsi observed by the surface stations, as demonstrated in Figure 2d.
The sharp gradient in cloud cover in Figure 2d (cloudy in the west, clear in the east) along the crest of the
Sierra Nevada is a commonly observed feature.

2.2. Using a Dense Network of Lower Quality Observations

In order to understand how Qsi varies over the complex topography of the study domain, we require a rela-
tively dense spatial distribution of surface observations. Prior evaluations mainly used isolated observation
sites, such that no conclusions could be drawn regarding the spatial patterns [e.g., Slater et al., 2013;
Hinkelman et al., 2015]. Typically, it is assumed that neighboring stations experience different meteorological
conditions at shorter (e.g., daily) time scales but similar conditions when considering longer time scales (e.g.,
monthly or annual) [Wang et al., 2012]. However, this assumption is less straightforward in mountainous
environments, for instance due to orographically driven cloud patterns. Spatial variability in Qsi has been
found to be much higher in regions of complex terrain [Hakuba et al., 2013], with other studies noting large
differences in Qsi between closely located low- and high-elevation sites, notably due to differences in cloud
amount [Iziomon et al., 2001; Marty et al., 2002], as shown in Figure 2d.

Estimating spatial patterns of Qsi requires a departure from the typical approach of using high-quality but
isolated stations. Instead, we must rely on “second tier” observations. The large majority of shortwave

Figure 2. Example of common meteorological features as observed by mosaic images of MODIS corrected surface reflec-
tances with daily mean observations of Qsi for (a) clear conditions (15 August 2009), (b) radiation fog within the valley
(3 December 2008), (c) a day with high aerosol concentrations (23 October 2005), and (d) a day during a large, synoptically
driven precipitation event over California (6 March 2006).
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observations in mountainous environments are unable to meet World Meteorological Organization (WMO)
guidelines for moderate quality [World Meteorological Organization, 2008] (for an exhaustive list of networks
that observe Qsi across the continental U.S., see Slater [2015]), namely failing to meet the requirements for
daily inspections and appropriate instrumentation. These stations have substantially larger uncertainty asso-
ciated with their Qsi observations, especially in mountains as conditions typical of these environments, such
as extensive shading by topography and vegetation, snow obscuring pyranometer domes, tilting, limited
access for maintenance, and thermal offsets, create observational uncertainties not frequently encountered
in other climates.

Wehave developedmethods for quality controlling observations from sites that do notmeetWMOguidelines,
described in the supporting information. Specifically, we identify and remove periods of shading caused by
both vegetation and topography, periods with snow obscuring pyranometer domes [Lapo et al., 2015a], and
thermal leaking [Philipona, 2002], in addition to screening for nonphysical observations [Long and Shi, 2008].
Thesequality controlmethods require specificobservations to function: hourlyobservationsofQsi, air tempera-
ture, wind speed, and precipitation. Thesemethods are unable to identify sensor drift, necessitating the use of
observations that receive regular maintenance. To compensate, we take advantage of the expected similarity
between observations that experience similar meteorology to remove observations that do notmatch nearby
stations in the long-termmean. These quality control methods allow the diagnoses of particular observational
errors in order to make use of these otherwise underutilized data. All code for running these quality control
methods is freely available (github.com/Mountain-Hydrology-Research-Group/moq).

Other studies that have examinedQsi spatial variability over large regions have also needed to use lower qual-
ity observations. Using these lower quality observations requires extensive quality control [Tang et al., 2010;
Slater, 2015]. The approach taken by Tang et al. and Slater to address the additional uncertainty from these
“second tier” observations was to screen observedQsi values using modeled clear-sky values. As a result, both
studies strongly rely on the accuracy of their modeled clear-sky Qsi. Slater scales observations within some
tolerance of the modeled clear-sky values to match the modeled values. This approach, while accounting
for calibration differences between sites, limits the analysis to only periods that are relatively clear.
Similarly, Tang et al. note that their method likely is not applicable to regions of high pollution or dense cloud
cover. Additionally, Tang et al. use their modeled values to fill gaps within their data. These approaches may
lead to some circularity in the evaluation of Qsi estimates: observations are screened to match modeled
values, which are then used to evaluate modeled irradiances. There are clear difficulties associated with using
lower quality observations, but in many areas these observations are all that are available. Future research
would strongly benefit from an explicit examination of how different quality control methods perform rela-
tive to trusted observations.

2.3. Ground Observations

Surface observations come from two networks: the California Irrigation Management Information System
(CIMIS), operated by the California Department of Water Resources, and the Scripps Institution of
Oceanography (SIO) hydroclimate network, jointly operated by SIO and the United States Geological Survey
(Figure 1). These stations are roughly split between the Central Valley and Sierra Nevada, respectively. The
stations are grouped according to the meteorology of each region (section 2.4).
2.3.1. CIMIS
The CIMIS network is designed to estimate the evaporative demands for irrigators. The CIMIS observations
were obtained through the University of California Integrated Pest Management (IPM) weather station net-
work (ipm.ucdavis.edu). The data include extensive metadata, including site environment, maintenance,
and filling methodology of missing data. Questionable and missing data are filled from a neighboring station
that is judged to have similar meteorological conditions, providing a temporally complete daily time series
for each station.

