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1.  Introduction 
 
Gridded climate datasets are used by researchers and 

practitioners in such varied sectors as agriculture, hydrolo-
gy, risk management, and natural resource conservation 
(e.g., Daly et al. 2008; Rogers et al. 2017; Kiefer et al. 
2019, 2022).  Such spatiotemporally complete datasets are 
utilized in a multitude of ways, for example, as data 
sources for climatological analyses, climate model initial 
conditions, and crop model inputs.  Examples of gridded 
climate datasets include the National Centers for Environ-
mental Prediction (NCEP)/ National Corporation for At-
mospheric Research (NCAR) Global Reanalysis (Kalnay et 
al. 1996), North American Regional Reanalysis (NARR; 
Mesinger et al. 2006), Climate Forecast System Reanalysis 
(CFSR; Saha et al. 2010), European Centre for Medium-
Range Weather Forecasts (ECMWF) Reanalysis 5th Gen-
eration (ERA5; Hersbach et al. 2020), nClimGrid-Daily 
(Durre et al. 2022), Parameter-elevation Regressions on 

Independent Slopes Model (PRISM; Daly et al. 2008), 
Gridded Surface Meteorological (gridMET; Abatzoglou 
2013), and Topography Weather (TopoWx; Oyler et al. 
2014, 2015, 2016).  Spatiotemporal scales vary broadly 
across the datasets, from global to regional and annual to 
sub-daily, and variables contained in such datasets include, 
for example, temperature, precipitation, solar radiation, 
humidity, and wind speed.  Although methodologies differ 
considerably between datasets, all gridded climate datasets 
are created by interpolating irregularly spaced observations 
to a regular grid.  Interpolation techniques are used to 
nudge a background or first-guess grid toward observed 
values, with the background grid originating from either 
physics-based forecast model output (e.g., NARR), physio-
graphic model output (e.g., PRISM), or some combination 
thereof (e.g., gridMET). 

Regardless of methodology, all gridded climate datasets 
contain known and unknown errors and biases (e.g., Daly 
et al 2008; Oyler et al. 2014; Kiefer et al. 2019, 2022).  
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Although it is tempting to download a gridded dataset and 
begin using the data immediately, it is important to first 
evaluate dataset accuracy (e.g., Behnke et al. 2016; Walton 
and Hall 2018; Kiefer et al. 2019; Newman et al. 2019; 
Blankenau et al. 2020; Estes et al. 2022).  Behnke et al. 
(2016) evaluated eight gridded datasets at weather stations 
across the continental United States (US), including 
PRISM, gridMET, and TopoWx, and found that the dataset 
with the best verification statistics varied regionally.  They 
also found that weather variables with values closer to long
-term average conditions were reproduced more accurately
than extreme values near the distribution edges.  They rec-
ommended that care be taken in selecting a gridded da-
taset, as no single dataset performed well across all re-
gions, variables, and applications.  Walton and Hall (2018)
examined eight gridded datasets at weather stations across
California and found that gridded datasets developed from
physics-based forecast model background grids (e.g.,
NARR) exhibited systematic biases, whereas gridded da-
tasets developed from physiographic model background
grids (e.g., PRISM) exhibited biases in areas of strong
physiographic gradients (e.g., coastlines, complex topogra-
phy) and unphysical trends due to temporal inhomogenei-
ties at individual weather stations.

Gridded climate datasets contain estimates of the current 
and past state of the atmosphere and it is prudent to treat 
them with some degree of skepticism.  Ultimately, the user 
must decide how much estimate error is acceptable for 
their application.  One complicating factor for gridded 
analyses as opposed to forecasts is that the gridded analy-
sis and verification datasets are not necessarily independ-
ent of each other.  Comparison of a gridded climate dataset 
to observations that were assimilated into that dataset may 
lead to an underestimation of gridded estimate error.  Prior 
gridded dataset evaluations have either utilized exclusively 
non-independent observational datasets (e.g., Walton and 
Hall 2018) or have performed limited evaluation with inde-
pendent observational datasets (e.g., Behnke et al. 2016). 
Additionally, it is important to keep in mind the uncertain-
ty inherent in gridded climate datasets due to unresolved 
microclimatic variability.   

Furthermore, as the values at each grid cell center (i.e., 
point) are area averages across the cell, an unknown por-
tion of the differences between point observations and 
gridded estimates can be attributed to sub-grid variability 
or spatial representativeness error (Lorenc 1986; Daley 
1991; Kitchen and Blackall 1992; Bosilovich 2006; Pinson 
and Hagedorn 2012; Janjić et al. 2018; Prakash et al. 
2019).  Quantifying sub-grid variability is made challeng-
ing by the need for dense networks of observing stations 
within one or more grid cells.  In a study of spatial repre-
sentativeness error in rural China, Liu et al. (2018), found 

that surface temperature measurements at station sites can 
be considered representative of the surrounding area within 
a radius of ~250-400 m, smallest for heterogeneous land 
use patterns.  The small scale of spatial variability implied 
by these radii values, generally one or more orders of mag-
nitude smaller than the grid spacing of gridded climate 
datasets, should be considered when interpreting the results 
of this and other gridded data assessment studies.   

The objective of this study is to evaluate three gridded 
climate datasets for their ability to accurately reproduce 
daily and annual extreme temperature climatologies at ob-
serving sites across Michigan, US: PRISM, gridMET, and 
TopoWx.  All three datasets are actively used to character-
ize spatiotemporal climate variability across the US; how-
ever, PRISM is the most widely used in research-related 
applications, with the primary PRISM reference (Daly et 
al. 2008) cited 1380 times between 2018 and 2022, com-
pared to 134 and 902 citations for the primary TopoWx 
(Oyler et al. 2015) and gridMET (Abatzoglou 2013) refer-
ences, respectively (source: Google Scholar, accessed 11 
Aug 2023).  Although PRISM is the primary focus of this 
assessment, the other two datasets are evaluated as they are 
comparable to PRISM in terms of spatiotemporal resolu-
tion but differ in methodology and input data sources 
(Section 2.2).  Due to our stated focus on PRISM, and in 
the interest of keeping the assessment tractable, other grid-
ded datasets examined by Behnke et al. (2016) and Walton 
and Hall (2018) are not considered here.  Furthermore, an 
assessment of other climate variables is beyond the scope 
of this study. 

This study focuses on Michigan for three reasons.  First, 
although PRISM’s origins lie in the complex topography 
of the western US (Daly et al. 1994, 1997), it is widely 
used in other US regions (Daly et al. 2008, 2015, 2021), 
including the Great Lakes (e.g., Duveneck et al. 2014; See-
ley et al. 2019; Kiefer et al. 2022).  Although PRISM has 
been evaluated previously (e.g., Daly et al. 2008), a com-
prehensive evaluation in a non-mountainous region with 
otherwise complex physiography is lacking.  Michigan is 
characterized by complex coastlines and strong physio-
graphic gradients of terrain, soils, vegetation, and climate, 
consistent with the broader Great Lakes region (Andresen 
and Winkler 2009).  Second, PRISM is currently used in 
operational products in Enviroweather (EW), a web-based 
information system linking real-time weather data, fore-
casts, and biological and other process-based models for 
assistance in operational decision-making and risk man-
agement associated with Michigan’s agriculture and natu-
ral resource industries (Andresen et al. 2012).  Third, 
Michigan contains a mesoscale network (mesonet) of sur-
face weather stations (EW) that are not assimilated into 
PRISM, gridMET, or TopoWx.  Due to the relatively short 
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period of record of the EW network (1996-present), and 
gaps in spatial coverage across Michigan, Global Histori-
cal Climatology Network-Daily (GHCN-D) station data is 
used to supplement the EW station analysis.  GHCN-D is a 
global database of daily surface station climate summaries 
that have been subjected to quality assurance reviews 
(Menne et al. 2012).  It is important to keep in mind that 
whereas EW observations are not assimilated into the grid-
ded climate datasets examined in this study, GHCN-D ob-
servations are, rendering the gridded estimate and GHCN-
D datasets non-independent (e.g., GHCN-D observations 
are assimilated into  PRISM). 

Although this study focuses on Michigan, we anticipate 
our results will be applicable to other areas of the US (e.g., 
Maine coastline) and other regions of the world [e.g., 
Black Sea (Eurasia)]. where terrain gradients, complex 
coastlines, and heterogeneous land use patterns are im-
portant climate controls.  Thus, characterizing the ability of 
gridded climate datasets to reproduce daily and annual 
extreme temperature climatologies in Michigan has poten-

tial benefits beyond this specific study area. 

