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ABSTRACT: High-resolution historical climate grids are readily available and frequently used as inputs for a wide range 
of regional management and risk assessments, including water supply, ecological processes, and as baseline for climate 
change impact studies that compare them to future projected conditions. Because historical gridded climates are produced 
using various methods, their portrayal of landscape conditions differ, which becomes a source of uncertainty when they are 
applied to subsequent analyses. Here we tested the range of values from five gridded climate datasets. We compared their 
values to observations from 1231 weather stations, first using each dataset’s native scale, and then after each was rescaled 
to 270-m resolution. We inputted the downscaled grids to a mechanistic hydrology model and assessed the spatial results of 
six hydrological variables across California, in 10 ecoregions and 11 large watersheds in the Sierra Nevada. PRISM was 
most accurate for precipitation, ClimateNA for maximum temperature, and TopoWx for minimum temperature. The single 
most accurate dataset overall was PRISM due to the best performance for precipitation and low air temperature errors. Hydro-
logical differences ranged up to 70% of the average monthly streamflow with an average of 35% disagreement for all months 
derived from different historical climate maps. Large differences in minimum air temperature data produced differences in mod-
eled actual evapotranspiration, snowpack, and streamflow. Areas with the highest variability in climate data, including the Sierra 
Nevada and Klamath Mountains ecoregions, also had the largest spread for snow water equivalent, recharge, and runoff. 

SIGNIFICANCE STATEMENT: Gridded historical climate datasets are vital inputs for hydrological and other mod-
els used to quantify current water supply, drought risk, and other ecosystem processes. They are also compared to 
future climate projections to assess the future climate change risk. Numerous interpolated climate datasets are available 
with varying resolution and methods, yet all are based on climate station data and represent the same historical record 
at and in between each station. We found significant disagreement between historical gridded datasets, including the 
one used to bias correct the current climate change projections used by the state of California. Some datasets had large 
biases compared to station data, especially in snow-dominated regions, leading to large disagreements in modeled 
monthly streamflow. 

KEYWORDS: North America; Hydrology; Hydrologic models; Model evaluation/performance; Uncertainty; 
Downscaling 

1. Introduction 

High-resolution historical gridded climate datasets are 
widely used to drive and calibrate hydrological and ecological 
models, which are commonly used for water supply forecast-
ing, drought indices, and wildfire prediction models, and are 
important for other process-based correlation studies. Yet, 
historical gridded climate datasets may vary in their portrayal 
of landscape conditions, creating a need to determine their 
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accuracy and the differences among them. Previous studies 
have compared various climate products for different geogra-
phies in the United Sates and globally for hydrological or eco-
logical models or strictly for methodological comparisons and 
have commonly found some agreement among datasets but 
also systematic biases and substantial amounts of uncertainty 
across different regions (Behnke et al. 2016; Walton and Hall 
2018; Eum et al. 2014; Sun et al. 2014; Yin et al. 2015), result-
ing in differences in estimated crop yield (Parkes et al. 2019), 
ecological models (Behnke et al. 2016; Tang et al. 2018), 
drought metrics (Ahmadalipour and Moradkhani 2017), and 
hydrological models (Asong et al. 2020; Muche et al. 2020; 
Eum et al. 2014). 

Many hydroclimatic comparisons only consider precipita-
tion in their comparison (i.e., Henn et al. 2018; Hughes et al. 
2020; Lundquist et al. 2015; Muche et al. 2020), and compari-
sons are rarely done at a fine scale (,1 km) or using down-
scaled inputs. In addition, previous work in this area has 
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mainly focused on lumped-parameter hydrologic models like 
the Variable Infiltration Capacity (VIC; Liang et al. 1994) or
the Soil and Water Assessment Tool (SWAT; Arnold et al. 
1998), which minimize the potential benefit of  finer-scale cli-
mate data to the accuracy of snowpack and streamflow 
results. Dynamic models such as the Weather Research and 
Forecasting (WRF; Skamarock et al. 2008) are powerful due 
to their ability to couple two-way atmospheric and hydrologi-
cal processes, yet can be limited in areas of complex topogra-
phy and climate since they are generally not run at fine-scale 
resolutions (,1 km) for long periods or large areas due to 
high computational costs. 

Newman et al. (2015) found that differences among gridded 
climate datasets could be attributed to specific methodological 
choices that can limit the usefulness of intercomparisons. But, 
many comparisons have been conducted because of the 
importance of hydrology and climate as the driving informa-
tion for models that inform resource planning, ecosystem 
dynamics, public safety, and other objectives. This is espe-
cially relevant for studies involving future climate scenarios. 
For example, Tang et al. (2018) found that the baseline cli-
mate dataset can contribute 40% of the total variation among 
future projections in a species distribution modeling frame-
work. They emphasized the importance of considering the 
sensitivity of future projections of species distributions to the 
choice of baseline climate information, especially in moun-
tainous environments with complex climatic gradients. 

There are two main methods used to create gridded climate 
surfaces 1) by using weather station data and interpolating with 
geostatistical techniques or 2) with reanalysis products that use 
atmospheric models that assimilate historical observations like 
remote sensing and station data. Typically, the reanalysis prod-
ucts are too spatially coarse to use in fine-scale applications, so 
they are downscaled using geostatistical techniques or by a 
regional climate model. Walton and Hall (2018) examined air 
temperature from station-based, reanalysis, and hybrid gridded 
datasets and found that reanalysis-based datasets have system-
atic biases relative to station data and were therefore less suit-
able for capturing climatologies than the station-based datasets 
that capture variable lapse rates. Therefore, this study focuses 
only on station-based datasets. 