The 54 CIMIS stations used in this study are locatedmostly within the Central Valley, with some in the foothills
of the Sierra Nevada (Figure 1a) with most of the observations available prior to the start date of the study
period (Figure 1b). Qsi observations are made with LI-COR® LI200X pyranometers. Silicon sensors, such as
these, are known for their lower accuracy compared to thermopile instruments, especially due to nonlinear
spectral response [Sengupta et al., 2012; Vignola et al., 2014]. Further complicating instrument uncertainty,
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corrections developed at low elevations are not applicable to high elevations [Sengupta et al., 2012].
Precipitation is also observed at the CIMIS stations.
2.3.2. Scripps
The SIO hydroclimate network was designed to fill the gaps between the California Department of Water
Resources stations along an east-west transection of the Central Sierra Nevada. The observations are
arranged to investigate the elevational gradients of Qsi and other meteorological measures across the trans-
ect. Locations were chosen such that topographic- and tree-shading effects are minimized, but not entirely
removed (supporting information). The other measures available from the network include air temperature
and pressure, relative humidity, wind speed, and precipitation. The observations were provided by the SIO
Hydroclimate Group.

The Qsi observations are made with LI-COR® LI-200SA pyranometers. The pyranometers are factory calibrated
and replaced approximately every 2 years. The installation started in 2004 with only three stations, and more
stations were gradually added to the network in the following years (Figure 1b). The observations are mostly
available post-2008. Of the 18 SIO stations used in this study, 10 stations are located along the Tioga Road
(a part of California State Route 120) in Yosemite National Park. Other stations are installed in the White
Mountain (seven stations) and Devilˈs Postpile National Monument (one station) areas. Unlike CIMIS, the
SIO data sets were provided as raw data, which means no quality control had been performed. Thus, quality
control procedures were applied to address the issues of missing data and snow- and topographic/tree-
shading-related errors. These quality control techniques allow us to place a greater confidence in the
mountain observations.
2.3.3. Aerosol Robotic Network
Potential sources of uncertainty in Qsi estimates include aerosols and water vapor. To test how those quan-
tities influence estimated Qsi, we use observations from the Aerosol Robotic Network (AERONET, aeronet.
gsfc.nasa.gov) [Holben et al., 1998] Fresno station (36.78°N, 119.77°W, 0m, Figure 1a). Total aerosol optical
depth and precipitable water vapor are derived from the cloud-screened level 2.0 Sun photometer data.

2.4. Observation Subregions

Based on the meteorological features of this study domain we classify observation sites into geographic
regions. This grouping of stations enables comparisons both between stations where we expect similarities
in observed Qsi values for quality control purposes (supporting information) and region-specific comparisons
between estimated and observed Qsi. Observation sites are classified into five groups (Figure 1a): (1) South
Central Valley (SCV): Central Valley stations (elevation< 100m) south of 37N; (2) North Central Valley
(NCV): Central Valley stations (elevation< 100m) north of 37N; (3) Foothills (FHLLS): stations outside the
influence of the Central Valley yet still in the foothills elevations of the Sierra Nevada
(100m< elevation< 800m); (4) East of Crest (EC): mountain stations (elevation> 800m) east of the crest
of the Sierra Nevada; and (5) West of Crest (WC): mountain stations (elevation> 800m) west of the crest of
the Sierra Nevada.

We assign uncertainty to the ground observations based on how the Qsi observations spread within each
group. The monthly standard deviation of Qsi among stations within a group is composited by month, yield-
ing a time varying uncertainty for each region (grey region in Figure 3). Biases at the monthly scale between
the observations and products below these uncertainty thresholds are considered insignificant, as the obser-
vations themselves spread by a larger amount.

2.5. Estimated Irradiances

Estimated irradiances are matched to surface observations by extracting the grid cell containing the surface
station for each product. Products are compared to observations within a region, thereby explicitly focusing
on the mean irradiance within a region, rather than an individual station. A regional analysis with multiple
stations limits issues of spatial representativeness that have been found in regions of complex terrain
[Hakuba et al., 2013]. As such, we do not expect that the representativeness of the different spatial scales
of the estimated irradiances is an issue in this analysis.
2.5.1. CERES SYN
CERES SYN is a global 1° gridded surface irradiance product with a temporal resolution of 3 h that includes
both upwelling and downwelling irradiances [Rutan et al., 2015]. The SYN surface radiative fluxes are
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computed by applying a two-stream radiative transfer model [Fu and Liou, 1993; Kato et al., 2005] to a descrip-
tion of the atmospheric column that is based primarily on satellite observations. Cloud properties are pro-
vided by MODIS 4 times a day. Between MODIS overpass times, cloud properties are derived from 3-hourly
geostationary satellite measurements that have been carefully calibrated tomatch the MODISmeasurements
[Doelling et al., 2013]. Thus, the output fluxes reflect both the daily solar cycle and its modification by chan-
ging cloud conditions. We use the recommended “untuned” values from SYN [Rutan et al., 2015]. SYN was
also recently evaluated in mountainous environments using observations that had been quality controlled
using the techniques described in this paper [Hinkelman et al., 2015]. We use SYN data for the period July
2002 to May 2014.
2.5.2. NLDAS
The North American Land Data Assimilation (NLDAS) project provides data sets to support land surface mod-
eling studies, with the specific goal of improving simulations of soil moisture. NLDAS Qsi is available 1979-
present at 1/8° and hourly resolution [Cosgrove et al., 2003]. Qsi values are found by downscaling output from

