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ABSTRACT: In this paper, a new set of daily gridded fields and area averages of temperature and precipitation is intro-
duced that covers the contiguous United States (CONUS) from 1951 to present. With daily updates and a grid resolution
of approximately 0.0417° (nominally 5 km), the product, named nClimGrid-Daily, is designed to be used particularly in cli-
mate monitoring and other applications that rely on placing event-specific meteorological patterns into a long-term histori-
cal context. The gridded fields were generated by interpolating morning and midnight observations from the Global
Historical Climatology Network-Daily dataset using thin-plate smoothing splines. Additional processing steps limit the
adverse effects of spatial and temporal variations in station density, observation time, and other factors on the quality and
homogeneity of the fields. The resulting gridded data provide smoothed representations of the point observations, although
the accuracy of estimates for individual grid points and days can be sensitive to local spatial variability and the ability of
the available observations and interpolation technique to capture that variability. The nClimGrid-Daily dataset is therefore
recommended for applications that require the aggregation of estimates in space and/or time, such as climate monitoring
analyses at regional to national scales.

SIGNIFICANCE STATEMENT: Many applications that use historical weather observations require data on a high-
resolution grid that are updated daily. Here, a new dataset of daily temperature and precipitation for 1951—present is in-
troduced that was created by interpolating irregularly spaced observations to a regular grid with a spacing of 0.0417°
across the contiguous United States. Compared to other such datasets, this product is particularly suitable for monitor-
ing climate and drought on a daily basis because it was processed so as to limit artificial variations in space and time
that may result from changes in the types and distribution of observations used.
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1. Introduction Increasingly, the users of climate and drought monitoring
reports, including water resource managers, farmers, and other
decision-makers, are in need of more timely climate informa-
tion than can be provided on a monthly time scale. For exam-
ple, accurate weekly drought monitoring requires calculations
of indicators for the most recent 90-day periods at the end of
each week. In addition, the heat waves, cold-air outbreaks, and
flooding events of recent years have heightened interest in un-
derstanding the degree of unusualness of such submonthly
events among planners, the media, and the general public.
The fulfillment of these needs necessitates a set of daily,
rather than monthly, gridded fields of temperature and precipi-
tation covering at least the contiguous United States (CONUS)
that are updated in near—real time. While many station observa-

Operational climate monitoring activities under the National
Oceanic and Atmospheric Administration (NOAA) and the
National Integrated Drought Information System (NIDIS)
center on the publication of regular reports that summarize
recent conditions and long-term trends at various spatial
scales across the United States. They rely primarily on monthly
gridded fields of temperature and precipitation (hereafter re-
ferred to as nClimGrid-Monthly; Vose et al. 2014) and various
indicators derived from them, such as the Palmer drought se-
verity index (PDSI; Palmer 1965). Compared to irregularly
spaced station observations, which contain missing reports and
are preferentially located at lower elevations, gridded fields

are temporally and spatially complete. Although each grid-  {jong are already available with a latency of 1-3 days, regularly
point value is, by nature, an estimate of the actual conditions updated grids of daily temperature and precipitation with a spa-
within each grid box during a particular time interval, a gridded (i3] resolution of no more than a few kilometers are needed in
field tends to provide more representative spatial patterns than  rqer to allow for the generation of geographically representa-
point observations. In addition, data on a regular grid can be  (ive maps and area averages of meteorological events as they
easily aggregated over various geographic entities, such as cli- emerge. To facilitate the comparison of current events with past
mate regions or river basins, and yield more accurate regional conditions, a practice that is central to climate monitoring activi-
averages than station observations (Vose et al. 2014). ties, the gridded fields must span as much of the historical re-
cord as is feasible given that the spatial coverage of the

observations becomes increasingly limited going backward in
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inhomogeneities, such as those resulting from changes in the
measurement or spatial distribution of the underlying data,
need to be minimized to reduce, if not eliminate, the chance
that nonclimatic signals mask the climatic long-term trend and
variability.

To address these requirements, a set of gridded fields and
area averages of daily maximum temperature (Tmax), mini-
mum temperature (Tmin), and precipitation (Prcp) was devel-
oped that covers the CONUS (Durre et al. 2022). This new
product, called nClimGrid-Daily, is available from NCEI be-
ginning with 1 January 1951 and is kept up to date to within at
least 3 days of the current date. The gridded fields are gener-
ated by applying thin-plate smoothing splines (TPSS) to quality-
controlled observations from the Global Historical Climatology
Network-Daily (GHCNd) dataset (Menne et al. 2012a,b).
Following the interpolation, additional processing steps en-
sure both the internal consistency of the interpolated fields
and their consistency with nClimGrid-Monthly (Vose et al.
2014). From the daily gridded values, area averages for various
types of regions ranging in size from census tracts to the entire
CONUS are also calculated.

The TPSS method was chosen for three primary reasons.
First, compared to other interpolation approaches, this method
is particularly suitable for the wide range of topographical and
climatic features of the CONUS as it provides a natural frame-
work for incorporating predictor variables that represent terrain
complexity and coastal proximity, factors that have been shown
to significantly reduce interpolation errors (Hutchinson 1998b;
Jarvis and Stuart 2001a). Second, the TPSS method has been
found to be suitable for the interpolation of daily temperature
and Prcp at various spatial scales (Haylock et al. 2008; Hutchinson
et al. 2009; Herrera et al. 2016). Third, for nClimGrid-Daily in
particular, an additional advantage of using TPSS is that this
method was also used as part of the creation of its monthly
sister dataset, nClimGrid-Monthly (Vose et al. 2014).

While a number of datasets of daily gridded temperature
and Prcep fields exist, none of them satisfies all of the require-
ments of CONUS-wide regional to national climate monitor-
ing applications. For example, the gridded data in the Applied
Climate Information System (ACIS; DeGaetano and Belcher
2007) were, like nClimGrid-Daily, developed to support real-
time climate monitoring, but were originally designed only for
the northeastern United States. The collection of daily fields
produced with the Parameterized-Elevation Regressions on
Independent Slopes Model (PRISM; Diluzio et al. 2008; Daly
et al. 2021) is available free of charge at a high resolution of
4 km within 24 h of the end of each day and reflects the influ-
ence of complex terrain features. However, PRISM data are
not adjusted for historical changes in measurement practices
and do not start until 1981, missing the notable droughts of the
1950s. Daymet (Thornton et al. 1997, 2021) also reflects the ef-
fects of terrain and is available at a 1-km resolution, but is only up-
dated monthly. The dataset by Livneh et al. (2015) covers Mexico
and Canada in addition to the CONUS and accounts for trans-
boundary discontinuities at the country borders, while Newman
et al’s (2015) Gridded Meteorological Ensemble Tool includes
uncertainty estimates, yet neither product is updated routinely.
The global-scale datasets described by Huffman et al. (2001),
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Caesar et al. (2006), Chen et al. (2008), and Contractor et al.
(2020) each include either temperature or Prcp, but not both, and
are available only at a lower spatial resolution.

This paper is dedicated to describing the methodology for
generating nClimGrid-Daily and illustrating the utility and
limitations of this new data product. The selection of input
data, the interpolation approach, and additional processing
steps are described in sections 2-5. Section 6 contains valida-
tion results in the form of both cross-validation statistics and
illustrative examples of the gridded fields on specific days. In
section 7, the utility of nClimGrid-Daily for two climate moni-
toring applications is assessed. The paper concludes with in-
formation on accessing and using nClimGrid-Daily.