2. Materials and Methods

2.1 Study Area 
Michigan is located within the North American Great 

Lakes region (Fig. 1). This region encompasses the largest 
freshwater system in the world and is characterized by 
strong physiographic gradients of terrain, soils, vegetation, 
and climate (Curtis 1959; Anderson 2005; Andresen and 
Winkler 2009; Andresen 2012).  During the autumn and 
winter (spring and summer) seasons, when lake surface 
temperatures are warmer (cooler) than the overlying air 
and adjacent land surfaces, cloud cover is enhanced 
(reduced) in Michigan relative to states upwind of the 
Great Lakes (Changnon and Jones 1972; Yu et al. 2014). 
Cloud cover effects combined with the direct moderating 
impact of the lakes on the overlying atmosphere yield 
higher (lower) mean temperatures downwind of the Great 

Fං඀ඎඋൾ 1:  Michigan surface elevation [m] used in PRISM data products, with numbers denoting the locations of 

EW (blue) and GHCN-D (red) station sites; rectangle around number indicates airport site.  See Tables 1-2 for 

station site metadata.  The Upper and Lower Peninsulas and the four Great Lakes bordering Michigan are labeled. 
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Lakes in the autumn and winter (spring and summer) sea-
sons, and overall higher mean temperatures annually.  A 
review of the 1981-2010 PRISM climate normals (not 
shown; used in the production of PRISM daily tempera-
tures, Section 2.2.1) reveals that January mean tempera-
tures vary from higher than -4 °C in parts of the Lower 
Peninsula (hereafter, “Lower Michigan”), mainly along the 
southern Lake Michigan shore and the Detroit urban heat 
island, to lower than -10 °C across the western Upper Pen-
insula (hereafter, “Upper Michigan”), mainly in higher-
elevation areas away from the lakeshores.  July mean tem-
peratures vary from higher than 22 °C across far southern 
Lower Michigan to lower than 18 °C in parts of Upper 
Michigan, including near the Lake Superior shore.  Re-
garding diurnal variability, locations downwind of the 
Great Lakes experience a reduced diurnal range with high-
er daily minimum temperatures and lower daily maximum 
temperatures, relative to upwind locations (Changnon and 
Jones 1972; Scott and Huff 1996; Lofgren 1997; Notaro et 
al. 2013).  Finally, the influence of the Great Lakes dimin-
ishes with distance inland, and is complicated by patterns 
of surface elevation, vegetation, and soil (Andresen and 
Winkler 2009). 

 
2.2 Gridded Datasets 

As stated previously, the objective of this study is an 
evaluation of three gridded climate datasets for their ability 
to accurately reproduce daily and annual extreme tempera-
ture climatologies at observing sites across Michigan, US: 
PRISM, gridMET, and TopoWx.    Recall that although 
PRISM is the primary focus of this assessment, the other 
two datasets are evaluated as they have similar spatiotem-
poral resolutions to PRISM, but differing methodologies 
and input data sources.  A brief description of the gridded 
datasets follows. 

 
2.2.1 PRISM 

PRISM is a gridded climate analysis system that interpo-
lates individual station site observations to an 800-m grid 
covering the contiguous US (Daly et al. 1994, 1997, 2008), 
followed by interpolation to a 4-km grid for public distri-
bution.  PRISM datasets span a broad range of timescales, 
from 30-year normals, to annual, monthly, and daily time 
series, and include six daily climate elements: maximum 
and minimum temperature, mean dew point, maximum and 
minimum vapor pressure deficit, and precipitation.  The 
interpolation process for annual, monthly, and daily time 
series begins with a background gridded dataset of 30-year 
climatological normals, developed in an earlier stage from 
long-term observations and a digital elevation model 
(DEM).  Unique regression equations are developed for 
each grid point to produce estimates based on observations 

from nearby weather stations and the background value.  
Station weighting is based on five factors: distance, eleva-
tion, vertical layer, topographic facet, and coastal proximi-
ty (Daly et al. 1994, 1997, 2008).  It is important to keep in 
mind that PRISM temperatures, as with the other gridded 
datasets examined in this study, are valid at 1.5 m above 
ground level, are interpolated from sheltered weather sta-
tions, and represent grid cell averages.  

In this study, we evaluate two versions of the PRISM 
daily product: PRISMD1 and PRISMD2, released in June 
2013 and October 2019, respectively.  Changes to method-
ology and inputs implemented in PRISMD2 include (Daly 
2022): (1) an adjustment to correct for SNOw TELemetry 
(SNOTEL) Yellow Springs Instruments (YSI) Extended 
Range temperature measurements that were incorrectly 
transformed from voltage to temperature by the Natural 
Resources Conservation Service (NRCS); (2) an algorithm 
to day-shift National Weather Service (NWS) Cooperative 
Observer Program (COOP) temperature observations that 
were reported on the wrong day; (3) assimilation of grid-
ded upper-air temperature and dew point data to improve 
accuracy in complex terrain; (4) modification of the inter-
polation procedure to better render strong temperature in-
versions.  For this study, 4-km PRISM daily temperatures 
were downloaded for the period from 1 Jan 1981 to 31 Dec 
2018 (see data availability statement). 

 
2.2.2 gridMET 

gridMET (Abatzoglou 2013) is a gridded dataset that 
combines the daily timescale of PRISM with the hourly 
timescale of the North American Land Data Assimilation 
System version 2 (NLDAS-2; Xia et al. 2012a, b) (in turn, 
derived from NARR).  As a hybrid dataset, gridMET com-
bines PRISM’s high spatial resolution at daily, monthly, 
and longer timescales with NLDAS-2’s high temporal res-
olution at sub-daily timescales.  Primary gridMET varia-
bles include daily minimum and maximum temperature, 
downward surface shortwave radiation, wind velocity, 
maximum and minimum relative and specific humidity, 
and precipitation.  To create gridMET daily temperature, 
the PRISM–NLDAS-2 monthly-mean temperature differ-
ence is added to the NLDAS-2 daily temperature.  No data 
assimilation is performed beyond that which is performed 
in the production of PRISM and NLDAS-2.  gridMET is 
available from 1979–present on a 4-km contiguous US 
grid, and was downloaded for the period 1981-2018 (see 
data availability statement). 

 
2.2.3 TopoWx 

TopoWx is a gridded dataset of daily minimum and 
maximum temperature based on station observations, 
DEM data, and remotely-sensed land skin temperature data 
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(Oyler et al. 2014, 2015, 2016).  Unlike PRISM or grid-
MET, TopoWx applies a temporal homogenization algo-
rithm developed by Menne and Williams (2009) to correct 
for changes in observation practices, station siting, and 
instrumentation during the period of record. Missing val-
ues are filled by comparing with non-missing neighboring 
observations and applying spatial regression (Durre et al. 
2010).  Climate normals are computed using regression 
kriging, and daily anomalies are computed using moving 
window geographically weighted regression and inverse 
distance weighting. To help estimate climate normals in 
complex terrain and regions with low station density, 
TopoWx uses remotely sensed land skin temperature as an 
auxiliary predictor.  Although no longer in production, 
TopoWx is available from 1948–2016 on an 800-m contig-
uous US grid, and was downloaded for the period 1981-
2016 (see data availability statement). 

 
2.3 Station Observations 

The observation sites examined in this study are dis-

played in Fig. 1 and summarized in Tables 1-2.  A total of 
20 EW stations are examined, 17 in Lower Michigan and 3 
in Upper Michigan, whereas a total of 34 GHCN-D sta-
tions are examined, 28 in Lower Michigan and 6 in Upper 
Michigan.  Recall from Section 1 that EW is a web-based 
information system supporting Michigan’s agriculture and 
natural resource industries, and GHCN-D is a global data-
base of daily surface station climate summaries used in this 
study to supplement the EW station analysis.  In contrast to 
the homogeneous EW network, the 34 GHCN-D stations 
consist of 14 airport sites and 20 COOP sites (Table 2).  
The EW and GHCN-D station sites were chosen to repre-
sent a range of latitudes, elevations, Great Lake proximi-
ties, and land-use characteristics.  Of the 54 stations exam-
ined in this study, all but one [Hancock Houghton County 
AP (GHCN-D)] exhibit less than 10% missing data during 
the study period.   

EW observations were subjected to a three-step quality 
assurance / quality control (QA/QC) procedure consisting 
of gross-range, step, and outlier checks similar to those 

Tൺൻඅൾ 1:  Metadata for EW station sites: Station number, name, ID, latitude [deg], longitude [deg], elevation above 

mean sea level [m], and percent days missing [%].  The date range for the missing data check is 1 Jan 2004 – 31 Dec 

2016. 
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Tൺൻඅൾ 2:  Metadata for GHCN-D station sites: Station number, name, ID, latitude [deg], longitude [deg], elevation above mean sea level 

[m], and percent days missing [%].  An asterisk next to the GHCN-D site name denotes an airport (AP) site (14 stations).  The date range 

for the missing data check is 1 Jan 1981 – 31 Dec 2016.  For G16, Wastewater Treatment Plant is abbreviated WWTP. 
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applied across the Oklahoma mesonet (Shafer et al. 2000).  
GHCN-D observations were subjected to QA/QC proce-
dures prior to being released to the public (Durre et al. 
2010; Menne et al. 2012); no additional processing was 
applied in this study.  The reader is cautioned that although 
COOP observation-day reporting inconsistencies are con-
sidered in the GHCN-D QA/QC system, and observations 
with QA/QC flags were masked in this study, the PRISM 
group identified inconsistent observing practices missed by 
the GHCN-D QA/QC system that have been rectified in 
PRISMD2 using a day-shifting algorithm to reassign COOP 
temperature observations that were reported on the wrong 
day (Daly 2022).  To the best of the authors’ knowledge, 
the GHCN-D day-shifting algorithm implemented in 
PRISMD2 is not publicly available, and thus was not imple-
mented in this study.  The GHCN-D observations were 
used to develop the gross-range, step, and outlier thresh-
olds used for the EW data QA/QC.  GHCN-D and EW data 
were downloaded for the periods 1981-2018 and 2004-
2018, respectively, with the choice of time periods in-
formed by the PRISM daily product period of record 
(GHCN-D) and availability of station records (EW) (see 
data availability statement). 