Figure 3. Composited monthly biases in Qsi for all products (columns) and regions (rows, Figure 1). The thick red line is the
mean bias for eachmonth, and the red region is themean standard deviation of the product for that month and region. The
grey region is the estimated observational uncertainty, based on the composited monthly standard deviation of obser-
vations within each group. The number in the upper right hand corner of each subplot is the mean bias over the entire
study period.
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the North American Regional Reanalysis (NARR) 32 km spatial grid and 3 h times step to the NLDAS resolution.
The downscaled NLDAS Qsi fields are bias corrected based on the ratio of monthly irradiances from a GOES
satellite-derived and NARR Qsi [Cosgrove et al., 2003]. The downscaled values are technically instantaneous,
and not hourly averages, although it is unclear how much this distinction impacts the values obtained from
NLDAS. NLDAS is a common source of data for snow hydrology studies, especially reconstructions of the
snow water equivalent (SWE) [Durand et al., 2008]. We use NLDAS data from the period January 2004 to
December 2010.
2.5.3. Regional WRF Simulations
The regional WRF simulations were generated using WRF version 3.6.0 [Skamarock et al., 2008] to dynamically
downscale NARR, with a methodology very similar to that used in Hughes et al. [2012]. The WRF downscaling
had two nested domains, with an outer 18 km grid extending across the northeastern Pacific and much of the
U.S. intermountain west, and a 6km domain that covers all of California (similar to Figure 1 in Hughes et al.
[2012]). Both domains had 82 vertical levels, with ~50–75m resolution within the lowest 2 km of atmosphere, with
model top at 100hPa. Both domains use Morrison double-moment microphysics [Morrison et al., 2009], Dudhia
shortwave radiation [Dudhia, 1989] and Rapid Radiative Transfer Model (RRTM) longwave radiation [Mlawer
et al., 1997] called every 6min, Kain-Fritsch convective parameterization [Kain, 2004], Yonsei University planetary
boundary layer scheme [Hong et al., 2006], and Noah land surface model [Tewari et al., 2004]. Tmodel was initia-
lized 3h prior to 0 UTC on the 1st, 6th, 11th, 16th, 21st, and 26th of eachmonth, with the first 3h discarded as spin-
up, and run through 0Z of the next time period (i.e., run for 5days, 3 h, except at the end of each month, which
differs based on month length). We use WRF Qsi for the period January 2004 to December 2014.
2.5.4. MTCLIM
We use MTCLIM as implemented in the Variable Infiltration Capacity (VIC) Macroscale Hydrologic Model v4.2b
[Liang et al., 1994]. MTCLIM relates the diurnal temperature range, relative humidity, and precipitation to Qsi

through the Thornton-Running empirical method [Thornton and Running, 1999; Thornton and Hasenauer,
2000]. Gridded meteorological data for running MTCLIM over the study area were obtained from the
Livneh et al. [2014] data set. Historically, empirical algorithms, such as MTCLIM, are the most commonly used
methods to force LSMs.

There are considerable differences between versions 4.2 and 4.3 of MTCLIM. VIC implements version 4.3 of
MTCLIM. However, the version 4.3 features, namely the bias correction to Qsi in the presence of snow and
iterative solutions to humidity, are turned off by default. Effectively, turning these features off means that
MTCLIM within VIC is version 4.2 (T. Bohn, personal communication, 2016). Given the confusion regarding
which version of the algorithm is available and the difference in performance between the two versions,
we caution future users of MTCLIM. Bohn et al. [2013] evaluated MTCLIM against selected high-quality obser-
vations and found that version 4.2 performed well for noncoastal sites, a result supported by Slater [2016]. In
our study we use MTCLIM to refer to MTLCIM v4.2 forced by the Livneh data. MTLCIM is available at 1/16° spa-
tial resolution for the period January 2000 to December 2011.

3. Results
3.1. Evaluation

The composited monthly mean Qsi from the products is compared to the observations for each study subre-
gion (Figure 3). Products yield a positive bias for most groups and seasons. Generally, MTCLIM and SYN both
yield group biases less than the estimated observational uncertainty, while NLDAS and WRF more frequently
have larger, positive biases outside the range of estimated observational uncertainty.

All products display some seasonality in their biases; typically the largest biases occur in the spring or late
summer (Figure 3). WRF and NLDAS generate the most prominent seasonal cycle in bias, with the months
with the largest mean bias exceeding the estimated observational uncertainty. The seasonality does not
always hold, for instance all products have a magnitude of bias that is roughly equal for all seasons during
2004 (Figure 4). However, this lack of seasonality in the Qsi bias means a seasonal cycle in the bias of trans-
missivity, and vice versa.