2. Preparation of input data

As input to nClimGrid-Daily, reports of Tmax, Tmin, and
Prcp were taken from the GHCNd dataset. Containing histor-
ical and near-real-time high-quality daily observations from
around the world, GHCNd is the most comprehensive source
of quality-controlled daily surface observations for the CONUS.
GHCNd’s CONUS records date back to 1832 and originate
from multiple station networks (Menne et al. 2012a,b). Changes
in station coverage over time are known to cause temporal
variations in the accuracy of associated gridpoint estimates
(Chen et al. 2008; Ensor and Robeson 2008; Hofstra et al.
2009; Gervais et al. 2014; Herrera et al. 2019), while spatially
and temporally varying observation times can increase in-
terpolation errors and temporal inhomogeneities (DeGaetano
1999; Janis 2002; Daly et al. 2021; Thornton et al. 2021). To
limit both of these effects, the available data were subset ac-
cording to station network and observation time as described
below.

a. Station selection

To avoid the considerably lower station density of the first
half of the twentieth century compared to the second half, the
year 1951 was chosen as the first year of analysis. Observa-
tions from four prominent networks were used as input to the
interpolation algorithm: the Cooperative Observer Program
(COOP) and Automated Surface Observing System (ASOS)
networks of the National Weather Service (NWS), the Snow-
pack Telemetry (SNOTEL) network of the U.S. Department
of Agriculture’s Natural Resources Conservation Service, and
the Remote Automatic Weather Stations (RAWS) operated
jointly by several wildland management agencies. For RAWS
stations, only temperature observations were used because
precipitation measurements in this network are typically taken
with unheated rain gauges and are therefore unreliable, if not
unavailable, under freezing conditions (Zachariassen et al.
2003; Myrick and Horel 2008). Records from the Community
Collaborative Rain, Hail and Snow Network (CoCoRAHS)
provide excellent national coverage starting around 2010, but
were not included in the interpolation because the resulting
rapid increase in station density after the year 2000 would
have introduced a noticeable temporal inhomogeneity into
the gridded dataset.
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TABLE 1. Summary of station networks used in nClimGrid-Daily. Acronyms for networks are defined in the text. Acronyms for
network operators are defined as follows: BLM = Bureau of Land Management, NRCS = National Resource Conservation Service,
and NWS = NOAA National Weather Service. Obs times used refers to the observation times, in local time, that are utilized;

observations taken at other times are not considered. Consistent with conventions frequently used in daily NWS reports, the time

2400 refers to local midnight at the end of the reporting day.

Network Operator Coverage within CONUS Period used Variables used Obs times used (LT)
COOP NWS All states 1951-present Tmax, Tmin, Prcp 0500-0900, 2400
ASOS NWS All states 1992—present Tmax, Tmin, Prcp 2400
SNOTEL NRCS Western states at high elevations 1978-present Tmax, Tmin, Prcp 2400

RAWS BLM Fire-prone locations in foothills and 1983—present Tmax, Tmin 2400

on lower parts of mountain slopes

The coverage, periods of record, and observation times of
the four networks are detailed in Table 1, while their instru-
mentation, siting, observing practices, and measurement errors
are documented extensively elsewhere (e.g., Guttman and
Baker 1996; Serreze et al. 1999; Zachariassen et al. 2003; Daly
et al. 2007; Myrick and Horel 2008; Menne and Williams
2009). Among the available observations, only those that
passed all of GHCNG’s logical, serial, and spatial quality assur-
ance checks (Durre et al. 2010) were considered as input to
nClimGrid-Daily.

b. Observation time

A significant challenge of interpolating daily observations is
that the time of day at which measurements are taken varies
among stations on any given day as well as over time. Differ-
ent reporting times at neighboring stations can result in differ-
ences in the Tmax, Tmin, and Prcp values reported for a
given date, even when both sites experience identical condi-
tions (Janis 2002). For example, rainfall from a late morning
shower would be included in that same day’s 1700 and 2400 LT
observations, while 0700 LT observers would include it in their
reports for the following morning. Thus, mixing reports from
stations with different observing times can introduce spurious
spatial variability that can contribute to interpolation errors
(e.g., Daly et al. 2021; Thornton et al. 2021). In addition, a
change in observation time at a particular location, e.g., from
afternoon to morning, can introduce a shift in the mean and
variability of the reported observations (Karl et al. 1986;
DeGaetano 1999).

Tables 1 and 2 document the network-to-network and tem-
poral variations in observation time within the four networks
used for nClimGrid-Daily. Table 2 reflects the gradual shift in
reporting time from afternoon to morning that has been tak-
ing place throughout the COOP network (e.g., Janis 2002).
For the period as a whole, morning, especially the time span
of 0500-0900 LT, is the most prominent observation time.
While the share of temperature observations at this time of
day increased from near 30% to near 70% during 1951-2020,
more than half of Prcp measurements were taken in the morn-
ing throughout the entire period, and their proportion ex-
ceeded 70% by 2020. For nClimGrid-Daily, the next most
important observation time is local midnight, as it is the stan-
dard reporting time for the RAWS and SNOTEL networks as
well as for several hundred COOP and ASOS sites.

To reduce the impact of these observation time variations
on the final gridded fields, only measurements taken at the
observation times of midnight, 0500, 0600, 0700, 0800, and
0900 LT were considered. For the generation of a given day’s
gridded field, each day’s morning observations were com-
bined with the previous day’s midnight observations, thereby
maximizing the overlap between the two sets of 24-h observ-
ing periods ending at those times. For example, to create the
gridded fields for 25 April 2019, measurements taken between
0500 and 0900 LT on that day were combined with reports
from 2400 LT 24 April 2019. In a final data selection step,
which is explained further below, each midnight measurement
from an NWS-operated station that was located within 100 km
horizontal distance and within 100 m elevation of a morning-
observing station was removed to further limit the impact of

TABLE 2. Distribution of observation times among NWS COOP and ASOS stations at the beginning, middle, and end of the

analysis period as represented by 1 Jan in the years 1951, 1985, and 2020. Percentages are relative to all NWS observations whose
observation time is documented at NCEI. Times are given on a 24-h clock and refer to local time (e.g., 0500 = 5 a.m. local time,
2400 = midnight at the end of the specified date). Observation times for Tmin are identical to those for Tmax. Only observations
between 0500 and 0900 and 2400 LT are used as input to the gridding process.

1 Jan 1951 1 Jan 1985 1 Jan 2020
Tmax Prcp Tmax Prcp Tmax Prcp
Total No. of observations 3339 5795 4884 7205 3200 3907
Fraction between 0500 and 0900 LT (%) 33.9 584 42.4 61.8 68.6 73.9
Fraction between 1500 and 1900 LT (%) 50.0 31.1 44.0 28.0 8.9 7.6
Fraction at 2400 LT (%) 12.7 7.8 10.7 7.3 20.1 16.7
Fraction at other times (%) 34 2.7 2.9 29 2.4 1.8
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mixing observation times when such mixing does not signifi-
cantly enhance spatial coverage. The resulting set of input data
for each day consists primarily of morning observations, with
midnight observations from the previous day, especially those
from the RAWS and SNOTEL stations in the mountainous
West, filling in significant spatial gaps. It therefore represents
conditions that prevailed during the 24 h ending sometime dur-
ing the first 9 h of the day.