We were motived to conduct this study to select the most 
accurate historical climate dataset for assessment of future cli-
mate change risks for water availability and forestry programs 
in California. We approached this evaluation by selecting five 
commonly used, fine-scale gridded historical climate datasets 
to assess their accuracy in portraying precipitation and mini-
mum and maximum temperature recorded at weather sta-
tions, and to compare modeled differences among their 
outputs when each was run through the Basin Characteriza-
tion Model (Flint et al. 2021a), a mechanistic landscape 
hydrology model. Our dataset selection criteria were based 
on a literature review of publicly available, station-based cli-
mate datasets commonly used in hydrologic modeling. We 
selected datasets that were available at a monthly time step 
from 1980 to 2013 at a relatively fine spatial resolution (,6 
km) and that covered the conterminous United States at a 
minimum. We also downscaled the datasets to 270-m 

resolution to quantify the impact of scale on errors and bias 
against station data arrayed across a complex hydroclimatic 
landscape. To examine the uncertainty introduced to land-
scape hydrology, we inputted the downscaled gridded datasets 
to a fine-scale distributed-parameter water balance model. To 
do this, we investigated various input climate data differences 
in long-term hydrological variables and monthly streamflow 
timing and volume. 

2. Methods 

We conducted five analyses. First, we tested the accuracy of 
maximum monthly air temperature, minimum monthly air tem-
perature, and monthly precipitation from five historical-climate 
gridded datasets to the records from 1231 weather stations. Sec-
ond, we downscaled four of the gridded datasets to 270 m and 
repeated the accuracy assessment to test for the effect of scale. 
Third, we ran the four downscaled datasets through a mechanis-
tic hydrology model to portray differences in the effects of the 
climate data on landscape-scale hydrology. We compared the 
six hydrologic variables resulting from the input of the four cli-
mate datasets: recharge, runoff, soil storage, 1 April snowpack, 
actual evapotranspiration, and climatic water deficit. We 
assessed the differences in outputs at the statewide level for 10 
ecoregions and also compared the six hydrologic variables and 
streamflow for 11 major watersheds defined by the California 
Department of Water Resources (CDWR 2007) as full  natural
flow  (FNF) basins in California’s Sierra Nevada, a vital source 
of water for the state. 

a. Study area 

Our study area consists of California and the basins that flow 
into it, a region with diverse elevation, geology, hydrology, and 
atmospheric processes. Precipitation in California varies more 
from year to year than anywhere else in the conterminous 
United States (Dettinger 2016), from 0 to 1625 mm yr . 
A critical component of water supply in California is the snow-
pack. One of the greatest influences on streamflow sensitivity 
to climate change is the location of the rainfall/snow elevation 
line (Miller et al. 2003), which has a substantial effect on snow-
pack. Therefore, accurately representing precipitation and tem-
perature across elevation gradients is essential for developing 
accurate hydrological models in California. 

We divided our study area into 10 U.S. Environmental Pro-
tection Agency (EPA)-defined North America Level III Ecor-
egions (ecoregions, https://gaftp.epa.gov/EPADataCommons/ 
ORD/Ecoregions/cec_na/NA_LEVEL_III.pdf) (Fig. 1) that
represent climate and ecological variation across the state. 
Ecoregions were used to summarize accuracy statistics for pre-
cipitation and minimum temperature against station data and 
to compare spatial differences in long-term average climate 
and hydrological variables across California. Due to a lack of 
station density, the Sonoran Desert, Mojave Basin and Range, 
and Central Basin and Range were combined and named 
Southern Basin and Range. The California Coastal Sage, 
Chaparral, and Oak Woodlands region was renamed Southern 
and Central California Plains and Hills. Additionally, 11 
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FIG. 1. Study area, climate station locations, U.S. Environmental Protection Agency (EPA)-
defined North America Level III ecoregions (ecoregions), and California Department of Water 
Resources (CDWR) full natural flow (FNF) hydrological basins. 

watersheds located in the Sierra Nevada, the state’s critical
water supply region, were delineated to assess hydrological 
uncertainty resulting from climate datasets. The 11 FNF 
basins (Fig. 1) were used to summarize disagreement 
between climate datasets and the amplification of uncer-
tainty through hydrologic variables and assess variability in 
monthly streamflow. 

b. Climate datasets 

The five climate datasets compared in this study are widely 
used in hydrological, ecological, and many other applications in 
North America (Table 1). Each dataset fundamentally was cre-
ated by interpolating station data and distributing values spatially 

over the landscape. However, each dataset has a different spatial 
resolution, time step, variables, footprint, lapse rate (topographic 
induced variability), and interpolation method. Each dataset 
interpolates a different set of station data from various networks 
across North America and has performed its own quality controls 
and data processing including homogenization, the length of 
record threshold to include a weather station, and removal of 
outliers and erroneous data. Homogenization of station data can 
correct for changes in time-of-day observation practices, instru-
mentation calibrations, and location changes. Most of the data-
sets included as many stations as were available on any given 
day; and therefore, stations can come in and out of being 
included. Some interpolation methods are sensitive to this, and it 
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TABLE 1. Gridded station-based climate datasets used in this study, including descriptive information and citation. ppt 5 

precipitation, tmn 5 minimum temperature, tmx 5 maximum temperature, m 5 meters, km 5 kilometers, CONUS 5 continental 
United States, LST 5 land surface temperature. 

DayMet 
(Version 3) PRISM (M3) TopoWX Livneh ClimateNA 

Native resolution 4 km and 800 m 800 m 1 km 6 km Scale-free/1 km 
Available period 1895–2021 1948–2016 1980–2017 1915–2013 1901–2021 
Time step Daily, monthly Daily, monthly Daily, monthly Daily, monthly Monthly 
Variables available 
Lapse rate 

ppt, tmn, tmx 
Determined based on 

nearby stations 

tmn, tmx 
Determined based 

on nearby 
stations 

ppt, tmn, tmx 
Determined based 

on nearby 
stations 

ppt, tmn, tmx 
6.58C km

ppt, tmn, tmx 
Variable 

Footprint CONUS North America North America, 
Hawaii, Puerto 
Rico 

CONUS, Canada 
south of 538N, 
Mexico 

North America 

Downscaling/ 
interpolation 
method 

Elevation regression 
model with stations 
weighted based on 
multiple physical 
factors 

Regression kriging 
for climate 
normals with 
auxiliary 
predictors 
including lat, 
lon, elev, 
satellite LST; 
moving window 
geographically 
weighted 
regression 

Truncated 
Gaussian filter 
combined with 
elevation 
regression 

SYMAP algorithm: 
inverse distance 
weighting with 
directional 
adjustment 

Bilinear 
interpolation and 
local elevation 
adjustments 
(PRISM or 
WorldClim for 
30-yr means) 

Data available prism.oregonstate.edu; www.scrimhub.org/ www.daymet.ornl. www.psl.noaa.gov/ climatena.ca 
Flint et al. (2021b) resources/ gov data/gridded/ 

topowx/ data.livneh.html 

can cause large biases or shifts in climatologies (Walton and Hall 
2018). We briefly introduce each gridded dataset. For more 
detailed information on each dataset, the reader is directed to 
the provided citations. 