Temperature was measured at the EW stations using 
Vaisala HMP 45C hygrothermometers, without mechanical 
aspiration; and at the GHCN-D stations using either Auto-
mated Surface Observing System (ASOS) 1088 hygrother-
mometers with mechanical aspiration (airport sites post-
ASOS installation, about 1996 – present), HO-83 hy-
grothermometers with mechanical aspiration (airport sites 
pre-ASOS installation, before about 1996), or maximum-
minimum temperature (MMTS) sensors without mechani-
cal aspiration (COOP, all years).  A comparison of gridded 
estimate–observation differences at airport sites before 
(1985-1994) and after (2005-2014) ASOS implementation 
was performed to quantify the potential impact of instru-
mentation changes on the gridded data assessment 
(PRISMD2 only; Table S1, online supplemental material); 
results were similar for the other gridded datasets and are 
omitted.  Note that the online supplemental material con-
tains figures and tables, identified by a leading “S”, that 
may be of interest to some readers, but are not essential for 
evaluating study methods, results, or conclusions.  Across 
the eight station sites chosen for this exercise, gridded esti-
mate–observation differences for daily minimum tempera-
ture were lower (more negative) during the ASOS decade 
compared to the pre-ASOS decade, whereas estimate–
observation differences for daily maximum temperature 
differed little between the two decades.  As ASOS hy-
grothermometers are known to report lower minimum tem-
peratures than the pre-ASOS HO-83 hygrothermometers 
(National Research Council 2012), the more negative grid-

ded estimate–observation differences for daily minimum 
temperature during the ASOS decade suggests factors oth-
er than instrumentation alone (e.g., changes to station sit-
ing). 

 
2.4 Analysis Methodology 

Assessment of the gridded datasets takes place in two 
stages.  In the first stage, gridded estimates at the nearest 
grid point to each station site are compared with corre-
sponding observations.  Note that no attempt is made to 
interpolate the gridded datasets to a common grid; the 
reader is urged to keep in mind the difference in grid cell 
dimensions between PRISM and gridMET (4 km), and 
TopoWx (800 m).  For a given station, the distance from 
grid-cell center to the station site may vary from one grid-
ded dataset to another; such differences in distance contrib-
ute to an unknown degree to differences in comparison 
statistics between the gridded datasets (recall the discus-
sion of sub-grid variability in Section 1).  Maps are pre-
sented with markers denoting station sites color-coded by 
two statistical measures of estimate–observation differ-
ences: mean difference (MD) and root-mean-square differ-
ence (RMSD):   

 
 
 

 
 
 
 

where O and E are the observed and estimated time series, 
respectively, and N is the number of values (e.g., Fig. 2).  
Corresponding tables containing network-median statistics 
are provided to assess overall differences across Michigan 
(e.g., Table 3).  To help assess the statistical significance 
of differences in estimate–observation statistics between 
the gridded datasets, p values from a two-tailed t-test are 
included in the corresponding discussion.  Both daily mini-
mum and maximum temperatures (TMINd and TMAXd, 
respectively) and annual extreme minimum and maximum 
temperatures (TMINa and TMAXa, respectively) are ex-
amined.  The maps of gridded estimate–observation differ-
ences include all months, whereas the tables depict full-
year statistics and statistics for the four climatological sea-
sons: winter (December-February), spring (March-May), 
summer (June-August), and autumn (September-
November).  In the second stage, maps of contoured differ-
ences between PRISMD1 and PRISMD2 are presented. The 
purpose of this second stage is to assess spatial patterns of 
PRISM version differences and to qualitatively examine 
relationships between spatial difference patterns and Mich-
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igan’s physiography.  
Three time periods are considered in this study, 2004-

2016, 1981-2016, and 1981-2018.  The primary time peri-
od, 2004-2016, is utilized for comparison of all gridded 
datasets and observational networks, for three reasons: 
First, ASOS instrumentation was installed at the GHCN-D 
airport sites from about 1996 onward, introducing temporal 
inhomogeneities in the station time series; second, EW 
observations are less complete prior to 2004; third, 
TopoWx production ceased at the end of 2016.  The sec-
ondary 1981-2016 time period is used for comparison of 
the four gridded datasets to GHCN-D observations alone 
(without EW).  The tertiary 1981-2018 time period is used 
for assessment of the two PRISM versions and GHCN-D 
observations only (without gridMET, TopoWx, or EW 
observations), and is included because Kiefer et al. (2022) 
used this time period for their climatological study of ex-
treme minimum temperatures in the US Great Lakes re-
gion.  Lastly, the gridded dataset names are abbreviated in 
the figures and tables as follows: PRISMD1 (P1), PRISMD2 
(P2), gridMET (G), and TopoWx (T). 

 
2.5 Day Definitions 

Before proceeding to results of the gridded climate da-
taset assessment, it is important to comment briefly on day 
definitions in the gridded datasets and observational net-
works.  Although it is tempting to neglect this methodolog-
ical detail and treat all day definitions as equivalent, it is 
important to limit (or in the least, be aware of) the degrees 
of freedom that complicate the gridded estimate–
observation comparison.  More generally, it is advisable 
that gridded dataset users be aware of how time periods are 
defined before using the data for a particular application.  
Regarding the datasets examined in this study, PRISM 
defines a day as the 24-hour period ending at 12:00 Coor-
dinated Universal Time (UTC) (hereafter, PRISM day), 
and gridMET and TopoWx define a day as the 24-hour 
period ending at midnight local time (LT;  hereafter, calen-
dar day).  Note that the term “calendar day” is used herein 
to refer to the day on which the maximum and minimum 
temperature occurred (i.e., 00:00:00 LT – 23:59:59 LT on 
day n), not the day the temperature was recorded (i.e., 
00:00:00 LT day n report for the period 00:00:00 LT – 
23:59:59 LT day n-1).  Of the two observational networks, 
EW utilizes the same calendar day definition as gridMET 
and TopoWx, and GHCN-D utilizes multiple day defini-
tions (e.g., calendar day, 24-hour period ending at 14:00 
LT), that vary from station to station and, at some sites, 
change during the study period.   

To investigate possible impacts on the gridded data as-
sessment of day definition discrepancies between PRISM 
and the two observational networks, MD and RMSD were 

computed with and without a one-day time series lag 
(observation: day n, PRISM: day n+1) (TMAXd: Figs. S1-
S2 and Tables S2-S4; TMINd: not shown).  For both 
TMINd and TMAXd, MD was found to vary little between 
tests with and without the one-day PRISM lag, due to the 
cancellation of positive and negative estimate–observation 
differences.  For TMAXd, however, RMSD was found to 
be substantially smaller with the one-day PRISM lag im-
plemented, as the squaring of estimate–observation differ-
ences prevented cancellation; for TMINd, RMSD was 
found to vary little between tests.  Generally speaking, 
TMAXd tends to occur during the mid to late afternoon 
hours (about 19:00-22:00 UTC in the central and eastern 
US), meaning that for a given calendar day, the PRISM 
TMAXd valid at 12:00 UTC on that day likely occurred 
during the prior afternoon.  On the other hand, TMINd 
typically occurs around or shortly after sunrise (about 
10:00-13:00 UTC in the central and eastern US), meaning 
that the calendar and PRISM day definitions are generally 
in sync.  Based on these lag tests, a decision was made to 
partially account for day definition differences using a one-
day lag for PRISM TMAXd (but not for PRISM TMINd or 
the other gridded datasets).  The reader is urged to keep the 
simplicity of the one-day lag in mind when interpreting the 
results of this study: the day-definition differences between 
calendar-day observations and PRISM-day estimates are 
only partially mitigated by this step. 