These methodological choices were based on a variety of
sensitivity tests with various configurations of networks and
observation times as well as a visual assessment of the spatial
coverage that each of these configurations would yield at vari-
ous times throughout the period of analysis. In addition, sev-
eral methods for handling reports with different observation
times were tested. All tests assumed that, at a minimum, meas-
urements taken at the predominant morning observation times
of 0500-0900 LT would be utilized. The tests yielded three major
findings. First, the addition of afternoon observations from the
same or previous day yielded larger interpolation errors, consis-
tent with knowledge about the differences in Tmax, Tmin, and
Prep reported at those two times of day (Karl et al. 1986; Janis
2002). Similarly, combining morning observations with the next
later midnight observations (2400 LT on the same date) resulted
in larger interpolation errors than combining with the next ear-
lier midnight observations (2400 LT on the previous day). The
previous day’s midnight reports improved the interpolation re-
sults compared to morning observations alone when they also
filled in gaps in spatial coverage.

A final set of tests analyzed how large the gap in the spatial
coverage of morning observations must be in order for the ad-
ditional midnight observation to add value. When midnight
and morning stations are in close proximity to each other, dif-
ferences between the observed values are more likely to be
the result of the difference in observation time than of their
geographical separation, particularly for Tmin and Prcp. An
initial analysis of the separation distance between all pairs of
stations showed that nearby midnight and morning observa-
tions were particularly common in the NWS network, whereas
SNOTEL and RAWS stations are predominantly more iso-
lated. Within the NWS network, a comparison of the interpo-
lation errors for a range of combinations of distance and
elevation difference thresholds between midnight and morning
stations showed that the errors remained consistent for thresh-
olds around 100 km horizontal separation and 100 m vertical
separation and increased as thresholds were lowered signifi-
cantly below these values. The use of these thresholds re-
sults in the exclusion of 300-400 midnight observers on any
given day.

¢. Resulting data coverage

Figure 1 contains time series of the relative contribution
of each constituent network and observation time category
(morning or midnight) in the input data after the above data se-
lection steps have been applied. In Fig. 2, maps depict the spa-
tial distribution of observations at the beginning and end of the
record analyzed as well as on the day with the largest number of
observations. Morning COOP observations dominate throughout
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FIG. 1. Average number of stations used in nClimGrid-Daily for
each year between 1951 and 2020 for (a) temperature and (b) precip-
itation. Shown are the total annual station count (gray) and annual
numbers of NWS morning (blue), NWS midnight (red), SNOTEL
(purple), and RAWS (orange) sites.

the record, and there are consistently more stations for Prcp than
for temperature, owing to the greater density of Prcp observers
compared to temperature observers in the COOP network
(Fig. 1). The total number of observations used increases
from around 1300 (3400) for temperature (Prcp) in 1951 to
over 5000 (6000) in the late 2000s. This increase is the result of
a general rise in the number of morning COOP observations
and of the introduction of the SNOTEL and RAWS networks
starting in the 1980s. The coverage in 2020 (Figs. 2c,f) is gener-
ally similar to 2009 (Figs. 2b,e), although the density of NWS
morning sites thins between 2009 and 2020, consistent with the
decrease in the overall number of stations during that time
(Fig. 1).

Midnight observations augment the spatial coverage of the
morning observations. In the western half of CONUS, the
coverage is somewhat sparse for both temperature and Prcp
in the early 1950s (Figs. 2a,d), but improves significantly over
time, especially with the addition of SNOTEL and RAWS
sites, most of which are situated in remote locations of the
western mountains and foothills (Serreze et al. 1999; Myrick
and Horel 2008). In the East, midnight observations from
NWS stations are particularly useful for filling in gaps in tem-
perature observations early in the record (Fig. 2a).
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FIG. 2. Evolution of the (left) temperature (represented by Tmax) and (right) precipitation networks over the span
of the nClimGrid-Daily dataset. Maps show the locations and types of observations used for (a),(d) 1 Jan 1951, the
first date analyzed; (b),(e) 6 Nov 2009, the day with the largest number of input observations; and (c),(f) 31 Dec 2020,
the last day analyzed in this paper. Colored circles represent NWS morning (blue), NWS midnight (red), SNOTEL
(purple), and RAWS (orange) stations. The total numbers of stations shown are 1290, 4316, and 4316 for temperature
in (a)—(c), respectively, and 3372, 6292, and 4692 for Prcp in (d)—(f).

3. Interpolation approach

The data selection criteria described in section 2 were ap-
plied separately to Tmax, Tmin, and Prcp observations for
every day since 1 January 1951. Using the TPSS method to-
gether with several geographical predictor variables, the
values chosen for each day and variable were then interpo-
lated to a regular latitude—longitude grid that has a resolu-
tion of 1/24° and covers the CONUS land areas within the
domain of 24°-52°N, 65°-130°W. Each resulting gridded
field is assigned to the date of the morning observations in
the corresponding set of input data and approximately
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represents conditions during the 24 h ending in the early
morning of that date. The TPSS method is a generalized
form of multivariate linear regression in which the degree
of smoothness of the fitted function is determined automat-
ically from the data by minimizing a measure of predictive
error of the fitted surface. The implementation of this method
for nClimGrid-Daily is based on the approach of Hutchinson
(2007) and utilizes many of the same predictor variables as
Vose et al. (2014). Vose et al., however, used TPSS to interpo-
late climatological means of monthly temperature and Prcp as
part of the construction of nClimGrid-Monthly, whereas for



1842

the creation of nClimGrid-Daily, TPSS was applied directly to
the daily observations.

In preparation for the interpolation, values of six predictor
variables were generated both at the grid points within the do-
main of the CONUS and at the locations of the observing sta-
tions. The predictor variables are described briefly here, while
more specific definitions and relevant derivation procedures
and data sources are detailed in Vose et al. (2014) and refer-
ences therein. The three commonly used predictors of latitude,
longitude, and elevation inform the interpolation of all three
data variables. For Tmax and Tmin, an additional coastal influ-
ence index simulates the moderating effect of the oceans and
Great Lakes as a function of the distance and topographic sepa-
ration from the nearest coastline. For Prcp, two slope-aspect in-
dices are included to model the impacts of exposure in the
east-west and north—south direction. Sensitivity tests confirmed
the findings of earlier studies (Hutchinson 1998b; Vose et al.
2014) that the addition of the coastal influence indicator for
temperature and the slope/aspect indicators for precipitation re-
duces the interpolation errors, while other combinations of
these predictor variables yielded less favorable results.

With the data and predictors in place, the creation of each
gridded field requires the following three steps: 1) subsam-
pling the input data, 2) fitting a surface, or function, to the
subsampled data, and 3) using the fitted function to generate
the final gridded field. Following Hutchinson (2007), the
“generalized cross validation” (GCV; Craven and Wahba 1979)
is used to assess the predictive error of each fitted surface.

The purpose of the subsampling step is to both decrease
the overall processing time and eliminate the possibility of
overfitting in areas with dense data coverage (Hutchinson
1998a, 2007). For each gridded field, the lesser of 4500 and
50% of the data points available are selected automatically as
the subset of points through which the spline surface is fit.
The algorithm selects these so-called knots according to the
uniqueness of their predictor values. The setting for the num-
ber of knots was chosen based on sensitivity tests with several
settings used in previous studies (Hutchinson 1998a, 2007;
Vose et al. 2014). For example, when the entire three-step
ANUSPLIN algorithm was applied to an arbitrarily chosen
2-yr sample of the input data (1 July 2009-30 June 2011), the
eventually chosen setting of the lesser of 4500 and 50% of the
number of input observations yielded a 3.3-times-faster proc-
essing time compared to Vose et al.’s setting of 75% of the in-
put points. However, the GCV values associated with the two
runs were within 1% of each other, indicating that there was
no appreciable difference in the accuracy of the gridpoint
estimates.