When considering the mountain groups, MTCLIM produces the smallest biases (Figure 3). The other three
products all yield positively biasedQsi outside the estimated observational uncertainty for theWC group, with
mean biases reaching 40Wm�2. There is a striking difference between the biases for the EC and WC stations
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(Figure 3). The products evaluate to a positive bias for WC, with smaller, and even negative biases at EC sta-
tions. WRF produces the strongest seasonality in bias, spanning the range of estimated observational uncer-
tainty for the EC group and exceeding the estimated observational uncertainty in the WC group.

Certain periods appear more difficult to accurately simulate. Most prominently, there are large biases during
the early spring to summer in 2006–2008 (Figure 4). The spring of 2006 is especially noteworthy as this period
sees the largest biases during the study period and will be explored in detail in section 3.2. Others have noted
2006 and 2007 as being years with many atmospheric river events [Guan et al., 2010], potentially suggesting
that those events may drive the uncertainty.

3.2. Spatial Patterns

The spatial patterns of biases are examined for the entire domain, using the mean irradiances during May
2006 (Figure 5). We examine this period in detail since the spring of 2006 contains some of the largest biases
in this study (Figure 4). Ground observations show low irradiances in the Central Valley and up the western
flank of the Sierra Nevada. A gradient in observed Qsi is evident between observations at sites on opposite
sides of the Sierra Nevada crest, coinciding with a clear difference in biases between EC and WC stations.
All products demonstrate high monthly biases (exceeding 50Wm�2) at the majority SCV and some NCV sta-
tions where low Qsi values are observed. In contrast, Qsi estimates from each product have smaller positive, or
even negative, biases for the EC and the NCV stations that observe larger Qsi values.

Figure 5 highlights that the large biases during 2006 (Figure 4) are not the result of individual stations but a
region wide result. For example, the low Qsi values observed by WC stations are not limited to a single station
but are prevalent across the entire group. This result is consistent across all months of the spring and summer
in 2006 (results not shown). Substantial differences between products are apparent even without the com-
parison to the surface observations, especially over the western flank of the Sierra Nevada. However, the dif-
ferences in spatial pattern over the Sierra Nevada occur where we lack surface observations; errors in Qsi

cannot be fully assessed at higher elevations.

3.3. Qsi Uncertainty at High Elevations

To understand the differences in how each product represents Qsi over the entire study domain, especially
high elevations, we examine the mean difference between each product and MTCLIM. To facilitate this com-
parison, all products are interpolated to WRFˈs spatial resolution (6 km, the finest spatial resolution among
the four products) using a nearest neighbor approach. For each grid cell, the difference between each pro-
duct and MTCLIM (product-MTCLIM) is found and seasonally composited (Figure 6). We chose to compare
against MTCLIM since it best matches observations in all groups (Figure 3). Differences between each product
and MTCLIM are the smallest in winter and fall and largest in the spring and summer. The seasonal cycle in
differences may be expected due to the overall lower Qsi in the fall and winter and higher Qsi in the spring
and summer. LSMs are sensitive to the absolute, rather than relative, bias motivating our focus on mean dif-
ferences between products [Lapo et al., 2015b; Raleigh et al., 2015].

(a)

(b)

Figure 4. The mean bias in (a) Qsi and (b) transmissivity for each product over the entire study area.
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The domain-wide differences from MTCLIM appear to be closely associated with topography, with many
topographic features, such as the Sierra Nevada, visible in the difference maps (Figure 6). Differences are
the largest over the western Sierra Nevada for all products. SYN most closely agrees with MTCLIM, albeit
the effect of the large spatial resolution of SYN is evident. NLDAS and WRF strongly disagree with MTCLIM
over the western flank of the Sierra Nevada, with disagreement exceeding 50Wm�2 in WRF. These maps
of differences between each product andMTCLIM highlight that uncertainty inQsi is largest at high elevations
to the west of the crest of the Sierra Nevada during the spring.

To further demonstrate the difference in Qsi at high elevation between products, we repeat this exercise by
analyzing the mean Qsi from each product over three example basins (Figure 7). The American basin was
selected since it was the focus of intensive hydrologic studies [Ralph et al., 2013], while the Kern and
Tuolumne are being studied through the Airborne Snow Observatory [Painter et al., 2015]. Each basinˈs mean
Qsi is found by selecting the grid points within each basinˈs boundary. To facilitate comparison, we present
differences from MTCLIM in monthly composited Qsi (Figure 7).

The products yield large differences in mean Qsi for all basins, disagreeing by as much as 60Wm�2 for the
American, 80Wm�2 for the San Joaquin, 50Wm�2 for the Kern, and 70Wm�2 for the Tuolumne basin, with
the largest disagreements in basin Qsi occurring in the early spring to summer. The mean difference in Qsi

over each basin is typically less than these values, with the mean difference for the entire period between
MTCLIM and NLDAS ranging between 7 and 22Wm�2, SYN ranging between �1 and 19Wm�2, and WRF
ranging between 20 and 27Wm�2 for the three basins. These differences are substantial considering the
large area and time being averaged over.