1) PRISM 

Parameter-Elevation Regressions on Independent Slopes 
Model (PRISM; Daly et al. 1994, 2008) is a  widely  used gridded
climate dataset that incorporates distance and clustering of sta-
tions, elevation, coastal proximity, topographic position, effec-
tive terrain height, topographic facet, and vertical layer in its 
interpolation algorithm. PRISM is available for the contermi-
nous United States (CONUS) at a daily or monthly time step 
with an 800-m or 4-km resolution. PRISM data used in this 
study were the recently updated M3 monthly dataset (https:// 
prism.oregonstate.edu/documents/PRISM_datasets.pdf), down-
scaled from 4 km to 270 m. The (M3) release in October 2019 
included NCAR–NCEP Reanalysis grids and employed a day-
shifting algorithm, among other improvements, to reduce spatial 
anomalies and improve the accuracy of high-elevation air temper-
ature and the ability to render unusual temperature inversions. 

2) TOPOWX 

TopoWX (Oyler et al. 2015) is a temperature-only dataset that 
incorporates daily station data, atmospheric reanalysis data, and 
MODIS land temperature data. TopoWX is available at an 800-

m resolution for North America for 1948–2016. TopoWX is the 
only dataset considered in this study that performed homogeniza-
tion by filling missing values using neighboring observations and 
spatial regressions. Homogenization of station data can be prob-
lematic and over smooth trend fields like in the Hamlet dataset 
(Hamlet and Lettenmaier 2005), which is not considered in this 
study due to these known issues. However, oversmoothing has 
been determined to not be an issue with TopoWX (Walton and 
Hall 2018). Although TopoWX only provides minimum and 
maximum temperature, it was included in this study because it is 
not often used in climate comparison studies, provides a fine-
scale temperature dataset from homogenized station data, and 
can be used to test with other precipitation data to drive a hydro-
logic model. 

3) DAYMET 

The DayMet (Thornton et al. 1997) dataset consists of a 
1-km resolution daily or monthly climate product for 
North America for 1980–2017. DayMet employs a smooth 
curve to fit the Global Historical Climatology Network-
Daily (GHCN-D; Menne et al. 2012) station data to a grid 
using the weighted average of nearby stations. The 
weights are determined by a truncated Gaussian filter 
with a radius that varies continuously throughout the 
domain to adjust for varying station density. Minimum 
and maximum temperature values are adjusted for eleva-
tion using a linear temperature–elevation relationship. 
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4) LIVNEH 

The Livneh (Livneh et al. 2015) dataset is an updated and 
extended version of the Maurer dataset (Maurer et al. 2002), 
increasing the period from 1950–2000 to 1915–2013 and  the spa-
tial resolution from 12 to 6 km. This dataset is available at a daily 
or monthly time step and covers CONUS, Mexico, and Canada 
south of 538N. The gridding methodology employs the syner-
graphic mapping system (SYMAP; Shepard 1984), in which tem-
perature is calculated as a weighted average using the four 
nearest stations. The weights are determined by inverse distance 
weighting and a directional adjustment. Livneh uses a fixed lapse 
rate of 6.58C km and is the only dataset in this study that did 
not vary the lapse rate based on nearby stations. 

5) CLIMATENA 

ClimateNA (Wang et al. 2016) is  a  “scale-free” climate 
product that utilizes PRISM and WorldClim normals 
(1971–2000 averages), and station data from across North 
America, and is available from 1901 to 2021. ClimateNA uses 
a bilinear interpolation of station data and local elevation 
adjustments using the long-term averages to produce monthly 
data. ClimateNA is commonly used in ecological applications, 
and its online and stand-alone application makes point extrac-
tion user friendly. Point extractions of monthly time series at 
station locations for statistical analyses were done using the 
ClimateNA executable version 6.21. Extracting monthly 
gridded data from the application for the study area was 
attempted but was not possible at the scale and resolution of 
this study due to technical problems with the program. Due to 
this technical issue, downscaling monthly climate grids was 
not possible for this study. Long-term mean (1981–2010) 
gridded maps of temperature and precipitation were available 
online at 1-km resolution and were compared to other long-
term average maps. 

c. Station data 

To quantitatively test each gridded dataset for accuracy, we 
used a novel, station-based and serially complete dataset of 
daily precipitation and maximum and minimum temperature 
for North America [Serially Complete Dataset North Amer-
ica (SCDNA); Tang et al. 2020] from 1979 to 2018. To reduce 
the inherent uncertainty in station data for validation, we 
used a published dataset that has employed extensive quality 
control and gap-filling techniques to develop a robust, tempo-
rally continuous time series for each station in North Amer-
ica. Raw gauge data in the SCDNA originated from the 
GHCN-D, the Global Surface Summary of the Day (GSOD), 
the Environment and Climate Change Canada (ECCC), and 
the Livneh et al. (2015) database compiled for stations in 
Mexico. Although these raw datasets are used in the other 
gridded datasets, the SCDNA is uniquely equipped to quantify 
the accuracy of the chosen gridded datasets since the gridded 
datasets do not perform the same quality assurance measures or 
employ gap-filling or homogenization for temporal consistency. 
We extracted data for 1231 stations from the SCDNA (Fig. 
1), averaged the daily temperature data into monthly values 
and summed precipitation data monthly, to compare with 

each monthly gridded climate product. Other qualitative 
and quantitative comparisons are considered in this study to 
better understand differences between each climate dataset 
and the uncertainty these differences can add to hydrologi-
cal modeling. 