An additional test was performed at the 14 GHCN-D 
airport sites (Fig. 1; Table 2) using the National Centers 
for Environmental Information (NCEI) Integrated Surface 
Database (ISD; Smith et al. 2011) hourly observations 
(PRISMD1 and PRISMD2 only; Table S5).  Generally 
speaking, replacing the calendar-day TMINd from GHCN-
D with the PRISM-day TMINd computed from ISD hourly 
observations resulted in a change of MD sign from positive 
to negative and a two- to five-fold decrease in RMSD; for 
TMAXd, the switch to the hourly observation-based daily 
value resulted in a change of MD sign from negative to 
positive and an even larger reduction in RMSD than for 
TMINd.  The use of observational networks and gridded 
datasets that use calendar day definitions precludes stand-
ardization of day definitions in this study.  However, this 
exercise helps illustrate how the mixture of day definitions 
and observational data sources complicates the assessment 
of gridded climate datasets.  This is an important limitation 
of our methodology that the reader is strongly urged to 
consider when interpreting the study results: the PRISM 
estimate–observation difference statistics presented in this 
study are likely exaggerated due to unmitigated day defini-
tion incongruities, particularly for RMSD, wherein cancel-
lation of positive and negative values is prohibited by the 
squaring of differences. 
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3.  Results and Discussion  
 
3.1 Point Assessment 

The assessment begins with maps of full-year gridded 
estimate–observation differences at the EW and GHCN-D 
station sites on the daily timescale (MD: Fig. 2; RMSD: 
Fig. 3; N: not shown), along with network-median statis-
tics (EW: Table 3; GHCN-D: Table 4).  Recall that the 
primary analysis period in this study is 2004-2016; for 
corresponding figures and tables covering the secondary 
analysis period, 1981-2016 (GHCN-D only), see Figs. S3-
S4 and Table S6.  Focusing on PRISMD1 and PRISMD2 in 
the top rows of Figs. 2-3, three aspects of estimate–
observation differences become apparent.  First, there is a 
general pattern of positive (negative) MD values for 
TMINd (TMAXd), indicating a tendency for both PRISM 
versions to underestimate the diurnal temperature range.  
Second, there is little indication in either the MD or RMSD 
plots for larger or smaller estimate–observation differences 
near the lakeshores than farther inland.  Third, differences 
in the statistics between the two PRISM versions are gen-
erally small, a finding which is supported by the network-
median statistics at the EW and GHCN-D station sites 
(Tables 3-4), and corresponding two-tailed t-tests at the 
EW stations sites: MD values differ between the two ver-
sions by 0.03 °C for TMINd (p values above .05 at 12/20 
stations) and 0.12 °C for TMAXd (p values above .05 at 
13/20 stations).   

Broadening the analysis to all four gridded datasets, 
TopoWx exhibits the smallest deviation from observed 
TMINd and TMAXd, a result that is true for both system-
atic (MD) and random (RMSD) differences (Tables 3-4).  
A two-tailed t-test comparing MD between TopoWx and 
PRISMD1 reveals p values below .05 at 16/20 (TMINd) and 
18/20 (TMAXd) EW stations; thus, the improvement of 
TopoWx over PRISM on the daily timescale appears to be 
statistically significant.  Possible reasons for TopoWx’s 
superior performance include the integration of 800-m 
DEM data and 1-km land skin temperature data in the sta-
tion interpolation process at the daily timescale, and the 
temporal homogenization of station data.  However, the 
reader is reminded that the PRISM estimate–observation 
difference statistics presented in this study are likely exag-
gerated due to unmitigated day definition incongruities, 
particularly for RMSD, wherein cancellation of positive 
and negative values is prohibited by the squaring of differ-
ences.  In contrast, gridMET exhibits the largest overall 
estimate–observation differences, particularly at the inde-
pendent EW stations, wherein TMINd and TMAXd exhibit 
network-median MD of 0.32 and 0.24 °C, respectively 
[differences between gridMET and PRISMD1 MD: p values 
below .05 at 16/20 (TMINd) and 18/20 (TMAXd) EW  

 
stations].  A possible source for this behavior is the propa-
gation of NLDAS-2 temperature error (Behnke et al. 2016; 
Walton and Hall 2018) into gridMET.  In other words, 
errors identified in gridMET may have their origin in er-
rors in the parent dataset, NLDAS-2 (and, in turn, NARR) 
(Section 2.2.2).  Overall, it is worth noting that MD and 
RMSD are generally smaller for GHCN-D than EW, con-
sistent with the assimilation of GHCN-D observations into 

Tൺൻඅൾ 3:  Summary statistics for 2004-2016 estimated TMINd 

and TMAXd [°C], with seasonal breakdown, at EW station 

sites: 20-station median number of days (N), mean difference 

(MD), and root-mean-square difference (RMSD).  Gridded 

datasets are labeled P1 (PRISMD1), P2 (PRISMD2), G 

(gridMET), and T (TopoWx).  Note: for TMAXd, difference in 

day definition between EW and PRISM is partially accounted 

for by comparing day n observation to day n+1 estimate 

(Section 2.5). 

Tൺൻඅൾ 4:  Summary statistics for 2004-2016 estimated TMINd 

and TMAXd [°C], with seasonal breakdown, at GHCN-D sta-

tion sites: 34-station median number of days (N), mean differ-

ence (MD), and root-mean-square difference (RMSD).  Grid-

ded datasets are labeled P1 (PRISMD1), P2 (PRISMD2), G 

(gridMET), and T (TopoWx).   Note: for TMAXd, difference in 

day definition between GHCN-D and PRISM is partially ac-

counted for by comparing day n observation to day n+1 esti-

mate (Section 2.5). 
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the gridded datasets.  An important exception to this gen-
eral statement is TMAXd RMSD: values are higher for 
GHCN-D, possibly due to unrectified day definition differ-
ences between the gridded estimates and station observa-
tions (Section 2.5).  An assessment of gridded estimate–
observation differences partitioned into the four climato-
logical seasons [Tables 3-4 (all datasets); Figs. S5-S6, 
(PRISMD2 only)] reveals no consistent seasonal cycle in 
MD values.  However, a tendency for largest (smallest) 
RMSD in winter (summer) is evident, consistent with larg-
er (smaller) day-to-day temperature variability associated 
with the equatorward (poleward) relative position of the jet 
stream.   

To provide some context for the magnitude of MD in 
Tables 3-4, the full-year MD values in Table 3 (rows la-
beled “ALL”) were added to observed TMAXd and 
TMINd at East Lansing (E14 in Fig. 1, Table 1) during the 

1 Mar – 30 Sep 2010 growing season; growing degree days 
(GDD) base 10 °C were then computed with and without 
the MD added (Fig. S7).  At the end of the growing season, 
cumulative GDD computed from daily temperatures with 
the gridded estimate–observation MD differed from the 
unadulterated cumulative GDD by approximately 20-45 °
C, roughly equivalent to 1-2.5 calendar days with typical 
mid-summer GDD values.  These cumulative GDD differ-
ences can lead to phenological dates differing by one or 
more days between datasets.  Thus, gridded estimate–
observation differences on the order of a few tenths of a 
degree can have a considerable impact when aggregated 
over weeks to months.  More broadly, such differences 
may be relevant to thermal development applications that 
use GDD-based biofixes (e.g., codling moth models, due to 
aggregation of differences), and applications that consider 
temperature extremes (e.g., temperature-based insect mor-

Fං඀ඎඋൾ 2 (අൾൿඍ) ൺඇൽ Fං඀ඎඋൾ 3 (උං඀ඁඍ): EW (circle) and GHCN-D (triangle) station symbols, color-coded by daily temperature 

mean difference (MD) in Figure 2 and daily temperature root-mean-square difference (RMSD) in Figure 3, for period 2004-

2016: columns: TMINd and TMAXd (w/ PRISM lag); rows: PRISMD1 (P1), PRISMD2 (P2), gridMET (G), and TopoWx (T).  

The minimum number of days (N) among both observational networks is 4190 for TMINd and 4223 for TMAXd; N at individ-

ual stations is not shown.  Green arrow points to West Olive EW station site (E20 in Fig. 1, Table 1); next circle to northeast is 

the Sparta EW station site (E18 in Fig. 1, Table 1). 
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tality models, due to underestimation of spatiotemporal 
variability). 

Before proceeding, it is worthwhile to pause the analysis 
of mean differences and comment briefly on individual-
day differences between the gridded estimates and obser-
vations, and between the gridded datasets themselves.  
Extreme absolute differences are as small as 6.7 °C 
(TMAXd, PRISMD2 vs. PRISMD1) and as large as 30.2 °C 
[TMAXd, PRISMD1 vs. GHCN-D (1981-2016)] (not 
shown).  Such large differences occur infrequently: differ-
ences exceeding 10 °C (15 °C) occur on less than 5% (1%) 
of days across the study period of record.  Possible reasons 
for the large differences include unresolved microclimatic 
variability, poorly resolved frontal zones, and unrectified 
day definition differences (Section 2.5).   

Acknowledging the application of gridded climate da-
tasets to studies of temperature extremes (e.g., Singh et al. 
2016; Kiefer et al. 2022; Wang et al. 2021), an assessment 

of gridded estimate–observation differences at the tails of 
the climatological distribution is in order.  Thus, TMINa 
and TMAXa are examined via maps of gridded estimate–
observation differences at all EW and GHCN-D stations 
(MD: Fig. 4; RMSD: Fig. 5; N: not shown) and corre-
sponding network-median statistics (Tables 5-6).  For cor-
responding figures and tables covering the period 1981-
2016 (GHCN-D only), see Figs. S8-S9 and Table S7.  Be-
ginning with PRISMD1 and PRISMD2 (top two rows in 
Figs. 4-5), two aspects of gridded estimate–observation 
differences are prominent.  First, PRISM tends to overesti-
mate (underestimate) TMINa (TMAXa), yielding a nar-
rower annual extreme temperature range than what is ob-
served. Second, there appears to be a tendency for estimate
–observation differences to be largest at lakeshore stations.  
For TMINa, this is most prominent in southwest and north-
east Lower Michigan, where MD values exceeding 1.5 °C 
and RMSD values exceeding 2.5 °C are common.  The  

Fං඀ඎඋൾ 4 (අൾൿඍ) ൺඇൽ Fං඀ඎඋൾ 5 (උං඀ඁඍ): EW (circle) and GHCN-D (triangle) station symbols, color-coded by annual extreme 

temperature mean difference (MD) in Figure 4 and annual extreme temperature root-mean-square difference (RMSD) in Fig-

ure 5, for period 2004-2016: columns: TMINa and TMAXa; rows: PRISMD1 (P1), PRISMD2 (P2), gridMET (G), and TopoWx 

(T).  The minimum number of years (N) among both observational networks is 8 for TMINa and 9 for TMAXa; N at individu-

al stations is not shown.  Green arrow points to West Olive EW station site (E20 in Fig. 1, Table 1); next circle to northeast is 

the Sparta EW station site (E18 in Fig. 1, Table 1). 
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signal for a lakeshore proximity dependence of estimate–
observation differences is generally weaker for TMAXa 
than TMINa, with the exception of PRISMD2 MD (Fig. 4).   