Next, a partial thin plate smoothing spline surface, con-
structed from the chosen set of knots, is fit to the input data,
relying on the GCV as the measure for minimizing the predic-
tive error. In the case of Prcp, the square roots of the ob-
served values, rather than the raw values, are interpolated in
order to dampen the effects of the extreme positive skewness
of this variable (Hutchinson 1998a,b).

Finally, actual gridpoint estimates are derived from the spa-
tially continuous spline function using the grids of the relevant
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predictors as the independent variables. For Prcp, the inverse
of the square root transformation is also applied, so that the
gridpoint values are presented in the original measurement
units of the observations.

4. Creation of final temperature fields

Once the data have been interpolated to a regular grid,
some postinterpolation processing steps are taken in an effort
to improve the utility of the gridded fields. These steps differ
between temperature, covered in this section, and Prcp, cov-
ered in section 5.

For temperature, the postinterpolation steps resolve any in-
ternal inconsistencies of the daily gridpoint values and establish
consistency with nClimGrid-Monthly’s corresponding monthly
means.

a. Adjustments for internal inconsistencies

Since interpolation is applied to each day and variable sepa-
rately, a day’s Tmax and Tmin fields may contain grid points
where the estimated Tmax is colder than the corresponding
Tmin estimate. In addition, a grid point’s Tmax on one day
may be colder than Tmin on the previous day, or Tmin may
be warmer than the prior day’s Tmax. In correctly reported
observations, none of these scenarios is possible because
Tmax and Tmin represent the highest and lowest tempera-
tures reported during a continuous sequence of 24-h periods,
implying that the temperature ranges on consecutive days
must always touch or overlap (Durre et al. 2010). In the inter-
polated fields, such inconsistencies may be present as a result
of reporting errors in the observations, interpolation across
strong temperature gradients, or the use of a mix of morning
and midnight observations.

To achieve consistency between Tmax and Tmin, the fol-
lowing three types of empirical adjustments are applied to
each day’s Tmax and Tmin fields.

1) For each gridpoint day on which Tmax < Tmin, both tem-
peratures are replaced with their average. For example, if
Tmax is 22.1°C and Tmin is 22.3°C, both values are re-
placed by 22.2°C.

2) For each gridpoint day on which Tmax is lower than the
previous day’s Tmin, Tmax is replaced by that previous
day’s Tmin. For example, if yesterday’s Tmin is 10.0°C, and
today’s Tmax is 9.8°C, then today’s Tmax is raised to
10.0°C. While it may seem more intuitive to replace both
temperatures that are part of an interday inconsistency with
their average, that approach turned out not to be practical
at the transition between months, particularly during opera-
tional processing.

3) Analogously, when Tmin is warmer than the previous day’s
Tmax, Tmin is replaced with the previous day’s Tmax.

The frequency of these three types of inconsistencies de-
pends on the magnitude of the interpolation error compared
to the spatial and temporal variability and therefore varies
geographically, seasonally, and from one day to the next. Dur-
ing 1951-2020, the percentage of grid points affected by any
of these inconsistencies averaged 0.03% day ™, varying from
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0.002% in July to 0.11% in January. The average magnitude
of the inconsistencies is 0.65°C over the entire period and is
considerably higher before the 1990s (0.87°C) than from 1990
onward (0.45°C), possibly owing to the widespread availability
of SNOTEL and RAWS observations which tend to improve
temperature estimates in areas with complex topography dur-
ing the last 30 years of the record.

b. Alignment with nClimGrid-Monthly

In the second postinterpolation step, the daily temperatures
for each grid point and month are adjusted to bring their
monthly means in line with the corresponding values in
nClimGrid-Monthly (Vose et al. 2014). nClimGrid-Monthly
extends back to 1895 and therefore overlaps with the full pe-
riod of record of nClimGrid-Daily. Since nClimGrid-Monthly
is based on temperatures that have been adjusted for temporal
inhomogeneities resulting from instrument and observing biases
(Menne and Williams 2009), this alignment step not only
achieves consistency between the monthly and daily gridded
datasets, but also incorporates the monthly mean homoge-
neity adjustments into nClimGrid-Daily. The incorporation
of these adjustments increases the temporal homogeneity of
the daily gridded temperature fields with respect to their
monthly means, but is not capable of addressing any differ-
ential effects that artificial inhomogeneities may have on the
tails of the frequency distribution of temperatures. Account-
ing for such effects would require the application of daily
temperature adjustments which are presently not available
for U.S. data.

The alignment with nClimGrid-Monthly is performed for
each variable (Tmax and Tmin), grid point, and month sepa-
rately. The required adjustment is equal to the difference be-
tween the mean of the month’s daily temperatures and the
corresponding nClimGrid-Monthly value. This adjustment,
which is positive when the daily values average to be
warmer than nClimGrid-Monthly, is then subtracted from
each of the daily temperatures in the month, such that their
mean matches nClimGrid-Monthly.

When the adjustment is large compared to a day’s diurnal
temperature range (Tmax — Tmin), the alignment step can
create new Tmax — Tmin inconsistencies. To mitigate this ef-
fect, an algorithm was developed that iteratively checks for in-
consistencies in the initially adjusted fields and applies
additional adjustments if needed until no further inconsisten-
cies are found. Specifically, for each month, the algorithm has
the following steps.

1) Apply the process for identifying and remediating
same-day and interday inconsistencies that is described
in section 4a to the pair of Tmax and Tmin fields that
have been aligned with nClimGrid-Monthly.

2) If no new inconsistencies were found in step 1, no further
action is needed. Otherwise, at each grid point, and for
Tmax and Tmin separately, record the days on which ad-
justments were made as well as the sum of all adjustments
made in the month.

3) For each grid point and variable where an additional ad-
justment was made in step 1, adjust the temperatures on
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the remaining days to restore equality with nClimGrid-
Monthly’s corresponding monthly mean. For Tmin, which
is always lowered to eliminate an inconsistency, this means
that the remaining days’ values are raised by an offset that
is equal to the sum of all Tmin adjustments made in step 1,
divided by the number of previously unadjusted days. For
Tmax, which is always raised to remediate inconsistencies,
the absolute value of the sum of Tmax adjustments is used
to determine the amount by which temperatures on previ-
ously unadjusted days are decreased.

4) Return to step 1 above to determine if additional inconsis-
tencies were created by the realignment adjustments made
in step 3.

For example, consider a hypothetical 30-day month with
2 days on which the aligned Tmax is 1°C lower than the
aligned Tmin. These inconsistencies are eliminated by raising
Tmax and lowering Tmin each by 0.5°C on those 2 days. As a
result, the monthly means of the daily Tmax and Tmin change
by 1/30°, rendering them inconsistent with nClimGrid-Monthly
again. To restore equality with the monthly values, Tmax and
Tmin on the remaining 28 days must each be readjusted in the
opposite direction by 1/28°, i.e., 1/28 of the sum of the readjust-
ments made on the inconsistent day.

5. Creation of the final precipitation fields

For Prcp, the postinterpolation steps remove spurious non-
zero totals and establish consistency with the monthly totals
found in nClimGrid-Monthly.

a. Masking according to precipitation occurrence

Point observations of daily precipitation across the CONUS
typically consist of mostly zeros interspersed with areas of
nonzero amounts of varying magnitudes. The smoothing ef-
fect of the spline surface, however, tends to result in an inter-
polated field of mostly nonzero values. This can be seen in
Fig. 3a where there are numerous dry stations and Fig. 3b
where TPSS has interpolated rainfall in the region around
these dry stations. On an average day during 1951-2020 across
CONUS, 73.4% of the input station observations reported no
precipitation, whereas only 0.13% of the TPSS-interpolated
gridpoint Prcp estimates round to a value of 0.00 mm. Conse-
quently, an additional step was needed to restore the repre-
sentation of dry areas in the final gridded Prcp fields.