3.4. What Factors Contribute to the Largest Biases?

In order to understand what conditions lead to the largest disagreement, we scale all observations using the
top of atmosphere irradiance (equation (1)).

T ¼ Qsi=STOA (1)

The transmissivity, T, gives the fraction of the solar irradiance at the top of the atmosphere (STOA) that is
received at the surface (Qsi). Transmissivity is not a perfect scaling, as it does not take into account changes
in the air mass optical depth at larger solar zenith angles, but it does facilitate comparison across different
times of year by reducing the influence of the annual cycle (Figure 4). A reference T for each day of the year
is found by compositing T by month and then interpolating the monthly values to a daily scale, facilitating a
clean composite of transmissivity for each day of year. The daily transmissivity anomaly (ΔT) at each station is
found by subtracting the group reference value from each measured value. ΔT is classified into three groups:

Figure 5. (top row) Maps of monthly mean irradiance for observations and all radiation products over the entire study domain during May 2006. (bottom row) The
bias (estimate-observation) between each radiation product and ground observations is also shown.
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darker than normal conditions (ΔT<�0.1), normal conditions (�0.1<ΔT< 0.1), and brighter than normal
conditions (ΔT> 0.1).

Using the ΔT categories, daily Qsi biases are categorized for each observation group (Figure 8). The mean bias
during normal conditions is near zero for all products and groups. Similar results are found during brighter
than normal conditions (ΔT>0.1). In contrast, large biases occur during darker than normal conditions, with
a mean daily bias close to 50Wm�2 for all products except MTCLIM and all groups except the EC group.
Darker than normal conditions are associated with the largest biases. This leads to question of which meteor-
ological conditions in Figure 2 cause the largest biases during these darker than average conditions. We test
whether the presence of water vapor, aerosols, or clouds is associated with the large biases seen during
anomalously dark conditions.

Figure 6. Seasonal composites (winter: December, January, February; spring: March, April, May; summer: June, July, August; fall: September, October, November) of
the mean difference over the entire study period between each product and MTCLIM. All products have been regridded using a nearest neighbor approach to a
common grid of 6 km, matching the resolution of WRF, which has the finest spatial resolution.
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Aerosol optical depth (AOD) and precipitable water vapor (PWV) are observed at the Fresno AERONET station
(Figure 1a). This station falls within the SCV group, so only SCV stations are used for this analysis. Additionally,
these observations are only made during days with clear skies. We select for days with a large aerosol or water
vapor influences using the criterion of values greater than the median of the AERONET observations. We use
the occurrence of precipitation as a proxy for cloudy conditions, since precipitation provides a definitive indi-
cator of cloud presence and cloudy days largely coincide with precipitation in this study domain. Similar to
the aerosol and water vapor screening, daily biases and transmissivity anomalies are categorized according
to whether any station in each group received precipitation.

Density plots of the daily SCV group bias and transmissivity anomaly are shown in Figure 9. The relationship
between negative transmissivity anomalies and positive biases is apparent in the density plot of all

Figure 7. Composited monthly differences in Qsi (right) between each radiation product and MTCLIM for grid points within the (left) example basins depicted. The
dark line is the mean monthly value, and the shaded region shows all values for the study period.

Figure 8. Violin plots of the distribution of daily biases inQsi, binning the data according to the daily transmissivity anomaly
into clear (transmissivity anomaly> 0.1), normal (transmissivity anomaly between�0.1 and 0.1), and dark (transmissivity
anomaly less than�0.1) bins for each ground observation group (colors) and radiation product (subaxes). The violin plots
show the relative distribution of biases through the width of the plot, with themean bias indicated by the thick black bar.
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observations. Days with a negative transmissivity anomaly almost exclusively have a positive bias, whereas
days with small or positive transmissivity anomalies have both negative and positive Qsi biases.

The presence of large PWV does not correspond to negative transmissivity anomalies, as large PWV occurs
almost exclusively on days with ΔT>�0.1. Days with large AOD and clear skies do have a relationship
between ΔT and bias. However, days with large AOD mostly coincide with positive transmissivity anomalies,
suggesting that aerosols are largely not responsible for the negative transmissivity anomalies and positive
biases seen in Figure 8. Days with precipitation are more strongly associated with negative transmissivity
anomalies and large, positive biases for all products. The relationship between precipitation and positive
biases is consistent across all observational groups (not shown).

4. Discussion

We laid out three primary goals for this study: (1) to describe the uncertainty ofQsi estimates in settings where
they might be used in studies of land surface processes in complex terrain, (2) to attribute errors to particular
meteorology, and (3) to provide guidance in the use of Qsi estimates.

4.1. Qsi Uncertainty

We interpret both biases outside the observational uncertainty and disagreements between products as indi-
cative of uncertainty inQsi. Spread among the different estimates of Qsi indicates uncertainty in the estimated
value, since the different values of Qsi from each product cannot each be correct.