d. Watershed model 

The Basin Characterization Model (BCM; Flint et al. 
2021a) is a distributed fine-scale (270 m) water balance model 
that requires temporally and spatially continuous climate 
grids to calculate the water balance for each grid cell on a 
monthly time step. The BCM calculates unimpaired or natural 
hydrologic variables from downscaled climate data and poten-
tial evapotranspiration (PET) calculated using a modified 
Priestley–Taylor equation (Flint and Childs 1991; Priestley 
and Taylor 1972) together with topographic shading and 
cloudiness (Bristow and Campbell 1984). The snow accumula-
tion and melt calculated in the BCM is based on the SNOW-
17 model (Anderson 2006) used operationally by the National 
Weather Service (NWS) for flood forecasting. 

BCM hydrological variables have been examined and 
applied in numerous publications in the western United States 
(Curtis et al. 2021, Flint et al. 2013, Thorne et al. 2012, Flint 
et al. 2012, Torregrosa et al. 2020). The California-wide BCM 
(Flint et al. 2021b) has been calibrated/validated to solar radi-
ation, potential evapotranspiration, actual evapotranspiration 
(Reitz et al. 2017), snow water equivalent (SWE) to 99 
National Resources Conservation Service (NRCS) Snowpack 
Telemetry (SNOTEL) stations (wcc.nrcs.usda/gov/snow/), 
and over 100 streamflow gauges from the USGS National 
Water Information System (U.S. Geological Survey 2021) 
across California. Distributed SNOW-17 parameter maps 
were developed by spatially interpolating the calibrated 
points using deterministic variables to provide snow parame-
ter sets for each grid cell. A full description of the BCM and 
calibration procedures can be found in the software manual 
(Flint et al. 2021a). 

e. Analyses and model comparisons 

In addition to assessing each of the gridded datasets at their 
native resolutions, spatial downscaling was applied to a 270-m 
resolution using procedures described in Flint and Flint 
(2012). Spatial downscaling produces fine-scale monthly cli-
mate grids using a modified gradient and inverse distance 
squared (GIDS) calculation (Nalder and Wein 1998) based 
on northing, easting, and elevation parameters. This method 
incorporates the topographic and elevational effects on the 
climate and has been shown to improve or maintain accuracy 
against station data (Flint and Flint 2012). The downscaled 
data were tested relative to the station data and were also 
used as the inputs for the BCM in order to compare the land-
scape hydrology consequences of the use of four of the 
gridded climate datasets. 

Each climate dataset was spatially downscaled to 270-m resolu-
tion from their respective native resolutions to match the BCM 
grid resolution. The California-wide BCM model was run sepa-
rately using each downscaled climate dataset as input for water 
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years 1981–2010. No other changes were made to the BCM input 
variables or parameters. Although the BCM snowpack and vege-
tation parameters were initially calibrated using PRISM data, the 
deterministic input variables including soil data, vegetation, and 
geology remained constant between runs. Whereas climate data-
set comparisons to station data can assess accuracy, the hydro-
logic variable comparisons aim to show relative uncertainty 
between datasets and not accuracy against streamflow. Califor-
nia-wide, long-term comparisons between datasets of climate 
inputs and BCM hydrological variables used average annual 
grids from 1981 to 2010. We calculated the differences among 
the gridded datasets values for three climate variables (precipita-
tion, minimum and maximum temperature) and six hydrological 
variables (actual evapotranspiration, 1 April snowpack, soil stor-
age, recharge, runoff, and climatic water deficit), derived from 
the BCM. The interdataset range was calculated by finding the 
highest and lowest value of each gridded climate input and 
hydrological output variable for every grid cell in the study area. 
A grid cell value of zero indicated a perfect agreement between 
all of the gridded datasets. 

The California-wide BCM for each dataset was extracted 
for the 11 FNF basins, and interdataset spread was summa-
rized for climate inputs, recharge, runoff, climatic water defi-
cit, and 1 April snowpack from water years 1981 to 2010. The 
BCM outputs were postprocessed in an Excel spreadsheet to 
produce unimpaired streamflow estimates from 2000 to 2010. 
This period was chosen because it had a range of dry and wet 
conditions across California. 

f. Statistical metrics 

Five statistical metrics were calculated for each native and 
downscaled pixel coincident with SCDNA observations, when 
available (1980–2013). Gridded dataset pixels were extracted 
using bilinear interpolation. Monthly mean absolute error 
(MAE), mean bias error (MBE), root mean squared error 
(RMSE), mean percent error (MPE), and the coefficient of 
determination (R2) were calculated for each gridded dataset 
against the precipitation and temperature records from the 
1231 SCDNA locations (Fig. 1). The best-fit value for MAE, 
MBE, RMSE, and MPE is 0, and the best fit for R2 is 1. The 
MAE statistic shows the average absolute error of the gridded 
datasets compared with station data, considering systematic 
and random errors. This statistic is often used because the 
errors are not likely to be normally distributed. The MBE sta-
tistic quantifies the extent to which the gridded dataset over-
estimates or underestimates the expected precipitation or 
temperature value. 

RMSE quantifies the standard deviation of the difference 
between the gridded dataset and the station data and 
describes how spread out the error residuals are around a 
best fit regression line. MPE is another measure of predic-
tion accuracy and can show percent bias in gridded station 
datasets, however, due to the arbitrary zero point of air tem-
perature, temperature values were converted from Celsius to 
kelvins for MPE calculations. The R2 is the proportion of vari-
ance of station data that is explained by the gridded dataset 
and thus quantifies the best fit linear relationship between 

each gridded dataset and station data. Statistics were calcu-
lated for each station and summarized over the study area and 
summarized by ecoregion to look at regional differences and 
bias. Cumulative long-term (1980–2013) precipitation data at 
each station were extracted from each gridded dataset to 
assess how bias accumulates over time from station data. 