To accomplish this, each gridded Prcp field was masked us-
ing an approach that builds upon that of Hutchinson et al.
(2009), who used TPSS to interpolate a binary precipitation
occurrence indicator to the same grid to which Prcp was inter-
polated and then set to zero all amounts at grid points where
the estimated occurrence was below 0.5. In the nClimGrid-
Daily masking approach, summarized in Table 3, two fields of
occurrence indicators were used, one that was interpolated
with TPSS and one based on the Willmott et al. (1985) imple-
mentation of inverse distance weighting (IDW) on a spherical
surface. Interpolated nonzero Prcp values were set to zero at
each grid point where the TPSS-based occurrence value was
less than 0.4 and the IDW-based value was less than 0.9. These
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F1G. 3. Example Prcp fields during the passage of Hurricane
Florence on 14 Sep 2018. (a) Occurrence of nonzero Prcp at
each station and for each combination of the TPSS- and IDW-
interpolated occurrence indicators. (b) Gridded Prcp from the
original unadjusted TPSS interpolation, (c) the final nClimGrid-
Daily field, (d) PRISM, and (e) Daymet. In (a), blue (white) circles
identify stations reporting Prcp amounts greater than zero (equal to
zero). In (b)—(e), colored circles represent the bias of the nearest
grid point relative to each observed value. The arrows in (a) and
magenta ellipse in (b)—(e) highlight locations mentioned in the text.
Note that the magenta ellipse discussion is found in section 6b.

thresholds were selected after evaluating the performance of a
wide range of possible values when applied to a 5-yr (2010-14)
sample of the input data. The performance evaluation was con-
ducted quantitatively via statistical comparisons of the observed
distributions of precipitation days to corresponding estimated
distributions at the respective nearest grid points. Additionally,
a qualitative visual comparison of the masked Prcp fields during
a few significant storms to the spatial patterns indicated by the
input data, radar observations, and PRISM.
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Over the 1951-2020 period, the masking process increased
the average proportion of grid points with zeros in a daily
field to 73.8%, a value that is close to that found in the obser-
vations. Among the values that are replaced with zero, 97.8%
are below the widely used “wet-day” threshold of 1 mm. The
IDWe-interpolated occurrence indicator complements the TPSS-
based indicator in that IDW is more likely to capture small-scale
observed precipitation events that TPSS smooth out, while
TPSS produce more accurate estimates at grid points dis-
tant from observations (Jarvis and Stuart 2001b; Hofstra
et al. 2009; Wagner et al. 2012; Herrera et al. 2019).

The combined effects of the two occurrence indicators are
illustrated in Fig. 3a by way of a sample day during the pas-
sage of Hurricane Florence over North Carolina in 2018. In
most cases in which a gridpoint value is set to zero, both
thresholds trigger the masking decision (teal shading). How-
ever, there are also areas where the benefit of each indicator
is apparent. For example, the use of the IDW-based threshold
allows for the preservation of the isolated rain events at two
stations in central South Carolina (red arrow in Fig. 3a),
which do not trigger the TPSS-based threshold (red shading).
On the other hand, the TPSS-based occurrence threshold re-
tains the significant rainfall in eastern North Carolina where
the IDW-based threshold is not exceeded (purple shading)
due to several apparently erroneous reports of no precipita-
tion in their midst (e.g., purple arrow in Fig. 3a).

b. Alignment with nClimGrid-Monthly

Following the masking step, the Prcp fields were ad-
justed, so that their monthly totals matched the corre-
sponding nClimGrid-Monthly values. Unlike in the case of
temperature, consistency with nClimGrid-Monthly is not
expected to improve the homogeneity of the daily gridded
fields because the monthly Prcp time series that serve as in-
put to nClimGrid-Monthly were not homogeneity adjusted.
Nevertheless, as noted by Daly et al. (2021), consistency be-
tween the different time scales allows users to take advantage
of the complementary daily and monthly products as appropri-
ate for their applications.

Given the positive skewness of the frequency distribution
of precipitation, a multiplicative scaling factor was used rather
than the additive adjustment employed for temperature. For
each month and grid point, the daily Prcp values were summed
to form a monthly total. Each nonzero daily value was then
multiplied by the ratio of the corresponding nClimGrid-Monthly
value to that monthly sum. When the final values were written
out to the nearest hundredth of a millimeter, scaled values less
than 0.005 mm were written as zeros.

6. Validation

Previous studies showed that the accuracy of gridded data for
the CONUS is primarily a function of the interpolation error
that results from gaps in the spatial distribution of stations and
from the chosen interpolation method’s handling of strong gra-
dients such as those induced by specific weather events or by
the presence of topography (DeGaetano and Belcher 2007;
Diluzio et al. 2008; Gervais et al. 2014; Daly et al. 2021;
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TABLE 3. Steps involved in the process of masking an initially interpolated field of Prcp values in an effort to remove spurious
nonzero values introduced by the smoothing effect of TPSS. The abbreviations occ_TPSS and occ_IDW stand for a grid point’s
TPSS-based and IDW-based occurrence values, respectively. A trace is a nonzero precipitation amount that is too small to measure,
i.e., <0.13 mm (<0.005 in.) in U.S. observations. See section 5a for details.

Step No. Description Output Notes

1 Generate set of occurrences at stations 0 when Prcp is 0 or trace, 1 when Use same input data as for Prcp
Prcp > trace interpolation

2a Interpolate occurrences using TPSS Grid of real numbers between 0.00 Same predictors as for Prcp; no square
and 1.00 (occ_TPSS) root transformation; set negative

estimates to 0, those >1 to 1.00
2b Also interpolate occurrences using IDW  Grid of real numbers between 0.00 Use Willmott et al. (1985) approach
on a sphere and 1.00 (occ_IDW)
3 Set gridpoint Prcp to 0 when occ_TPSS < Grid of Prcp amounts with realistic ~See text for rationale for selecting these

0.4 and occ_IDW < 0.9

proportion of zero

thresholds

Thornton et al. 2021). A variety of steps were taken to as-
sess the performance of nClimGrid-Daily qualitatively and
quantitatively in these respects. The key results from these
assessments are presented below.

a. Validation approach

The qualitative assessments included the examination of
the spatial patterns of the gridded fields in relation to the cor-
responding patterns in the input data on days of significant
weather events. To complement these evaluations, the gridded
fields from two other prominent datasets were also compared
to the same set of observations on these days. These compara-
tive assessments provide additional information on the degree
to which interpolation techniques in general can be expected to
accurately represent large spatial variability. The 4-km-resolution
daily fields from PRISM (Diluzio et al. 2008) and the 1-km-
resolution fields from Daymet version 4 (Thornton et al. 2021)
were used for these comparisons since they have similar spatial
resolutions but are based on different data selection and inter-
polation approaches compared to nClimGrid-Daily.