Uncertainty inQsi is not constant through time. Certain periods, such as spring of 2006, yield high biases for all
estimates, with NLDAS and WRF reaching biases of ~60Wm�2 across large portions of the study domain
(Figure 5). Further, uncertainty in estimated Qsi appears to be largest in the spring and summer, which likely
has substantial implications for hydrologic modeling due to the sensitivity of evapotranspiration and snow

Figure 9. Density plots of daily bias (product-observation) and the anomaly in daily transmissivity for the southern central valley group. Each column shows
the transmissivity anomaly and bias for various conditions: all observations, days with rain, days with substantial aerosol (aerosol optical depth> 0.13) and clear
skies, and days with substantial water vapor (precipitable water vapor> 1.4 cm) and clear skies. Aerosol optical depth (AOD) and precipitable water vapor (PWV) are
both observed by the Fresno AERONET station during clear-sky conditions only.
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melt to Qsi during this time of year. Uncertainty in the spring and summer is further found in the disagree-
ment between products (Figures 6 and 7). Finally, all products evaluate to large biases (approximately
50Wm�2 in magnitude) during darker than normal periods, with mean biases closer to zero for all
other conditions.

There is a strong spatial component to Qsi uncertainty. Mountain observations have a larger spread among
observed values, reflected in the larger uncertainty assigned to those observations (section 2.4).
Additionally, each product produces a different spatial pattern of Qsi over the Sierra Nevada. Differences in
how each product represents spatial patterns of Qsi are most pronounced at higher elevations (Figure 6)
and over mountainous basins (Figure 7). The positive biases and negative transmissivity anomalies found
during precipitation events (section 3.4.2) suggest that the differences between products over the Sierra
Nevada may reflect differences in perceived cloudiness between products.

While we have made efforts to quantify the uncertainty in Qsi over this study domain, it remains unclear how
much an effect a given level of uncertainty has on hydrologically relevant variables. Previous work found that
Qsi biases of 40Wm�2 or more led to a root-mean-square error in modeled SWE of greater than 50mm, with
most of the SWE errors manifested during the spring [Lapo et al., 2015b]. Similar work by Slater et al. [2013]
found that an error of 13Wm�2 was equivalent to an error in air temperature of 1°C or an error of 5 days in
final snow disappearance in 50% of simulations when reconstructing the snow water equivalent (SWE). From
these studies we conclude that the typical level of uncertainty found in this evaluation of estimated Qsi is
large relative to that required for accurately simulating snow melt. In particular, we call attention to
NLDAS, which is a common source of forcing data used in reconstructions of SWE [e.g., Durand et al.,
2008], since it exhibits large biases, at times exceeding 50Wm�2, over the western crest of the Sierra
Nevada during the spring (Figures 3 and 5). This result contradicts other evaluations of NLDAS for use in
SWE reconstruction [Rittger et al., 2016].

The level of Qsi uncertainty also has implications for simulating other land surface properties. For instance,
potential evapotranspiration (PET), the evapotranspiration from a saturated surface of grass that completely
shades the surface, is a function of the net irradiance.

ETref ¼
0:408Δ Rnð Þ þ γ Cn

Tair
u vpd

Δþ γ 1þ CDuð Þ (2)

Equation (2) and all parameter values (Table 1) are taken from Irmak et al. [2012] for PET from a grass surface.
To quickly demonstrate the impact of the Qsi uncertainty on calculations of PET, we assume meteorological
values (Table 1) although the impact on PET remains approximately the same for a range of tested values (not
shown). Using the basin-averaged Qsi over the Tuolumne Basin in April 2006 from each product, PET varies by
0.8 to 1mm/d (~15% of the daily total) between PET derived from each productˈs Qsi.

We conclude that the Qsi uncertainty found over our example basins in the Sierra Nevada (Figure 7) has sub-
stantial implications when simulating the hydrology of the region, a conclusion supported by other studies
that evaluated LSMs forced with multiple Qsi estimates [Mizukami et al., 2014; Hinkelman et al., 2015].

4.2. Attributing Qsi Uncertainty

The largest biases occurred on days that are classified as darker than normal according to the transmissivity
anomaly (section 3.4). We focused on the influence of precipitation, aerosols, and water vapor on the
observed biases (Figure 9, section 3.4). Water vapor does not have a relationship with product bias or trans-
missivity anomaly. The lack of negative transmissivity anomalies due to PWVmay occur because of this cloud
cover screening in the AERONET data. Water vapor reaches a maximum in the summer, when transmissivity is
at its peak. The increase in PWV in the summer is likely offset by the absence in cloud cover. In contrast, AOD
does display a relationship with product bias and transmissivity anomaly, which does not display the same
seasonality of water vapor.