A comparison of network-median estimate–observation 
differences at the EW sites (Table 5) reveals that TMINa 
MD and RMSD are smaller for PRISMD2, with the oppo-
site true for TMAXa; corresponding statistics at the GHCN
-D sites (Table 6) generally show smaller differences be-
tween the two PRISM versions.  However, the small sam-
ple size (8-13 years; not shown) limits our ability to test 
the significance of the differences between the gridded 
datasets at the annual extreme timescale.  One exception to 
the statement regarding smaller gridded estimate–
observation differences at the GHCN-D sites is Pellston 
Regional Airport (G25 in Fig. 1, Table 2), where TMINa 
MD is 3.77 °C and 1.67 °C for PRISMD1 and PRISMD2, 
respectively.  Pellston is situated in northern Lower Michi-
gan where the local physiography produces a microclimate 
prone to cold air pooling and strong nocturnal temperature 
inversions.  Changes to the PRISM system to better render 
strong temperature inversions (Daly 2022) appears to have 
had a beneficial impact on estimates at locations that, like 
Pellston, are sited in areas prone to this nocturnal phenom-
enon.  The smaller magnitude of TMINa estimate–
observation differences was the primary reason that 
PRISMD2 was selected by Kiefer et al. (2022) for their cli-
matological study of TMINa in the US Great Lakes region.  
Expanding the analysis to all four gridded datasets (Tables 
5-6), the largest MD and RMSD are generally found with 
gridMET, with the exception of TMAXa MD.  The posi-
tive sign of gridMET TMAXa MD indicates a counterintu-

itive tendency for the gridded dataset to overestimate 
TMAXa at the EW station sites; a comparison of MD at all 
timescales (Tables 3-6) points to a systematic overestima-
tion of temperature by gridMET.  A possible source for 
this behavior is the propagation of NLDAS-2 (and, in turn, 
NARR) temperature error (Behnke et al. 2016; Walton and 
Hall 2018) into gridMET (Section 2.2.2).  Finally, estimate
–observation differences are similar for PRISM and 
TopoWx, with the smallest overall differences found with 
PRISM.   

We next examine scatterplots of estimated and observed 
daily temperatures at two EW sites chosen due to differ-
ences in station siting and contrasting estimate–observation 
differences (Figs. 6-7): Sparta and West Olive (E18 and 
E20 in Fig. 1, Table 1).  West Olive is sited approximately 
12 km inland of Lake Michigan at 194 m above mean sea 
level (AMSL), and as shown in Figs. 2 and 4, exhibits 
PRISMD2 MD values of 0.84 °C (TMINd), -0.47 °C 
(TMAXd), 3.58 °C (TMINa), and -0.89 °C (TMAXa).  
Sparta is sited approximately 42 km inland of Lake Michi-
gan, at 267 m AMSL, and exhibits corresponding MD val-
ues of -0.85 °C (TMINd), 0.72 °C (TMAXd), -1.23 °C 
(TMINa), and 1.29 °C (TMAXa).  It is notable that the two 
sites, located approximately 31 km apart, exhibit opposite 
MD sign across all timescales.  Careful examination of 
Figs. 2 and 4 reveals that Sparta, not West Olive, is the 
outlier among neighboring station sites.  Notably, Sparta is 
located on western Lower Michigan’s “fruit ridge”, an 
approximately 410 km2 tree fruit production area of rela-
tively higher topography with surface elevations exceeding 
240 m AMSL and relatively fine-textured clay loam soils.  
Regular monitoring, maintenance, and QA/QC of station 
observations by EW staff, and the diligent monitoring of 
station observations by growers as part of their farming 
practices (Andresen et al. 2012), suggests that the outlier 
status of Sparta is likely a reflection of unresolved micro-
climatic variability, rather than the result of instrumenta-
tion error.  For further information on unresolved microcli-
matic variability across Michigan, in the context of PRISM 
estimates of cold-season minimum temperatures, see Kief-
er et al. (2023). 

Careful examination of the scatterplots at Sparta and 
West Olive (Figs. 6-7) reveals characteristics of estimate–
observation differences both general to gridded datasets 
and specific to the individual datasets and station sites.  
Generally speaking, the scatterplots exhibit larger clouds 
of points for TMINd than for TMAXd, indicative of the 
limited ability of gridded datasets to resolve spatiotem-
poral microclimatic gradients in the nocturnal boundary 
layer, especially those associated with surface inversions.  
Turbulent mixing in the daytime boundary layer yields 
weaker microclimatic gradients and smaller estimate–

Tൺൻඅൾ 5:  Summary statistics for 2004-2016 estimated TMINa 

and TMAXa [°C], at EW station sites: 20-station median num-

ber of years (N), mean difference (MD), and root-mean-square 

difference (RMSD).  Gridded datasets are labeled P1 

(PRISMD1), P2 (PRISMD2), G (gridMET), and T (TopoWx).   

Tൺൻඅൾ 6:  Summary statistics for 2004-2016 estimated TMINa 

and TMAXa [°C], at GHCN-D station sites: 34-station median 

number of years (N), mean difference (MD), and root-mean-

square difference (RMSD).  Gridded datasets are labeled P1 

(PRISMD1), P2 (PRISMD2), G (gridMET), and T (TopoWx).   
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weaker microclimatic gradients and smaller estimate–
observation differences for TMAXd.  The larger spatial 
variability of TMINd was noted by Daly et al. (2008) in 
the context of their assessment of PRISM climatological 
normals: even in areas of gently varying terrain in the cen-
tral and eastern US, spatial variability was found to be 
greater for monthly-mean TMINd than for monthly-mean 
TMAXd.  Such a finding is broadly consistent with studies 
of spatiotemporal variability of atmospheric variables 
within the nocturnal boundary layer, wherein the magni-
tudes of inhomogeneity and non-stationarity increase with 
increasing static stability (e.g., Mahrt et al. 2013; Mahrt 
2022).  A second general point revealed by the scatterplot 
analysis is that a gridded climate dataset can perform com-
paratively well when averaged over all days (e.g., TMINd) 
but exhibit large estimate–observation differences at the 

distribution tails (e.g., TMINa). An example of this behav-
ior is TopoWx: the overall tight fit of TopoWx estimated 
TMINd across a wide range of temperatures, at both Sparta 
and West Olive (Figs. 6-7), does not extend to the extreme 
low end of the temperature distribution at West Olive (Fig. 
7).  TopoWx exhibits a positive MD of 4.0 °C, considera-
bly smaller than that of gridMET (5.78 °C) but larger than 
that of PRISMD1 and PRISMD2 (3.49 and 3.58 °C, respec-
tively).   

Returning to the opposing nature of MD at the two sites 
(Figs. 6-7), it is worthwhile to consider the counterintuitive 
nature of MD at Sparta.  The process of interpolating point 
observations to a regular grid by weighting observations 
and background values is expected to generally yield high-
er (lower) minimum (maximum) temperatures in the grid-
ded dataset, compared to observations (Daly et al. 2008).   

Fං඀ඎඋൾ 6 (අൾൿඍ): Scatterplots with Sparta EW station (E18 in Fig. 1, Table 1) and Fං඀ඎඋൾ 7 (උං඀ඁඍ) with West Olive EW sta-

tion (E20 in Fig. 1, Table 1)  observed daily and annual extreme temperatures vs. four gridded estimates [°C]: columns: 

TMINd and TMAXd (w/ PRISM lag); rows: PRISMD1 (P1), PRISMD2 (P2), gridMET (G), and TopoWx (T).  TMINa and 

TMAXa are indicated with blue and red fill colors, respectively, and dashed (solid) line indicates 1:1 (least-squares linear re-

gression). 
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This ‘smoothing’ effect of the interpolation process does in 
fact yield gridded values that generally overestimate 
(underestimate) observed TMINd and TMINa (TMAXd 
and TMAXa) (Figs. 2 and 4; Tables 3-6).  However, the 
gridded estimate–observation differences at Sparta are the 
exact opposite: estimates of minimum (maximum) temper-
atures are mostly too low (high).  Partitioning MD by sea-
son (Fig. S5) reveals that the underestimation 
(overestimation) of TMINd (TMAXd) at Sparta is greatest 
in spring (summer).  A likely reason for the singular per-
formance of the gridded estimates at Sparta is the inability 
of the gridded datasets to account for the complex physio-
graphic gradients of soil, vegetation, and surface elevation 
in the vicinity of Sparta, and the resultingly complex spa-
tial patterns of surface energy balance, nocturnal cold-air 
flows, and daytime boundary layer depths (not shown). 