3. Results 

a. Comparisons to station data 

There is no single “best” dataset for all three variables in 
California. However, for precipitation and minimum tempera-
ture, some gridded datasets outperformed others (Fig. 2). The 
single dataset with the lowest amount of error for precipitation 
and air temperature combined was PRISM; although Top-
oWX, ClimateNA, and DayMet performed better for temper-
ature, DayMet and ClimateNA were considerably less 
accurate for precipitation, and TopoWX does not provide 
precipitation. PRISM had the lowest error values across all 
metrics for precipitation, in some cases by a factor of 2. The 
MAE, MBE, RMSE, and MPE for PRISM precipitation 
were 2.4 mm month , 2.0 mm month , 4.4 mm month , 
and 7.4%, respectively (Fig. 2). The next most accurate 
dataset for precipitation was Livneh, followed by DayMet 
and ClimateNA. The MPE of 6-km Livneh was reduced by 
a factor of 2 in the downscaled version but was still higher 
than the downscaled PRISM. Although each gridded 
dataset had a high R2 value for all stations averaged across 
the study area, other statistical indices indicated greater 
differences between datasets. Downscaled versions of each 
gridded dataset showed improved or similar statistical 
performance than their respective native resolutions against 
the SCDNA dataset. 

Maximum temperature results showed very little variation 
in accuracy across datasets, and overall, very low errors 
(Fig. 2). Compared to the other datasets, the 6-km Livneh 
had a slightly higher MAE, MBE, RMSE, and MPE with val-
ues of 0.58C, 20.58C, 0.68C, and 0.2%, respectively. The other 
datasets ranged 0.18–0.28C lower in error and bias than Liv-
neh. ClimateNA most closely aligned with the station data for 
maximum temperature, although only slightly. Minimum tem-
perature showed larger differences between datasets than 
maximum temperature. Again, the 6-km Livneh fared the 
worst with a MAE of 1.38C, MBE of 21.38C, RMSE of 1.48C, 
and MPE of 0.5%. TopoWX performed the best against sta-
tion data for minimum temperature, with the lowest MAE, 
MBE, RMSE, and MPE of 0.18C, 0.08C, 0.28C, and 2%, 
respectively. 

Mean bias error for each native resolution dataset was sum-
marized for precipitation and minimum temperature by ecor-
egion to assess topo-climatic differences between the datasets 
that can inform their applicability for local watershed or eco-
logical modeling. Precipitation bias for each dataset shows 
that regional differences can be much larger than differences 
averaged over California (Fig. 3a). The largest negative (wet-
ter) bias values were found in the Coast Range and Cascades, 
and the largest positive (drier) bias values were found in the 

—1 —1 —1
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FIG. 2. Statistics for each native and downscaled gridded climate dataset against monthly sta-
tion data for (a) precipitation, (b) maximum air temperature, and (c) minimum air temperature 
from 1980 to 2013. Note the different y-axis scale for each variable. RMSE 5 root mean squared 
error, R2 5 coefficient of determination, mm 5 millimeters, 8C 5 degrees Celsius, m 5 meters, 
km 5 kilometers. Statistics are available in tabular format as Table S1 in the online supplemental 
material. 

Klamath Mountains, Eastern Cascades Slopes and Foothills, 
and Snake River Basin/High Desert ecoregions (Fig. 3a). 
Overall, precipitation bias was closest to zero in the Southern 
Basin and Range and the Central California Valley. 

Minimum temperature bias was similar for PRISM, Day-
Met, and ClimateNA, with a slightly cool bias in the South-
ern Basin and Range and less of a cool bias through the 
Central Valley and Sierra Nevada (Fig. 3b). The Coast 
Range and Klamath Mountains were warmer for PRISM 
and ClimateNA, and slightly cooler for DayMet. TopoWX 
showed a warm bias in the Sierra Nevada and most of 

northern California with a slightly cool bias for the rest of 
the ecoregions. Livneh showed the highest values of bias 
with a cool bias of over 1 degree in every ecoregion except 
the Central California Valley and the Southern and Central 
California Plains and Hills. 

The average amount of deviation from each climate station 
for precipitation in California for each gridded dataset from 
1980 to 2013 shows that each dataset overestimates precipita-
tion at a station on average by the end of the 33-yr period, 
from roughly 800 to 2000 mm (4.1%–10.3%) cumulatively, or 
24–60 mm yr (Fig. 4). A deviation value of zero would —1 
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FIG. 3. Average monthly model divergence from station data (bias) summarized by ecoregion 
for (a) precipitation and (b) minimum temperature from 1980 to 2013. TopoWX does not pro-
vide precipitation data. Station locations are shown as black dots. 

indicate a perfect match to the station cumulative values. The over this period was roughly 800 mm (4.1%), less than half the 
bias in DayMet, Livneh, or ClimateNA. DayMet and Livneh 
had about 1800 mm (9.5%) and 1700 mm (8.8%) of bias by 
the end of the period, respectively. 

cumulative deviation shows ClimateNA with the highest 
amount of bias over time especially in the 2011–13 period, and 
PRISM with the lowest amount of bias (Fig. 4). PRISM bias 

FIG. 4. Cumulative deviation of monthly precipitation for each gridded precipitation dataset 
extracted at each climate station from 1980 to 2013, presented as absolute values. A value of 0 
indicates a perfect match to station data. The scale of each gridded dataset is indicated with 
km 5 kilometers, m 5 meters. 
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FIG. 5. Interdataset spread in (top) climate inputs (temperature and precipitation) and (middle),(bottom) Basin Charac-
terization Model (BCM) hydrological model variables for water year 1981–2010 annual averages. Warm colors show the 
highest amount of interdataset spread (less agreement); cooler colors indicate higher agreement between datasets. 
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b. Comparisons of long-term gridded data 