Screening for precipitation reveals that positive Qsi biases and negative transmissivity anomalies occur more
commonly on days when precipitation is observed. The occurrence of rain (cloudy conditions) does not com-
pletely explain the large biases found in all observations (Figure 9), but it does correspond to negative trans-
missivity anomalies, which are associated with large mean biases in Qsi (Figure 8). Given the high correlation

Journal of Geophysical Research: Atmospheres 10.1002/2016JD025527

LAPO ET AL. CALIFORNIA RADIATION 312



between clouds and precipitation in this study domain, this analysis suggests that cloudy/rainy conditions
are when the Qsi estimates perform the worst. In particular, rain over California is predominantly driven by
atmospheric river events [Rutz et al., 2014], suggesting that either the products or observations have systema-
tic error during periods with synoptically forced clouds. As noted earlier, the spring of 2006, a period during
which all products exhibit large, positive biases (Figures 4 and 5), is noteworthy for the number of atmo-
spheric river events. Additionally, biases are spatially distributed across the entire study domain, as demon-
strated in Figure 5, suggesting that themeteorological conditions driving the biases should impact the region
as a whole. The extensive stratus cloud cover from atmospheric river events (e.g., Figure 2d) is consistent with
the spatial structure of the biases. We would expect other factors, such as aerosols, to be constrained by topo-
graphy and not impact the entire region (e.g., Figure 2c).

The most similar work to this study, Slater [2015], analyzed surface observations of Qsi over the United States.
Both this study and Slater [2015] examine how Qsi varies over a large region, using lower quality stations
instead of spatially isolated but higher quality stations, allowing a systematic evaluation of Qsi estimates at
scales and in environments largely neglected. Both studies find large differences among products at monthly
and seasonal time scales of similar magnitude.

However, there are appreciable differences in our two studies. For instance, Slater [2015] concludes that the
MTCLIM algorithm, as implemented in the DAYMET product, performs poorly while we find MTCLIM consis-
tently yields Qsi within observational uncertainty. While there are substantial differences between the ver-
sions of the MTCLIM algorithm used in the two studies, we cannot rule out that the differences in quality
control are responsible. Slater, by screening observations to match modeled clear-sky irradiances, effectively
removes periods of extensive cloud cover from their results. The result in this study, especially the biases
found during periods with precipitation, is a result that Slater could not arrive at. However, the downside
to the quality control approach used in this study is the inability to enforce uniformity across observations,
both in space and time, which is reflected in the relatively large observational uncertainties that we prescribe.
Quality control methodology needs to be carefully considered, as approaches used in either paper may not
be appropriate for answering particular questions or applicable to certain data.

The level of uncertainty that both studies demonstrate and the large differences in how we treat surface
observations provides motivation for a careful examination of what approaches are appropriate for using
these lower quality stations. Due to lower quality instruments used in either study, it is not unreasonable
to hypothesize that the biases found could also be the result of instrument error. For instance, the biases
we find during negative transmissivity anomalies occur during rainy conditions. One possible explanation
is that water could condense on the sensor domes [e.g., Malek, 2008], thereby driving observational errors
and not product errors. It is clear, though, that these lower quality stations contain useful information, even
if the instrument uncertainty is much greater than at the more commonly used high-quality stations. The end
conclusion, that Qsi is highly uncertainty from the perspective of the land surface, remains unchanged, simply
due to the differences found between different methods of estimating Qsi (Figures 6 and 7), even if no con-
fidence is placed in the observations.

Table 1. Meteorological Variables Used to Calculate Potential Evapotranspiration (Equation (2))

Variable Symbol (units) Value(s)

Air temperature Tair (K) 273.16 to 313.16
Surface temperature Tsurf (K) Tair + 5
Relative humidity RH (fraction) .5
Vapor pressure ea (kPa) ea = 6.1078 exp (17.269388 (Tair� 273.16)/(Tair� 35.86)/100
Vapor pressure deficit VPD (kPa) VPD = ea(Tair)� RHea(Tair)
Albedo α (fraction) 0.23
Incoming longwave irradiance Qli (Wm�2) 235 (MTCLIM over Tuolumne in April 2006)
Outgoing longwave irradiance Qlo (Wm�2) �(Tsurf

4) 5.67×10�8

Incoming solar Qsi (Wm�2)
MTCLIM 158
NLDAS 202
SYN 146
WRF 211

Net irradiance Rn (Wm�2) (1� α) Qsi + (Qli +Qlo)
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4.3. Guidance in Using Qsi Estimates

Using the best data available and our approach to the second tier surface observations, we believe that
MTCLIM v4.2 from the VIC preprocessor, driven by the Livneh et al. [2014] data, is the best method for estimat-
ing Qsi in complex terrain. However, we caution that MTLCIM was only assessed in one region, that there are
known, large differences between v4.2 and v4.3 [Slater, 2016], that other studies have had mixed results in
regards to the MTCLIM algorithm [Bohn et al., 2013; Slater, 2016], and that the method is sensitive to the
forcing data [Bohn et al., 2013; Mizukami et al., 2014]. MTCLIM reduces its estimates of Qsi by 25% on days
when precipitation was observed. This precipitation adjustment is a possible explanation for MTCLIM outper-
forming more sophisticated models.