For the quantitative assessment, the magnitude and variabil-
ity of the interpolation error is best characterized by spatial and
temporal analyses of the differences between observations and
collocated unadjusted TPSS estimates. Such statistics were gen-
erated in the form of leave-one-out cross-validation results dur-
ing the application of the TPSS method. For each day, variable,
and input data point, the Hutchinson (2007) TPSS procedure
produces an error estimate by removing the observation, fitting
a surface through the remaining data, and estimating the value
and corresponding residual at the location of the withheld point.
Maps of these residuals depict the spatial distribution of the in-
terpolation error, and the root-mean-square error (RMSE) of
the estimate — observation residuals across all available in-
put data points provides a measure of the accuracy of the
field as a whole.

b. Spatial distribution of temperature errors

Figure 4 presents a qualitative example of how nClimGrid-
Daily and other gridded datasets perform during a cold-air
outbreak over the Rocky Mountains and High Plains on
3 February 1989. This example illustrates the various factors
that may contribute to the presence of larger errors in the
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mountainous regions of the West. In the early morning
hours of the previous day, 2 February 1989, a strong cold
front passed through this region, resulting in 1-h tempera-
ture drops exceeding 15°C and some further decreases until
the morning of the following day. As shown in Fig. 4g, the
region is characterized by mountain ranges, valleys, and pla-
teaus, and the input data for the 3 February nClimGrid-
Daily grids are a mix of readings taken in the morning of
3 February and at the next-earlier midnight on 2 February.
Thus, the unusually large spatial variability in the observa-
tions can be attributed not only to local topographic and cli-
matic factors, but also to location-to-location differences in
the timing of the frontal passage in relation to each station’s
24-h observing period.

Despite this significant variability, the interpolated nClimGrid-
Daily fields in Figs. 4a and 4d largely agree with the pattern of
station temperatures. In areas of limited station coverage,
nClimGrid-Daily produces reasonable variations with eleva-
tion, such as the cooler temperatures along the Uncompah-
gre Plateau of western Colorado (black oval). In regions
with isolated outliers in station temperatures, however, the
interpolated Tmin and Tmax fields tend to be more reflec-
tive of the conditions at surrounding stations, smoothing out
the effects of the outliers. Examples are the unusually cold
Tmins along the Front Range (black wavy line in Fig. 4d)
and two unusually warm Tmax values in northeastern New
Mexico and southeastern Colorado (yellow arrows in Fig. 4a).

The PRISM (Figs. 4b,e) and Daymet (Figs. 4c,f) interpola-
tion techniques also were challenged by the day’s unusual tem-
perature patterns. Like nClimGrid-Daily, PRISM and Daymet
exhibit a tendency for the gridded Tmin to be warmer than the
observations along the Front Range (Figs. 4e,f), with PRISM
showing the largest bias. The Daymet Tmax field (Fig. 4c) ex-
hibits large cold biases (>5°C) relative to many stations and
is colder than PRISM and nClimGrid-Daily over much of
the region. Overall, the gridpoint-station differences appear
to be more randomly distributed for nClimGrid-Daily than
for the other two datasets. Together, the panels of Fig. 4 illus-
trate the uncertainties that can be associated with interpolating
unevenly distributed observations of highly variable tempera-
tures to a high-resolution regular grid (Behnke et al. 2016;
Walton and Hall 2018).
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FIG. 4. Example gridded (a)-(c) Tmax and (d)-(f) Tmin for the Rocky Mountains and High Plains region on
3 Feb 1989. (a),(d) The final nClimGrid-Daily. (b),(e) PRISM. (c),(f) Daymet. (g) Elevation and station type for refer-
ence. In (a)—(f), colored circles represent the bias of the nearest grid point relative to each observed value. The wavy
black line, black oval, and yellow arrows highlight locations mentioned in the text.

Figure 5 shows CONUS-wide maps of long-term averages
of mean absolute differences (MAD) and biases over the
years 1991-2020, the period in which the NWS, SNOTEL,
and RAWS networks were all in full operation. The MAD at
each station is computed by finding the absolute difference
between the TPSS unadjusted estimate and the station’s value
on every day and then taking the mean over all days in the
19912020 period. The bias is calculated analogously, but
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without taking the absolute value of each daily difference.
Since the bias is defined as the estimate — observation differ-
ence, a positive value reflects a warm bias in the estimates.
The median of the Tmax MAD values across all stations
(Fig. 5a) is about 1°C. Almost 75% of the stations have a
value less than 1.3°C and are spread across the entire country.
The higher MAD values are sparsely distributed in mountain-
ous regions across the West. The median MAD value for
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FIG. 5. Maps of (a),(b) mean absolute differences and (c),(d) biases between unadjusted TPSS estimates and collocated (a),(c) Tmax and
(b),(d) Tmin observations for the period from 1 Jan 1991 to 31 Dec 2020. Totals of 2463 Tmax and 2416 Tmin stations with data on at least
80% of the possible days are shown. In (c) and (d), a positive difference indicates that the TPSS estimate is greater than the ob-

served value.

Tmin (Fig. 5b) is also about 1°C. Of the 2416 Tmin stations,
almost 75% have a MAD value less than 1.5°C, and these are
spread throughout the country. The remaining stations with
higher MAD values are in the mountainous regions of the
West. The median bias of Tmax (Fig. 5¢) is about 0°C. Almost
90% of the stations have bias values of =1°C and are located
throughout the country. Most of the stations with higher bias
values are in the Sierra Nevada of California and the moun-
tainous regions of Idaho and Colorado. Like the Tmax biases,
the Tmin bias for this set of stations is close to 0°C. Almost
75% have a bias of £1°C and are distributed throughout the

Median Absolute Difference [3233)

* < 2mm [1556)
* 2-4 mm (1478)
4-6 mm [184)

* 6-8mm [12)
* >8mm (3]

country. The stations with larger Tmin bias values are in the
Intermountain West and the mountainous areas of California.

c¢. Spatial distribution of precipitation errors

Figure 6 shows median absolute deviations and bias ratios
for the unadjusted TPSS Prcp estimates for “wet days” span-
ning the 1991-2020 period. A wet day is defined as a day on
which a station has at least 1 mm of precipitation. There were
3233 stations that met the 80% completeness criterion during
this period. The median absolute deviation, shown in Fig. 6a,
is similar to the MAD, except that the nonparametric median

+ 100-120% [37)
* >120% (1)

FIG. 6. Comparisons between unadjusted TPSS estimates of Prcp and collocated observations for the period from 1 Jan 1991 to 31 Dec
2020 for wet days, i.e., days with observed Prcp = 1 mm. (a) Median absolute estimate — observation differences (in mm). (b) Median es-
timate/observation ratios (%). The 3233 stations shown have data on at least 80% of the possible days.
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is used instead of the mean due to the variety of Prcp distri-
butions across the CONUS. Half of the values in Fig. 6a are
below 2 mm and 75% are below 3 mm. The prevalence of
these relatively small error values is consistent with the fact
that, at most locations, the majority of daily Prcp amounts is
also quite small. Larger absolute errors are more common
when Prcp amounts are also large. For example, the highest
median absolute deviation values roughly correspond to
areas of high average Prcp, especially in the southern United
States. Lower error values are found in the generally drier West
and across the northern tier of states.

The bias ratio, displayed in Fig. 6b, is calculated by dividing
the estimated value by the observed value and multiplying by
100% at each station on each wet day. All the percentages for
a station are ranked, and the median bias ratio is determined.
Virtually all of the stations in Fig. 6b have a bias ratio less
than 100%, indicating that the unadjusted TPSS has a dry bias
for Prcp stations with the driest bias extend from Texas north-
westward through the mountainous West. Most of the stations
with a wet bias are in California, Oregon, and Washington. The
predominance of negative biases in the estimates is expected
from the smoothing effect of the TPSS method and is character-
istic of many gridded precipitation datasets (e.g., Gervais et al.
2014). The comparatively fewer positive differences that are
scattered across the western United States are likely to be
related to the combined effects of isolated precipitation
events, sparse observations, and complex topography that
complicate the generation of reliable spline surfaces. In the
case of nClimGrid-Daily, the alignment with nClimGrid-
Monthly tends to reduce the degree of underestimation re-
sulting from the TPSS interpolation. In the Hurricane Florence
example, for instance, the raw TPSS estimates (Fig. 3b) show
large dry biases compared to some of the heaviest rainfall
amounts, and the adjustments made as part of the alignment
step more than compensate for these biases and actually re-
sult in overestimates (Fig. 3c).