Four of the gridded climate datasets were extracted for the 
study area and downscaled to 270 m to provide climate inputs 
to the BCM. Climate NA was excluded because gridded cli-
mates were not available. The interdataset range of values 
was calculated on a per-pixel basis for precipitation, minimum 
and maximum temperature, recharge, runoff, climatic water 
deficit, soil storage, 1 April snowpack (SWE), and actual 
evapotranspiration for every 270-m grid cell for PRISM, Day-
Met, Livneh, and TopoWX (hybrid air temperature with 
PRISM precipitation climate inputs) (Fig. 5). The interdataset 
range identifies where the datasets agree and disagree the 
most on the landscape. Precipitation had the largest interdata-
set range in the Klamath Mountains and Sierra Nevada ecore-
gions but also showed large differences in the Coast Range, 
Cascades, and Southern California Mountains. There was lit-
tle-to-no interdataset spread in the Southern Basin and Range 
and the Central California Valley ecoregions. Maximum tem-
perature showed the smallest level of discord for most grid 
cells, and disagreement was mostly in coastal mountain ecore-
gions and areas with high topographic complexity within the 
Sierra Nevada and Mojave Desert. Minimum temperature 
showed large interdataset ranges in the Sierra Nevada, Klam-
ath Mountains, and some parts of the Southern Basin and 
Range ecoregion. 

Ecoregions such as in the Sierra Nevada and Klamath 
Mountains had the highest disagreements among gridded cli-
mate datasets, which led to greater differences in hydrological 
variables (Fig. 5, rows 2 and 3). The hydrological variable 
with the highest amount of interdataset spread was the soil 
storage variable, with large differences in all regions. Runoff 
showed higher interdataset spread than recharge. Recharge 
and runoff showed similar spatial patterns of interdataset 
spread, mirroring the precipitation results, with highest dis-
agreement in the Sierra Nevada and Klamath Mountains 
ecoregions. The differences in precipitation and minimum 
temperature led to large discrepancies in 1 April snowpack, a 
value generally used as an indicator of available snow water 
equivalent to carry the water supply through the dry summer 
months. Climatic water deficit and actual evapotranspiration 
showed interdataset spread across all regions, and spatial pat-
terns indicate they show a more complex relationship to pre-
cipitation and air temperature differences. 

c. Comparisons of hydrological model results for 
FNF basins 

Results from the BCM for each climate dataset were summa-
rized by FNF basin from 1981 to 2010, and the average range of 
potential outcomes for each variable were calculated for the 11 
FNF basins. The 1 April snowpack had the largest range among 
datasets (Fig. 6), showing the effects of different precipitation 
and air temperature estimates in a snowpack-dominated hydro-
logical regime. Runoff and recharge were the next two hydro-
logical variables with the largest interdataset range for the FNF 
basins. Climatic water deficit and actual evapotranspiration dif-
ferences ranged between 15 and 50 mm yr , and potential 
evapotranspiration differences ranged from 14 to 31 mm yr

FIG. 6. Average interdataset spread across climate datasets for 
hydrological variables for 11 FNF basins from water years 
1981–2010. The “X” indicates the mean of the data, the middle line 
is the median. The top of the box represents the third quartile, and 
the bottom of the box represents the first quartile. The maximum 
value is indicated by the highest horizontal bar, and the minimum 
value is indicated by the lowest horizontal bar. Other dots outside 
the whiskers are outliers. PPT 5 precipitation, PET 5 potential 
evapotranspiration, AET 5 actual evapotranspiration, CWD 5 cli-
matic water deficit, RCH 5 recharge, RUN 5 runoff, PCK 5 1 
April snowpack. 

depending on climate dataset. Potential evapotranspiration is 
based on maximum temperature, a climate variable that had 
less disagreement between climate datasets. In contrast, actual 
evapotranspiration is vegetation specific,  and when run through
the BCM incorporates precipitation, temperature, spatially 
explicit soil moisture holding capacity, and bedrock permeabil-
ity, which means it can be limited by available water, resulting 
in a higher range. Disagreement between datasets of precipita-
tion and air temperature lead to the highest uncertainty in 
model estimates of snowpack, recharge, and runoff, highlighting 
the importance of choosing the most accurate dataset due to 
the sensitivity of hydrological variables to climate inputs. 

To assess watershed-level differences in hydrological out-
puts, 1981–2010 average interdataset spread for air tempera-
ture and precipitation (Fig. 7a), and four hydrological 
variables: climatic water deficit, recharge, runoff, and 1 April 
snowpack (Fig. 7b), are shown for the 11 FNF basins (Fig. 1). 
Figure 7a shows an interdataset spread of minimum tempera-
ture of 28–48C, depending on the basin. Maximum tempera-
ture varied much less, with 0.88–1.48C interdataset spread. 
The FNF basin with the smallest disagreement between data-
sets is the Cosumnes for minimum temperature, and Yuba for 
maximum temperature. Differences among datasets for pre-
cipitation ranged from 122 mm yr in the Mokelumne to 215 
mm yr for the Yuba basin. Basins with the largest differ-
ences in precipitation corresponded to higher differences 
between recharge and runoff (Fig. 7b), and in the Feather, 
interdataset spread of snowpack was higher than precipitation 
due to the combined differences in precipitation and air tem-
perature. Differences among datasets for climatic water defi-
cit were small but were highest for the San Joaquin and 
Kings. Although interdataset spread in runoff was higher than 
recharge in the northern Sierra basins, most of the southern 

—1

—1 

—1 

—1 
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FIG. 7. Interdataset spread between PRISM, Livneh, TopoWX, and DayMet for (a) climate 
inputs (air temperature and precipitation) and (b) four hydrological variables (climatic water def-
icit, recharge, runoff, and 1 April snowpack) from the Basin Characterization Model for each full 
natural flow (FNF) basin from water years 1981 to 2010. Note: TopoWX includes PRISM precip-
itation and TopoWX air temperature. 