 
3.2 Spatial Analysis 

Having characterized the gridded estimate–observation 
differences at point locations across Michigan, we now 
characterize spatial patterns of estimate–estimate differ-

ences.  Given the differences in grids between PRISM, 
gridMET, and TopoWx, and the aforementioned utilization 
of PRISM in EW applications, this analysis focuses exclu-
sively on the two PRISM versions.  The preceding point 
analysis reveals that although gridded estimate–
observation differences between the two PRISM versions 
are generally smaller than differences between PRISM and 
the other gridded datasets examined in this study, there are 
consistent differences between the two PRISM versions 
(Figs. 2-5; Tables 3-6).  Overall, PRISMD2 exhibits smaller 
(larger) MD than PRISMD1 for TMINd and TMINa 
(TMAXd and TMAXa).  To characterize spatial patterns of 
gridded estimate–estimate differences, Figure 8 depicts 
contoured 1981-2018 mean TMINd and TMAXd for the 
two PRISM versions, along with MD (PRISMD2–D1).  It is 
important to note that the complex nature of the PRISM 
climate analysis system (Section 2.2.1) makes attribution 
of features in the contoured plots difficult.  Although we 
speculate as to the source of the spatial features, a compre-
hensive investigation is beyond the scope of this study. 

Overall, the maps of contoured mean TMINd and 
TMAXd exhibit similar patterns for PRISMD1 and 
PRISMD2 (top two rows in Fig. 8), with lowest tempera-
tures in western Upper Michigan and northern Lower 
Michigan, and highest temperatures in southwest and 
southeast Lower Michigan, and along the Lake Michigan 
shoreline.  Despite similar temperature patterns, the maps 
of contoured TMINd and TMAXd MD (bottom row in Fig. 
8) depict localized minima and maxima in the range of 
±0.5 °C.  The MD map for TMINd primarily exhibits posi-
tive values and contains three distinct difference patterns: 
lakeshore, southwest Lower Michigan, and airport site.  
First, positive values are found within one or two PRISM 
grid points of the shores of Lakes Michigan, Huron and 
Superior.  The near-ubiquity of positive MD along the 
lakeshores suggests that this pattern is not related to the 
interpolation of individual station data; the introduction of 
gridded upper-air temperature data in PRISMD2 is one pos-
sible source.  Second, a string of MD maxima is present in 
southwest Lower Michigan (green oval in Fig. 8, bottom-
left panel).  It is noteworthy that the string of MD maxima 
appears to be collocated with a gap in weather station cov-
erage (not shown).  Recall from Section 2.2.1 that in the 
absence of surface station data, PRISM daily grids are 
weighted toward PRISM climatological normals, which 
are in turn a function of surface elevation.  A careful exam-
ination of Fig. 1 reveals slightly higher surface elevation in 
the vicinity of the southwest Lower Michigan pattern than 
in surrounding areas (cf. Figs. 1 and 8), suggesting a ten-
dency in PRISM for weaker nocturnal temperature inver-
sions in southwest Lower Michigan associated with cold-
air drainage to lower elevations.  Third, the TMINd MD 

Fං඀ඎඋൾ 8:  Maps of contoured PRISMD1 and PRISMD2 estimat-

ed daily temperatures: columns: TMINd and TMAXd; rows: 

PRISMD1 (P1) 1981-2018 mean, PRISMD2 (P2) 1981-2018 

mean, and PRISMD2–D1 (P2-P1) mean difference (MD).  Green 

oval and purple circles denote features described in text. 
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plot shows maxima collocated with numerous airport sta-
tion sites (purple circles in Fig. 8, bottom-left panel).  As 
will be discussed shortly, this pattern is related to differ-
ences in airport data assimilation between PRISMD1 and 
PRISMD2. 

Proceeding to TMAXd (Fig. 8, right panels), the 
PRISMD2–D1 MD map primarily exhibits negative MD and 
exhibits different patterns than the corresponding TMINd 
plot.  There is a tendency for TMAXd MD to be most neg-
ative along the central shores of Lakes Michigan and Supe-
rior, and in an area southwest of Saginaw Bay (purple cir-
cles in Fig. 8, bottom-right panel).  The approximate colo-
cation of the MD minima and select GHCN-D station sites 
[clockwise from upper-left: Marquette (G22), Saginaw 

(G28), and Muskegon (G24); cf. Figs. 1 and 8, Table 2] 
suggests that differences in individual station assimilation 
between PRISMD1 and PRISMD2 may be the source of the 
phenomenon.  Taken as a whole, the MD panels in Fig. 8 
indicate a tendency for PRISMD2 to exhibit a smaller diur-
nal range than PRISMD1.  Unlike the localized MD maxi-
ma and minima, the broad pattern of reduced diurnal range 
suggests a source not related to data assimilation at indi-
vidual station sites.  One possibility is the aforementioned 
inclusion of gridded upper-air temperature data in 
PRISMD2, but not PRISMD1 (further examination is left to 
future work).   

Additionally, PRISMD2–D1 differences exhibit cycles of 
seasonal variability, as shown in Fig. 9.  TMINd MD is  

Fං඀ඎඋൾ 9:  Maps of contoured PRISMD1 and PRISMD2 estimat-

ed daily temperatures: columns: TMINd and TMAXd; rows: 

PRISMD2–D1 mean difference (MD), partitioned by season: 

winter (December-February), spring (March-May), summer 

(June-August), and autumn (September-November). 

Fං඀ඎඋൾ 10:  Maps of contoured PRISMD1 and PRISMD2 esti-

mated daily temperatures: columns: TMINd and TMAXd; 

rows: PRISMD2–D1 mean difference (MD), partitioned by dec-

ade: 1981-2010, 1981-1990, 1991-2000, and 2001-2010. 
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maximized in summer (June-August), whereas TMAXd 
MD is maximized in spring (March-May).  The promi-
nence of the TMINd MD patterns seen in Fig. 8 during 
summer, a season with overall weaker wind speeds, sug-
gests that station interpolation differences between the 
PRISM versions are most pronounced during light wind 
conditions.  The PRISMD2–D1 differences also exhibit cy-
cles of decadal variability, as shown in Fig. 10.  The local 
TMINd MD maxima at the airport station sites appear to 
be associated exclusively with the pre-ASOS period: fea-
tures show up prominently during 1981-1990 (pre-ASOS 
installation) but are completely absent during 2001-2010 
(post-ASOS installation); 1991-2000 is intermediate.  
Based on a review of station inventory files bundled with 
each PRISM file, the observations from airport sites (both 
human and automated) were not assimilated into PRISMD1 
until 2 Jul 1996, but they were assimilated into PRISMD2 
starting on 1 Jan 1981.  This critical difference in input 
data sources between PRISMD1 and PRISMD2 is important 
to keep in mind when comparing PRISM daily variables 

(and quantities derived from daily variables) between ver-
sions.  

Finally, maps of contoured PRISMD1 and PRISMD2 
mean TMINa and TMAXa (Fig. 11) exhibit broadly simi-
lar patterns to that of TMINd and TMAXd, albeit with 
stronger minimum temperature gradients at the annual ex-
treme timescale (cf. top two rows in Figs. 8 and 11).  Mean 
TMINa values vary from below -30 °C in western Upper 
Michigan, away from Lake Superior, to above -20 °C in 
parts of Lower Michigan along the Lake Michigan shore 
and in the extreme southeast portion of the state.  The MD 
patterns are noticeably different for TMINa and TMAXa 
than for TMINd and TMAXd (cf. bottom row in Figs. 8 
and 11).  Specifically, areas of positive MD are found in 
northwest Lower Michigan and parts of western Upper 
Michigan, in particular the Keweenaw peninsula (see green 
arrow in bottom-left panel).  Areas of negative TMINa MD 
are found across interior Lower Michigan and parts of 
southwest and northeast Upper Michigan.  Regarding the 
large positive MD in the Keweenaw peninsula, a likely 
source is the exclusion in PRISMD2 of at least some portion 
of extreme minimum temperature observations at Hancock 
Houghton County airport (G13 in Fig. 1, Table 2; see the 
larger gridded estimate–observation differences for 
PRISMD2 compared to PRISMD1 in Fig. 4, left panels).  
Regarding TMAXa, MD values are of overall smaller 
magnitude than for TMINa, and with limited exceptions 
are of positive sign.  The overall positive MD for TMAXa 
is of opposite sign to that of TMAXd (cf. Figs. 8 and 11, 
right panels), indicating that the changes to methodology 
instituted in PRISMD2 yield lower daily maximum temper-
atures but slightly higher annual extreme maximum tem-
peratures, compared to PRISMD1.  Further examination of 
the source of PRISMD2–D1 differences is left to future work. 