Figure 3c provides a case study for the Hurricane Florence
example referenced in section 5. Generally, the interpolated
field reflects the spatial pattern of the observations. Significant
differences appear primarily around isolated dry or wet stations
and in the Raleigh-Durham area where station-to-station vari-
ability in precipitation amounts was particularly large (magenta
ellipse in Fig. 3c). The overall precipitation pattern is similar in
PRISM (Fig. 3d). However, Daymet is significantly wetter than
the other two datasets with both more widespread maximum
precipitation and a broader area with values > 0.1 mm.

d. Temporal variations in interpolation errors

Time series of monthly means of the whole-field RMSE for
1951-2020 are displayed in Fig. 7. Over nClimGrid-Daily’s pe-
riod of record, the overall Tmax RMSE values decrease from
between 0.75° and 1.10°C in the 1950s to a range of 0.6°-0.9°C
in the 2010s, a period during which the number of input data
points more than doubles (Fig. 1). Tmin errors vary from
~0.7° to ~1.2°C throughout the period and appear to be less
closely related to the total number of stations than the RMSEs
for Tmax. RMSEs for Prcp primarily lie between ~0.2 and
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~0.35 mm, with a narrower range and larger cold season errors
in the latter half of the record.

From Figs. 1, 2, and 7 it appears that several factors influ-
ence the whole-field RMSE of the estimate — observation re-
siduals. As documented in previous studies (e.g., Ensor and
Robeson 2008; Gervais et al. 2014; Daly et al. 2021; Thornton
et al. 2021), while an increase in station density is generally
expected to lower the RMSE, a greater mix of observation
times and a larger proportion of stations in areas where inter-
polation is challenging can have the opposite effect. These
counteracting effects may be reflected in the increase in RMSE
during the increase in SNOTEL and RAWS stations in the
1980s.

7. Climate monitoring applications

The analyses of the previous section indicate that significant
uncertainties are associated with estimates for individual days
at grid points, particularly in the context of significant spatial
and temporal variability. They further show that, despite these
uncertainties, which are common among daily gridded datasets
in general, the nClimGrid-Daily fields reflect the overall spatial
patterns in Tmax, Tmin, and Prcp. It can therefore be expected
that nClimGrid-Daily is suitable for its primary purpose of sup-
porting climate monitoring applications at regional to national
scales which typically require the spatial and/or temporal aggre-
gation of gridpoint estimates. Two such applications are pre-
sented in this section, along with assessments of the uncertainty
associated with the respective results.

a. Climatological areal percentages

A common climate monitoring application of high-resolution
daily gridded fields is the computation of areal percentages of
climatic conditions, expressed as threshold exceedances, that
are significant to the agricultural, health, tourism, infrastructure,
or other sectors. To determine how anomalous current condi-
tions are across CONUS as a whole, such areal percentages for
a recent period are typically compared to corresponding clima-
tological reference values. To illustrate the performance of
nClimGrid-Daily in this context, some climatological refer-
ence values for several types of threshold exceedances were
calculated from nClimGrid-Daily and compared to those
derived from the widely used PRISM product (Diluzio et al.
2008).

Figure 8 shows long-term monthly mean areal percentages
across CONUS of several variable-threshold combinations
for the period 1981-2018 as calculated from nClimGrid-Daily
(blue lines) and from the PRISM dataset (orange lines). For
each day in the period, grid cells were identified that satisfied
each combination of variable and threshold condition. The
results were aggregated into percent areas, using the cosine
of the latitude of each grid cell’s centroid, and presented as
1981-2018 monthly means to show the typical areal cover-
age of the chosen conditions.

The primary methodological differences between nClimGrid-
Daily and PRISM are the use of different interpolation techni-
ques and PRISM’s inclusion of additional sources of information
(e.g., radar) in the modern era that both improve the quality of
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FIG. 7. Monthly mean root-mean-square interpolation errors between January 1951 and
December 2020 for (a) Tmax, (b) Tmin, and (c) Prcp. Values are smoothed with a 49-month run-
ning mean to emphasize longer-term variations. See text for additional explanation.

individual gridded fields and may introduce temporal inhomoge-
neities into the record. Despite these different approaches, the cli-
matological areal percentages calculated from nClimGrid-Daily
and PRISM exhibit reasonably close agreement for the example
Tmax, Tmin, and Prcp parameters shown in Fig. 8. For Tmax and
Tmin, both products exhibit large annual cycles, with very good
agreement in all months (Figs. 8a—d). For example, the area with
Tmax exceeding 35°C peaks at 17% in July and drops to 0% in
January (Fig. 8b), while the area with Tmin below 0°C decreases
from ~76% in January to <0.1% in July (Fig. 8d). For portions
of CONUS extending west from 105°W (dashed lines in Fig. 8),
an area characterized by topographic and climatic conditions that
are particularly challenging for interpolation algorithms, the
Tmax and Tmin statistics based on nClimGrid-Daily and PRISM
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are in similarly good agreement and exhibit annual cycles that
closely follow their CONUS-wide counterparts. Overall, the
mean absolute differences in monthly areal percentages shown in
Figs. 8a—d vary from ~0.1% to ~0.9% across months and thresh-
old categories, whereas the peak absolute difference for any par-
ticular monthly comparison is ~2.3%.

The percentage of CONUS with Prcp = 2.5 mm, as calcu-
lated from nClimGrid-Daily, reaches its maximum of 23% in
June and dips to 15% in January and 16% in October, while
percentages based on PRISM differ by up to 2% (Fig. 8e).
For the threshold of 25 mm (Fig. 8f), the climatological per-
cent area varies between 1.4% and 1.9% during the year in
nClimGrid-Daily, with differences of up to 0.2% between the
two products. In the area west of 105°W, with its extremely



1850 JOURNAL OF ATMOSPHERIC AND OCEANIC TECHNOLOGY VOLUME 39

(a) Tmax LE 10°C (b) Tmax GE 35°C
100 ———— nClimGrid-Daily: CONUS 20
———— PRISM: CONUS
80+ — — nClimGrid-Daily: West
§ N PRISM: West / § 15¢
3 60
< < 10¢
= =
8 40 g
L L
a. - A 5t
0 0 -
JFMAMI JASOND JFMAMIJASOND
Time (Months) Time (Months)
(¢) Tmin GE 10°C (d) Tmin LE 0°C
100 100
801 80+
S S
g 60 g 60¢
< <
g 40 g 40
5] 5]
oy A,
20+ 20+
oL —=~ h S 0 '
JFMAMI JASOND JFMAMI JASOND
Time (Months) Time (Months)
(e) Prcp GE 2.5 mm (f) Prcp GE 25 mm
25 2.5
2.0t b
¥ 20} S
§ 5:3 1.5¢
< <
= = .
15) o 1.0} oy i’
5 15 g “\ /
=¥ (=% \ //
0.5¢f Yo . o
10 — 0.0 o
JFMAMI JASOND JFMAMIJI JASOND
Time (Months) Time (Months)

FIG. 8. Mean monthly areal percentages of the CONUS (solid lines) and the portion of CONUS extending westward
from 105°W (dashed lines) that experienced (a) Tmax < 10°C, (b) Tmax = 35°C, (¢) Tmin = 10°C, (d) Tmin = 0°C,
(e) Prcp = 2.5 mm, and (f) Prcp = 25 mm. Mean percentages are computed over the 1981-2018 period of record from
nClimGrid-Daily (blue) and PRISM (orange).
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dry summers and comparatively wet winters, the Prcp statis-
tics match more closely than in the CONUS-wide result.