Sierra basins showed higher variability in recharge compared 
to runoff. 

Average monthly streamflow for the 11 FNF basins by each 
climate dataset from 2000 to 2010 is shown in Fig. 8. Results 
show the average hydrograph varies by a factor of 2 in the 
months of December, January, and February. The months 
with the highest agreement between climate datasets and the 
least sensitivity to differences in input data are August, Sep-
tember, and October. The TopoWX dataset ran through the 
BCM was a hybrid of TopoWX minimum and maximum tem-
perature and PRISM precipitation. The comparison of two 
datasets with the same precipitation was done to highlight the 
importance of considering air temperature in addition to pre-
cipitation for hydrological modeling, especially in areas that 

experience significant snowpack. Due only to changes in air 
temperature, the PRISM dataset resulted in higher stream-
flow than the hybrid TopoWX dataset for the months of 
March, April, and May, and was on average 4% higher for 
the FNF basins. 

Depending on the dataset used to drive the BCM, annual 
streamflow volumes ranged 615% due to changes in precip-
itation and snowpack timing. Figure 8b shows the interdata-
set spread, largely influenced by the differences in the 
Livneh climate dataset. The dataset with the highest amount 
of  modeled mean streamflow from all basins in 2000–10 was 
DayMet, followed by PRISM, TopoWX hybrid, and then Liv-
neh. Even though precipitation bias was higher than PRISM, 
Livneh produced less streamflow than the other datasets and 
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FIG. 8. Average monthly streamflow for all basins in million cubic meters per month for water 
years 2000–10. (a) shows streamflow for each climate dataset, (b) shows the range in monthly 
BCM streamflow from all climate datasets. Note: TopoWX includes PRISM precipitation and 
TopoWX air temperature. 

underestimated the FNF modeled estimates by about 8%. The 
interdataset spread can range up to 70% of the mean monthly 
streamflow in December and January, with an average of 35% 
of the mean streamflow for all months. 

4. Discussion 

Accuracy statistics of PRISM, Livneh, DayMet, Clima-
teNA, and TopoWX indicated that there was not one single 
dataset that was the most accurate for precipitation and air 
temperature. However, PRISM had the overall lowest precip-
itation errors and did not have high errors in air temperature 
although it did not perform the best compared to other data-
sets. Although not a fully independent accuracy assessment 
due to an earlier, unprocessed version of the SCDNA station 
data being used as one component in the creation of the 
gridded climate products we tested, a comparison to station 
data such a presented here is a commonly used method to 
assess the ability of a gridded dataset to represent measured 
data or the suitability of a gridded climate dataset for a 

specific research goal, application, or study area (Behnke et al. 
2016; Eum et al. 2014; Asong et al. 2020; Muche et al. 2020). 
In this study, we used a climate station dataset, SCDNA, for 
validation that employs additional quality assurance measures 
and gap filling techniques to include a more appropriate vali-
dation dataset. Consistent with other gridded climate datasets, 
SCDNA has not been corrected for observations in biases 
like station undercatch due to wind and topographic effects. 
Underrepresentation of high elevation locations or areas with 
complex terrain from the GHCN-D stations may introduce 
some bias into the statistical results by not capturing enough 
extreme locations across California. 

Downscaling the climate datasets to 270 m improved or 
resulted in similar statistics as the native resolution, depending 
on the dataset and climate variable. The Livneh dataset showed 
the largest improvement when downscaled over the native 6-
km resolution, especially for precipitation, indicating that down-
scaling can improve the accuracy of coarse-resolution datasets 
and does not degrade the accuracy of higher-resolution data-
sets. The ClimateNA precipitation dataset at 1-km resolution 
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performed worse than Livneh but had lower errors for air tem-
perature. There were not enough coarse-resolution datasets in 
this study to conclude that higher-resolution datasets are 
more accurate for precipitation or air temperature, but in a 
region of complex elevation and climatology, downscaling 
from a few kilometers’ resolution to 270 m can improve the 
representation of elevational gradients and local-scale 
climate patterns. 

Uncertainty in input climate and hydrology data can arise 
from multiple sources. McMillan et al. (2018) identified five 
uncertainty categories: measurement, derived data, interpola-
tion, scaling, and data management uncertainty. Measurement 
uncertainty exists in precipitation and air temperature data 
due to many potential reasons like sensor error, calibration or 
installation errors, datalogger or technical issues, and lack of 
appropriate quality control and assurance procedures. Derived 
data uncertainty is when a hydrologic quantity is estimated 
using a proxy measurement, such as using river stage to calcu-
late streamflow. Interpolation uncertainty exists when a mea-
surement is interpolated in space or time due to underlying 
assumptions in the interpolation methods. Scaling uncertainty 
exists when a process measured at one scale is used to approxi-
mate the process at a different scale, such as if a local rain 
gauge does not represent the surrounding area due to hyperlo-
calized conditions. Data management uncertainty exists in 
recorded values or metadata due to many potential human or 
computing errors. It is important to consider all aspects of 
uncertainty in climate data and subsequent gridded data prod-
ucts and to minimize these uncertainties whenever possible. 

There are numerous gridded climate products available at 
varying spatial resolutions, time steps, footprints, and interpo-
lation schemes and assumptions. Although these datasets con-
tain uncertainties (Newman et al. 2015), gridded climate 
datasets are often treated as ground truth without acknowl-
edging problems with station data or assumptions made to 
interpolate a spatially and temporally complete climate prod-
uct (Walton and Hall 2018). Still, gridded historical climate 
data products have been shown to produce better hydrologi-
cal simulation than using station measurements alone 
(Ledesma and Futter 2017), particularly for low-density cli-
mate station arrays that are not able to accurately represent 
regional temperature and precipitation patterns required for 
accurate hydrological simulations (Ledesma and Futter 2017). 