 
 

4.  Summary and Conclusion  
 

In this study, three gridded climate datasets were exam-
ined for their ability to accurately reproduce daily and an-
nual extreme temperature climatologies at climate stations 
across Michigan: PRISM, gridMET, and TopoWx.  Michi-
gan was chosen for this study due to the limited prior as-
sessment of gridded climate datasets in a non-mountainous 
region with otherwise complex physiography, the use of 
PRISM in Michigan’s Enviroweather program, and the 
availability in Michigan of a network of weather stations 
that is not assimilated into any of the gridded datasets eval-
uated in this study.  Although this study focused exclusive-
ly on Michigan, we expect the results to be applicable to 
other areas of the US (e.g., Maine coastline) and other re-
gions of the world (e.g., Black Sea in Eurasia) with similar 

Fං඀ඎඋൾ 11:  Maps of contoured PRISMD1 and PRISMD2 esti-

mated annual extreme temperatures: columns: TMINa and 

TMAXa; rows: PRISMD1 (P1) 1981-2018 mean, PRISMD2 (P2) 

1981-2018 mean, and PRISMD2–D1 (P2-P1) mean difference 

(MD).  Green arrow in bottom-left panel denotes the 

Keweenaw peninsula in western Upper Michigan. 
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physiography.  The study took place in two phases; first, 
gridded estimates at the nearest grid point to each station 
site were compared with corresponding observations; sec-
ond, maps of contoured PRISM-version differences were 
presented. 

Overall, TopoWx was found to exhibit the smallest devi-
ation from observed daily temperatures, PRISMD2 was 
found to exhibit the smallest deviations from observed 
annual extreme minimum temperatures, and gridMET was 
found to exhibit the largest gridded estimate–observation 
differences across all timescales.  TopoWx’s superior per-
formance at the daily timescale was attributed to the inte-
gration of DEM and satellite land-surface temperature data 
in the station interpolation process at the daily timescale, 
and implementation of a temporal homogenization algo-
rithm.  The overall poor performance of gridMET was at-
tributed to the integration of NLDAS-2 temperature esti-
mates, with propagation of error from NLDAS-2 to grid-
MET yielding broad temperature overestimation.  For 
PRISMD2, modifications to the PRISM system to accom-
modate strong temperature inversions appears to have had 
a beneficial impact on annual extreme minimum tempera-
ture estimates across Michigan.  An in-depth assessment of 
gridded estimate–observation differences at two EW sta-
tion sites pointed to the inability of the gridded datasets to 
fully account for the complex physiographic gradients of 
soil, vegetation, and surface elevation.  Maps of contoured 
PRISMD2–D1 temperature differences revealed distinct spa-
tiotemporal patterns.  Generally speaking, differences were 
maximized along the lakeshores, in areas with low station 
density, and at airport station sites. 

Of the previous gridded data assessment studies cited in 
Section 1, only Behnke et al. (2016) and Walton and Hall 
(2018) considered all three temperature datasets examined 
herein.  The finding of overall poorest performance for 
gridMET agrees with Behnke et al. (2016), and the finding 
that integration of DEM and satellite land-surface tempera-
ture data in TopoWx yields statistically-significant differ-
ences in dataset performance compared to PRISM and 
gridMET is broadly supported by Walton and Hall (2018).  
Blankenau et al. (2020) did not evaluate PRISM or 
TopoWx but did find that gridMET performed best among 
the datasets they evaluated in parts of the western and 
southeastern US, but not in the Great Lakes region or 
northeastern US in general. 

This study has highlighted several challenges involved in 
evaluating gridded climate datasets. For example, day defi-
nition differences complicate the calculation of evaluation 
statistics, as some portion of the gridded estimate–
observation differences may be due to observed and esti-
mated values occurring at different times of day or on dif-
ferent days.  Additionally, the assimilation of station obser-

vations into gridded datasets requires that caution be ap-
plied when using the very observations assimilated into the 
gridded dataset to evaluate it (e.g., PRISM and GHCN-D).  
However, even in a situation wherein the gridded and ob-
servational datasets use identical day definitions and are 
independent of each other (e.g., TopoWx and EW), one 
has to contend with differences stemming from sub-grid 
variability.  Furthermore, differences in instrumentation 
between networks can complicate the assessment of grid-
ded datasets using observations from multiple networks.  
Despite the challenges involved in assessing gridded cli-
mate datasets, studies such as this are critical sources of 
information for users.  Knowledge of the strengths and 
weaknesses of gridded climate datasets can help inform 
users as to which datasets and which variables are likely to 
be most accurate for a given application and on a given 
timescale.  Finally, users must also consider the production 
status of each gridded climate dataset: for example, 
TopoWx ended production in 2016, making it a suitable 
dataset for historical studies but not those that require data 
from more recent years. 

Although this study makes an important contribution to 
our knowledge of gridded climate dataset strengths and 
weaknesses, much work remains.  Caution is recommend-
ed when extrapolating the results of this study, since we 
examined only a small subset of available gridded climate 
datasets for a single variable within a single US state.  Fur-
ther investigation is warranted to assess whether the find-
ings of this study (e.g., propagation of NLDAS-2 tempera-
ture error to gridMET) are applicable to other datasets.  
Future efforts will expand this assessment to other da-
tasets, variables, and regions, will perform detailed process 
analysis to identify the sources of gridded estimate–
observation and estimate–estimate differences, and will 
also explore in greater detail how gridded dataset errors 
may impact agricultural and ecological applications.  This 
and future studies of gridded estimate–observation differ-
ences are likely to be of value to gridded climate dataset 
users across a range of disciplines. 
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Tൺൻඅൾ S1:  Mean difference (MD: PRISMD2 – station observation) for GHCN-D TMINd and TMAXd [°C], at eight airport (AP) sites for 

two 10-year periods, one pre-ASOS installation (1985-1994) and one post-ASOS installation (2005-2014).  The eight airport sites includ-

ed here exhibit sample size differences between the two decades of 3% or less; the remaining six airport sites exhibit sample size differ-

ences between the two decades of 20% or more and are omitted.  See Table 2 for station metadata. 

Tൺൻඅൾ S2:  Summary statistics for 2004-2018 estimated TMAXd [°C], at EW station sites: 20-station median number of days (N), mean 

difference (MD), and root-mean-square difference (RMSD).  Gridded datasets are labeled P1 (PRISMD1) and P2 (PRISMD2).  In columns 

labeled, “Lag: no”, difference in day definition between EW and PRISM is not accounted for: day n observation is compared to day n 

estimate.  In columns labeled “Lag: yes”, difference in day definition is accounted for: day n observation is compared to day n+1 esti-

mate.  

Tൺൻඅൾ S3:  Summary statistics for 2004-2018 estimated TMAXd [°C], at GHCN-D station sites: 34-station median number of days (N), 

mean difference (MD), and root-mean-square difference (RMSD).  Gridded datasets are labeled P1 (PRISMD1) and P2 (PRISMD2).  In 

columns labeled, “Lag: no”, difference in day definition between EW and PRISM is not accounted for: day n observation is compared to 

day n estimate.  In columns labeled “Lag: yes”, difference in day definition is accounted for: day n observation is compared to day n+1 

estimate.  

Station 
TMINd TMAXd 

1985-1994 2005-2014 1985-1994 2005-2014 

Alpena County Regional AP -0.16 -0.38 0.08 0.14 

Detroit Metro AP -0.17 -0.32 0.08 0.15 

Flint Bishop Intl. AP -0.15 -0.36 0.03 0.09 

Grand Rapids Gerald R Ford Intl. AP -0.25 -0.38 0.11 -0.05 

Lansing Capital City AP -0.09 -0.24 0.05 0.13 

Muskegon County AP 0.11 0.01 -0.09 -0.20 

Sault Ste Marie Sanderson Field -0.08 -0.57 0.14 0.10 

Traverse City Cherry Capital AP 0.08 -0.01 -0.05 -0.03 

Eight-station median -0.12 -0.34 0.06 0.09 

  TMAXd 
  P1 P2 
  Lag: no Lag: yes Lag: no Lag: yes 
N 5382 5381 5382 5381 

MD -0.31 -0.32 -0.41 -0.42 
RMSD 3.97 1.46 4.01 1.51 

  TMAXd 
  P1 P2 
  Lag: no Lag: yes Lag: no Lag: yes 
N 5449 5448 5449 5448 

MD -0.24 -0.24 -0.32 -0.32 
RMSD 3.05 2.18 3.16 2.17 

Tൺൻඅൾ S4:  Summary statistics for 1981-2018 estimated TMAXd [°C], at GHCN-D station sites: 34-station median number of days (N), 

mean difference (MD), and root-mean-square difference (RMSD).  Gridded datasets are labeled P1 (PRISMD1) and P2 (PRISMD2).  In 

columns labeled, “Lag: no”, difference in day definition between EW and PRISM is not accounted for: day n observation is compared to 

day n estimate.  In columns labeled “Lag: yes”, difference in day definition is accounted for: day n observation is compared to day n+1 

estimate.  
  TMAXd 
  P1 P2 
  Lag: no Lag: yes Lag: no Lag: yes 
N 13746 13745 13746 13745 

MD -0.14 -0.14 -0.27 -0.25 
RMSD 2.91 2.33 3.24 2.29 
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Tൺൻඅൾ S5: Summary statistics for (a) 2004-2018 and (b) 1981-2018 estimated TMINd and TMAXd [°C], at GHCN-D station sites 

(airports only): 14-station median number of days (N), mean difference (MD), and root-mean-square difference (RMSD).  Gridded da-

tasets are labeled P1 (PRISMD1) and P2 (PRISMD2).  In columns labeled, “GHCN-D”, daily maxima and minima are obtained directly 

from the GHCN-D database and vary in day definition from station to station and across time.  In columns labeled “ISD”, hourly obser-

vations are obtained from the hourly Integrated Surface Database (ISD), and daily maxima and minima are computed as the highest and 

lowest values during the period from 12:00 UTC day n-1 – 12:00 UTC day n.  