SYN also performs well relative to observations in the Central Valley, performing within observational uncer-
tainty (Figure 3). However, the influence of spatial scale should be taken into account when selecting a
product, for instance, as evident in Figures 5 and 6. SYN has a very coarse spatial resolution and may not
be appropriate for environments with steep gradients in cloud cover. Hakuba et al. [2013] also noted that
the variability of Qsi within regions of complex terrain is much higher, making coarse spatial resolution
estimates of Qsi less representative of local conditions. SYN, as a satellite-derived product, is also subject to
the issue of cloud-snow discrimination. That said, both the cloud-snow discrimination and subgrid variability
were not found to contribute a significant bias in a previous study [Hinkelman et al., 2015].

The evaluation ofWRF requires further discussion.WRF exhibits the largest biases, with a strong seasonal cycle.
While most uncoupled studies of the land surface do not use WRF irradiances, WRF is commonly employed in
studiesof land surfaceprocesses in coupled settings.Ofparticular concern is usingWRFas amethodof regional
reanalysis, for instances as implemented in Rasmussen et al. [2014]. Rasmussen et al. found large differences
between simulated and observed ET at a site within their study domain in the Colorado Headwaters
[Rasmussen et al., 2014, Figure8]. The largebiases inWRFˈsQsiduring the spring andsummer found in this study
maypartially explain thosedifferences in ET. Others haveusedWRF coupled todifferent land surfacemodels to
determinewhichprocesses aremost important for representing the exchangeof energybetween the landand
atmosphere [Jin andWen, 2012]. In this type of study, we suggest that the bias inWRFˈsQsiwill propagate into
the land surface component of the model and may bias results. However, the bias in WRFˈs Qsi will strongly
depend on the specific configuration [e.g., Thompson et al., 2016].

WRFˈs all-sky Qsi, which was found to perform poorly in this study, by default does not include subgrid cloud
amount (i.e., generated by the cumulus parameterization) in radiative calculations, an option that was only
recently developed [Thompson et al., 2016]. In a similar study over Spain, WRF was evaluated to have large,
positive biases, especially over a region of complex terrain with meteorology characterized by convective
systems. These biases decreased when subgrid cloud amount was included in the radiation scheme [Ruiz-
Arias et al., 2016]. Others have examined WRFˈs Qsi, but only for clear-sky conditions, attributing errors to
factors like aerosols [Jimenez et al., 2015; Zhong et al., 2016]. While aerosols play a role in the WRF Qsi bias
found in this study, biases are much larger during cloudy conditions. Based on this study and Ruiz-Arias
et al. [2016] we suggest that the subgrid cloud be included in the radiation scheme when using WRF to study
land surface processes.

We also found that NLDAS performed relatively poorly, specifically yielding large seasonal biases, especially
at lower elevations (Figure 3). Xia et al. [2016] compared NLDAS radiative fluxes against satellite-derived
surface irradiances and found a mean difference of ~10Wm�2, with larger differences in the summer.
While not directly comparable, the result of a positive bias in NDLAS Qsi is consistent with this study.
Rittger et al. [2016] also examined NLDAS irradiances over this region, but with a different set of surface obser-
vations. They found that there was no elevation dependence in the median bias of NLDASˈ Qsi, a result we
may expect from this study, given that NLDAS has larger biases at the lower elevation stations than at the
higher elevations (Figure 3). However, Rittger et al. did not take into account shading (supporting informa-
tion, Figure 2) or other quality control issues [Lapo et al., 2015a] that exist in their observations.

Even if we neglect surface observations as untrustworthy, uncertainty at higher elevations is substantial. We
have shown that this level of uncertainty will likely have a large influence on hydrological modeling. From this
result, we suggest that studies with a land surface modeling component use multiple data sets as hypothesis
of different forcing data, instead of using one data set assumed to have negligible errors, in order to estimate
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the impact of forcing data uncertainty on modeling results. It should be noted that all products evaluated in
this study exhibited positive biases. We caution that selecting multiple products, each with a positive bias,
may still not adequately sample the uncertainty in Qsi for LSM purposes.

5. Conclusions

Studies of land surface processes, especially in complex terrain, often require estimates of meteorological
variables used to force land surface models, but these estimates are rarely evaluated within mountainous
environments. To understand the Qsi uncertainty, we examined different methods of estimating Qsi in areas
of complex terrain: empirical relationships between proxy variables (MTCLIM), remote sensing (SYN), and
downscaled reanalysis (NLDAS and WRF). These products were evaluated over the Central Valley and Sierra
Nevada, a region with meteorology strongly impacted by complex topography, using a spatially dense net-
work of surface observations. Large biases, outside the range of estimated observational uncertainty, were
found for all products in all subregions examined. Uncertainty, as measured by differences among products,
was strongly related to elevation, leading to differences in Qsi averaged over mountain basins up to
80Wm�2, although typically less, on the monthly time scale. Finally, errors in estimated Qsi were associated
with rain (used as a proxy for cloud cover) and were only weakly associated with large AOD and PWV values.
We suggest using an ensemble of Qsi estimates for forcing LSMs so as to include the range of Qsi uncertainty,
especially in regions of complex topography.
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