Quantitative uncertainty statistics at the California scale 
may not represent gridded dataset accuracy at a local scale or 
away from station locations. A regional or local comparison 
can help identify the most appropriate dataset for a study 
area. For example, a study located in the Central California 
Valley ecoregion may not require as careful a consideration 
for which climate dataset to use because the interdataset 
spread is very low for precipitation and temperature. How-
ever, a study in the Sierra Nevada or Klamath Mountains 
ecoregion requires thoughtful selection because the choice of 
gridded climate dataset can greatly impact the results of statis-
tical analyses or models due to the large interdataset spread 
and higher precipitation and minimum temperature bias, 
depending on which dataset is chosen. Large differences in 
precipitation and air temperature led to the highest 

uncertainty in snowpack, recharge, runoff, and less so, actual 
evapotranspiration and climatic water deficit. 

Differences between datasets can be attributed to which cli-
mate stations are used and if station data are gap-filled or 
homogenized, as well as to methodological differences. Each 
gridded dataset we examined uses a different interpolation 
method and grid cell resolution, which can greatly impact cli-
mate dataset accuracy. DayMet had reasonable statistics 
across California but has been found to show large jumps on a 
daily time step due to missing station data (Walton and Hall 
2018). As shown in the minimum temperature bias result, Liv-
neh had a large cold bias compared to station data, likely 
attributed to the fixed lapse rate that is not appropriate for 
areas of complex terrain like the Sierra Nevada and Klamath 
Mountains ecoregions. For that reason, Livneh may not be 
suitable for studies in snow-dominated regions or most of Cal-
ifornia due to topographic differences. As an example of how 
errors might impact climate change projections, the Livneh 
dataset was used to bias correct the General Circulation Mod-
els selected to portray future climate conditions in California’s 
4th Climate Change Assessment (Pierce et al. 2015; https:// 
www.climateassessment.ca.gov/). The Livneh minimum tem-
perature bias of about 18C cooler than weather stations could 
mean future warming is underestimated by that amount. This 
underestimate could cascade through hydrological processes, 
leading to modeled overestimates of when Sierra Nevada 
snowpack might vanish, when yearly melt-out might occur, 
and underestimates of how long future seasonal dry periods 
might be. 

TopoWX was warmer in the Sierra Nevada and Klamath 
Mountains ecoregions, which led to higher streamflow in the win-
ter and summer months compared to PRISM, when PRISM pre-
cipitation was used for both simulations. TopoWX was also the 
most accurate air temperature dataset against station data and 
can be  used to combine  with precipitation to improve  streamflow 
estimates. However, there are currently (2021) no plans to 
update the TopoWX dataset beyond 2018 and is therefore lim-
ited in potential applications. ClimateNA was statistically accu-
rate for temperature but had large errors in precipitation and 
extracting high-resolution, statewide monthly gridded datasets 
for input to the BCM was not possible, limiting the available 
comparisons to other climate datasets. ClimateNA and TopoWX 
are not commonly included in comparison studies, potentially 
due to some of these limitations. 

Choosing a gridded climate dataset for climate change studies 
is an important consideration with implications for hydrological 
and ecological modeling and depends on the local availability of 
historical and future datasets, and the purpose and application 
of the study. Although additional uncertainty is introduced by 
using future climate scenarios, minimizing historical biases can 
limit the uncertainty propagated through hydrological or eco-
logical models while projecting into the future from climate 
forcing. Downscaling technique, bias correction method, and 
resolution can introduce large uncertainties into climate change 
modeling studies. In addition, availability of all needed climate 
variables, and historical datasets that are kept up to date are 
important considerations for regional assessments. Results from 
this study can be used to guide the decision-making process to 

https://www.climateassessment.ca.gov/
https://www.climateassessment.ca.gov/
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determine the gridded climate dataset that is most suitable for a 
region and to quantify the implications for hydrological model-
ing in California and provide guidance for sensitivity analyses to 
select climate datasets in any location. 

5. Conclusions 

We assessed the accuracy of five commonly used historical-cli-
mate gridded datasets and the associated uncertainty in land-
scape hydrologic variables entrained by dataset choice. Each 
dataset was downscaled to a common 270-m resolution to deter-
mine if accuracy improved, and to match the BCM model grid 
for modeled hydrologic comparisons. Downscaling coarser-scale 
climate grids resulted in improved or similar statistical accuracy 
to station data, especially for precipitation. Livneh, DayMet, Cli-
mateNA, and PRISM generally overestimated monthly precipi-
tation compared to the SCDNA stations, a subsample of stations 
used in each of the datasets. The PRISM precipitation dataset 
was the most accurate for California and had low errors for mini-
mum and maximum air temperature. TopoWX was the most 
accurate for minimum temperature and had very low errors for 
maximum temperature but does not provide precipitation data. 
The five gridded datasets all performed similarly for maximum 
temperature averaged across the state. Although Livneh was the 
second most accurate for precipitation, it was highly inaccurate 
for minimum temperature, and had the highest errors for maxi-
mum temperature, resulting in the most anomalous streamflow 
result. ClimateNA was the most accurate for maximum air tem-
perature, but had high precipitation errors. For these reasons, the 
PRISM dataset was the overall most accurate and realistic data-
set compared with station data for California, which we are now 
using as baseline in other studies. 

Variability in precipitation and air temperature affected 
hydrologic variables differentially. Recharge and runoff dif-
fered in areas where precipitation occurs in higher volumes 
and where precipitation differed the most between datasets. 
Climatic water deficit and actual evapotranspiration showed 
higher agreement between datasets in areas where high inter-
dataset spread occurred for precipitation, indicating these 
estimates may be more robust against differences in climate 
datasets. Coincident locations of high interdataset spread for 
precipitation and minimum air temperature led to even higher 
interdataset spread of 1 April snowpack values. Differences 
in climate inputs for watersheds in the Sierra Nevada resulted 
in large potential uncertainties in streamflow estimates, with 
an interdataset spread of up to 70% of the monthly stream-
flow, and on average 35%. Differences in streamflow due to 
air temperature only between the TopoWX hybrid and 
PRISM datasets averaged 4% month21, with higher dataset 
spread in December, May, and August of 7%–8%. 
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