Tൺൻඅൾ S6: Summary statistics for 1981-2016 estimated TMINd and TMAXd [°C], with seasonal breakdown, at GHCN-D station sites: 34

-station median number of days (N), mean difference (MD), and root-mean-square difference (RMSD).  Gridded datasets are labeled P1 

(PRISMD1), P2 (PRISMD2), G (gridMET), and T (TopoWx).   Note: for TMAXd, difference in day definition between GHCN-D and 

PRISM is partially accounted for by comparing day n observation to day n+1 estimate (Section 2.5).  

(a) TMINd TMAXd 
  P1 P2 P1 P2 
  GHCN-D ISD GHCN-D ISD GHCN-D ISD GHCN-D ISD 
N 5363 5363 5363 5363 5364 5364 5364 5364 

MD 0.03 -0.31 0.09 -0.28 -0.38 0.12 -0.44 0.08 
RMSD 2.60 0.82 2.62 0.56 3.92 0.48 3.95 0.41 

  
(b) TMINd TMAXd 
  P1 P2 P1 P2 
  GHCN-D ISD GHCN-D ISD GHCN-D ISD GHCN-D ISD 
N 12862 12862 12862 12862 12863 12863 12863 12863 

MD -0.15 -0.45 0.15 -0.22 -0.22 0.27 -0.36 0.11 
RMSD 2.70 1.30 2.67 0.48 3.88 0.91 4.05 0.42 

    TMINd TMAXd 
Months P1 P2 G T P1 P2 G T 

N 

ALL 12961 12961 12961 12961 13038 13038 13038 13038 
DJF 3206 3206 3206 3206 3238 3238 3238 3238 

MAM 3268 3268 3268 3268 3286 3286 3286 3286 
JJA 3276 3276 3276 3276 3290 3290 3290 3290 

SON 3234 3234 3234 3234 3250 3250 3250 3250 

MD 

ALL -0.10 0.04 0.05 -0.08 -0.13 -0.26 0.04 0.00 
DJF -0.18 -0.08 0.02 -0.17 -0.10 -0.26 0.00 -0.03 

MAM -0.12 0.04 0.21 -0.10 -0.10 -0.28 0.19 0.07 
JJA 0.05 0.19 0.04 -0.10 -0.12 -0.23 0.07 0.07 

SON -0.05 0.07 -0.10 -0.07 -0.27 -0.38 -0.17 -0.10 

RMSD 

ALL 2.49 2.50 2.72 1.64 2.32 2.30 2.23 1.61 
DJF 2.91 3.06 3.04 1.93 2.41 2.32 2.19 1.47 

MAM 2.38 2.44 2.78 1.69 2.63 2.61 2.57 1.96 
JJA 1.63 1.58 2.27 1.36 1.80 1.71 2.08 1.44 

SON 2.55 2.57 2.46 1.60 2.36 2.31 2.15 1.49 

Tൺൻඅൾ S7: Summary statistics for 1981-2016 estimated TMINa and TMAXa [°C], at GHCN-D station sites: 34-station median number of 

years (N), mean difference (MD), and root-mean-square difference (RMSD).  Gridded datasets are labeled P1 (PRISMD1), P2 (PRISMD2), 

G (gridMET), and T (TopoWx).   

  TMINa TMAXa 
  P1 P2 G T P1 P2 G T 
N 36 36 36 36 36 36 36 36 

MD 0.19 0.44 2.59 1.04 -0.38 -0.23 -0.26 -0.94 
RMSD 1.59 1.34 3.48 1.87 0.77 0.61 1.29 1.22 
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Fං඀ඎඋൾ S1:  EW (circle) and GHCN-D (triangle) station symbols, color-coded by daily temperature mean difference (MD), for period 

2004-2016: columns: TMAXd with and without PRISM lag; rows: PRISMD1 (P1) and PRISMD2 (P2).  The minimum number of days (N) 

among both observational networks is 4223; N at individual stations is not shown.  Green arrow points to West Olive EW station site 

(E20 in Fig. 1, Table 1); next circle to northeast is the Sparta EW station site (E18 in Fig. 1, Table 1).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fං඀ඎඋൾ S2:  EW (circle) and GHCN-D (triangle) station symbols, color-coded by daily temperature root-mean-square difference 

(RMSD), for period 2004-2016: columns: TMAXd with and without PRISM lag; rows: PRISMD1 (P1) and PRISMD2 (P2).  The mini-

mum number of days (N) among both observational networks is 4223; N at individual stations is not shown.  Green arrow points to West 

Olive EW station site (E20 in Fig. 1, Table 1); next circle to northeast is the Sparta EW station site (E18 in Fig. 1, Table 1).  
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Fං඀ඎඋൾ S3:  GHCN-D station symbols, color-coded by daily 

temperature mean difference (MD), for period 1981-2016: 

columns: TMINd and TMAXd (w/ PRISM lag); rows: 

PRISMD1 (P1), PRISMD2 (P2), gridMET (G), and TopoWx (T).  

The minimum number of days (N) is 11275 for both TMINd 

and TMAXd; N at individual stations is not shown.  EW sta-

tion sites are omitted as network period of record begins in 

2004. 

Fං඀ඎඋൾ S4:  GHCN-D station symbols, color-coded by daily 

temperature root-mean-square difference (RMSD), for period 

1981-2016: columns: TMINd and TMAXd (w/ PRISM lag); 

rows: PRISMD1 (P1), PRISMD2 (P2), gridMET (G), and 

TopoWx (T).  The minimum number of days (N) is 11275 for 

both TMINd and TMAXd; N at individual stations is not 

shown.  EW station sites are omitted as network period of 

record begins in 2004. 
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Fං඀ඎඋൾ S5:  EW (circle) and GHCN-D (triangle) station sym-

bols, color-coded by daily temperature mean difference (MD), 

for period 2004-2016: columns: TMINd and TMAXd (w/ 

PRISM lag); rows: winter (December-February), spring (March

-May), summer (June-August), and autumn (September-

November); for PRISMD2 only. The minimum number of days 

(N) among both observational networks is 969 for TMINd and 

970 for TMAXd; N at individual stations is not shown.  Green 

arrow points to West Olive EW station site (E20 in Fig. 1, Table 

1); next circle to northeast is the Sparta EW station site (E18 in 

Fig. 1, Table 1). 

Fං඀ඎඋൾ S6:  EW (circle) and GHCN-D (triangle) station sym-

bols, color-coded by daily temperature root-mean-square differ-

ence (RMSD), for period 2004-2016: columns: TMINd and 

TMAXd (w/ PRISM lag); rows: winter (December-February), 

spring (March-May), summer (June-August), and autumn 

(September-November); for PRISMD2 only. The minimum num-

ber of days (N) among both observational networks is 969 for 

TMINd and 970 for TMAXd; N at individual stations is not 

shown.  Green arrow points to West Olive EW station site (E20 

in Fig. 1, Table 1); next circle to northeast is the Sparta EW 

station site (E18 in Fig. 1, Table 1). 
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Fං඀ඎඋൾ S7:  Time series of observed cumulative growing degree days (GDD) base 10 °C at East Lansing (E14 in Fig. 1, Table 1) between 

1 Mar 2010 and 30 Sep 2010 (O), computed from observed TMINd and TMAXd, with additional time series constructed by adding the 

gridded estimate–observation mean difference (MD) in Table 3 to observed TMINd and TMAXd (P1: PRISMD1; P2: PRISMD2; G: grid-

MET; T: TopoWx).  Panels (a) and (b) depict cumulative GDD and cumulative GDD relative to the observed (i.e., unadulterated) GDD, 

respectively. 
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Fං඀ඎඋൾ S8:  GHCN-D station symbols, color-coded by annual 

extreme temperature mean difference (MD), for period 1981-

2016: columns: TMINa and TMAXa; rows: PRISMD1 (P1), 

PRISMD2 (P2), gridMET (G), and TopoWx (T).  The mini-

mum number of years (N) is 30 for both TMINa and TMAXa; 

N at individual stations is not shown.  EW station sites are 

omitted as network period of record begins in 2004. 

Fං඀ඎඋൾ S9:  GHCN-D station symbols, color-coded by annual 

extreme temperature root-mean-square difference (RMSD), for 

period 1981-2016: columns: TMINa and TMAXa; rows: 

PRISMD1 (P1), PRISMD2 (P2), gridMET (G), and TopoWx 

(T).  The minimum number of years (N) is 30 for both TMINa 

and TMAXa; N at individual stations is not shown.  EW sta-

tion sites are omitted as network period of record begins in 

2004. 
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