Overall, the results shown in Fig. 8 demonstrate that in
terms of climatological means of aerial percentages for vari-
ous threshold exceedances, nClimGrid-Daily is in good agree-
ment with the PRISM product. This is true both for CONUS
as a whole and for the more topographically complex West.

b. Trends in extremes

A source of uncertainty that may impact analyses of long-
term climate variability based on nClimGrid-Daily is the tem-
poral variation in the spatial coverage of the underlying ob-
servations. To evaluate the significance of this uncertainty in
the context of a likely application, trends in three extreme
metrics were compared to those calculated from a constant-
network version of nClimGrid-Daily.

The constant-network set of gridded fields was created by
applying the nClimGrid-Daily gridding process described in
sections 3-5 to observations from a subset of 250 relatively
evenly distributed stations with rather complete records dur-
ing the years 1981-2015. Compared to longer periods, this
35-yr period provided a reasonable distribution of suitable sta-
tion time series. The records of 240 of these stations were at
least 95% complete with observations from a single (morning
or midnight) observation time, while the remaining 10, with
=85% completeness, filled in spatial gaps in the Intermountain
West.

Figure 9 shows the 1981-2015 trends by grid cell for three com-
mon climate extreme metrics: the warmest Tmax, coldest Tmin,
and highest Prcp of the year (e.g., Caesar et al. 2006). Overall,
nClimGrid-Daily’s full-network trend patterns (Figs. 9a,d,g) are
quite similar to those based on the constant network (Figs. 9b,e,h)
and are in qualitative agreement with results from previous
studies (e.g., Donat et al. 2013; Thorne et al. 2016; Dunn
et al. 2012). Despite the overall good agreement, values at
individual grid points can differ significantly between the
two versions. Across all grid cells, mean absolute differences
average 0.13° (0.20)°C decade™! for the warmest Tmax
(coldest Tmin) and 1.8 mm decade ™! for the highest Prcp.
Therefore, trends calculated from nClimGrid-Daily are best
assessed on a regional to national level rather than at indi-
vidual grid points.

In both versions, positive trends in the coldest Tmin extend
over the vast majority of CONUS and are more pronounced
than those for the warmest Tmax, which are largest in the
West and in the southern Plains (Figs. 9a,d). For the wettest
Prcp (Figs. 9g,h), positive (negative) trends prevail in the east-
ern two-thirds (western one-third) of CONUS. Only the pat-
terns for the warmest Tmax diverge somewhat in parts of the
Midwest, Northeast, and northern Great Plains, where the
full network shows greater warming than the constant net-
work. This discrepancy could be the result of the better repre-
sentation of spatial variability in the full-network version.
Another reason could be the greater temporal homogeneity
that results from using a fixed set of stations with largely tem-
porally consistent observation times in the constant-network
version. While the Tmax and Tmin fields in both versions are
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constructed to be consistent with homogeneity-adjusted
monthly mean temperatures (see section 4b), inhomogene-
ities in the frequency distribution of daily temperatures
have not been addressed. Consequently, the degree of spa-
tial coherence of trends, their physical consistency with
trends in other variables, and their consistency with find-
ings from other studies are important considerations when
evaluating the fidelity of trends derived from nClimGrid-
Daily.

8. Product availability and usage

To support climate and drought monitoring at a wide range
of spatial scales, NCEI makes available both gridded fields
and regional averages as part of nClimGrid-Daily. In addition
to the variables of Tmax, Tmin, and Prcp, gridded daily mean
temperature is also included as the average of the Tmax and
Tmin fields. Spatial averages of all four variables are provided
for the following nine types of regions within CONUS: census
tracts, counties, states, U.S. climate divisions, NWS Weather
Forecast Office regions, major watersheds according to
Hydrologic Unit Code 1, the NCEI monitoring regions, the
regions used in the Fifth U.S. National Climate Assessment,
and CONUS as a whole. In most cases, a regional average was
calculated as the mean of values at grid points within the re-
gion, weighted by the cosine of the latitude of each grid point.
For census tracts smaller than a grid box, the value of the grid
point that is closest to the coordinates of the tract’s centroid
was used.

The nClimGrid-Daily data begin with 1 January 1951 and
extend to the most recent available day. In real time, a new
day’s fields and averages typically become available 2-3 days
after the observation date. At that point, however, they are
based on only a portion of the expected total number of
observations and have not been aligned with nClimGrid-
Monthly. The accuracy of the estimates improves over subse-
quent days and months as additional data are received and
the corresponding nClimGrid-Monthly values become avail-
able. All estimates for a given month are labeled as “preliminary”
until the fourth day of the subsequent month, when they can be
adjusted to match the corresponding gridpoint values in the
nClimGrid-Monthly product. At that same time, data for the pre-
vious two months are also reprocessed in order to incorporate
any additional observations that may have been received. Reproc-
essing of earlier data will only occur when deemed necessary and
will be accompanied by a change in the dataset version identifier.
Therefore, users seeking a stable set of nClimGrid-Daily data
should avoid data from the current and previous two months, and
users of the real-time nClimGrid-Daily data are advised to assess
the impact of using the preliminary estimates on their particular
application.

As described in sections 2-5, the gridded fields were gener-
ated by 1) using TPSS to interpolate a combination of morning
and midnight observations from GHCN(, 2) further processing
the resulting gridded fields to improve the identification of dry
grid points in the Prcp field and to ensure internal consistency
between Tmax and Tmin, and 3) aligning the daily fields with
those in nClimGrid-Monthly. Temporal inhomogeneities in
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FIG. 9. Trends in (a),(b) the warmest Tmax of the year, (d),(e) coldest Tmin of the year, and (g),(h) wettest day of the year over
1981-2015 from (a),(d),(g) the full nClimGrid network and (b),(e),(h) a 250-station constant network subset. The differences in
the trend computations between the full and constant networks for the (c) warmest Tmax of the year, (f) coldest Tmin of the year,
and (i) wettest day of the year are also displayed. Average trends in the full (constant) network versions are 0.18°C decade !
(0.44°C decade™") for the warmest Tmax, 1.00°C decade ' (1.02°C decade™") for the coldest Tmin, and 1.00 mm decade !

(0.86 mm decade ) for the highest Prcp.

nClimGrid-Daily are limited by restricting the observation times
and station networks used as input. In the case of temperature,
month-to-month inhomogeneities in the monthly mean have ef-
fectively been removed from the daily fields through the
alignment with nClimGrid-Monthly. Nevertheless, users of
nClimGrid-Daily are advised to use multiple quantitative
and qualitative methods to assess any temporal changes
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found for possible nonclimatic influences (Hofstra et al.
2009; Donat et al. 2013; Vose et al. 2014; Contractor et al.
2020).

The primary purpose of this product is to support applica-
tions such as drought monitoring that require time series of
spatially aggregated data. Reliance on single-day values and
individual points is discouraged due to the significant uncertainty
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that is inherent in such a product because of the spatial distribu-
tion of the underlying observations, differences in observation
time between neighboring stations, and interpolation errors.
Spatial and temporal averaging tends to reduce the effect of
these uncertainties (Behnke et al. 2016). As shown by way of
some examples in section 7, time series of such aggregated val-
ues as well as spatial patterns of gridpoint statistics are suitable
for climatological applications such as the analysis of trends in
extremes.
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