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Abstract: In this research, based on a case study of Ukraine, we (1) examined the sensi-
tivity of heatwave (HW) climatology to input gridded data and (2) statistically compared
HW metrics (such as duration, intensity, etc.) calculated from the gridded data against
similar results derived from high-quality station time series. For the first task, we used
a mini statistical ensemble of gridded datasets of the daily maximum air temperature (TX).
The ensemble included the following: ClimUAd and E-OBS (Ukrainian and European
observation-based gridded data, respectively), reanalyzes ERA5, ERA5-Land, NOAA-
CIRES 20CR V2c and V3, and NCEP-NCAR R1. For the second task, the same gridded data
were used along with 178 quality-controlled and homogenized TX station time series from
Ukraine. HWs and their metrics were defined according to the approach summarized by
Perkins and Alexander (2013). All calculations were performed for the period 1950–2014.
Our results showed that, depending on the gridded dataset, the calculated values of HW
metrics might differ significantly. Even after averaging over the study period and the
territory of Ukraine, the ranges between the max and min values of HW metrics remain
large. For instance, the spread in HW number per year may be up to six events. However,
the differences in the trend slopes of HW metrics are less pronounced. In addition, the
comparison of HW calculations derived using gridded and station data showed that E-OBS,
ERA5, and ERA5-Land provide similar verification statistics. The evaluation statistics for
20CRV3 are worse compared to E-OBS, ERA5, and ERA5-Land, but significantly better than
for 20CRV2c and NCEP-NCAR R1. Our findings can aid in selecting gridded datasets for
calculating reliable HW climatology and, consequently, contribute to developing climate
adaptation strategies for extreme temperature events in Ukraine, its neighboring countries,
and potentially across Europe.

Keywords: heatwave; heatwave metrics; gridded climate data; sensitivity; uncertainty;
verification; Ukraine

1. Introduction
Weather/climate extreme events, such as heatwaves (HWs), are of great interest to

researchers due to their substantial, harmful effects on the environment and society [1–4].
Numerous studies have focused on calculating HW metrics and analyzing their long-term
trends at global, regional, and national scales (e.g., [3,5–9]). According to these studies,
HWs are becoming more frequent, prolonged, and severe in various parts of the world.
Moreover, climate projections indicate that these tendencies will persist throughout the
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21st century (e.g., [10–13]). Understanding and accurately quantifying these trends is
essential for assessing future climate risks and developing effective adaptation strategies.
Note that HW metrics are typically calculated based on the daily maximum (TX) and/or
minimum (TN) surface (2 m) air temperature (e.g., [1]).

The best input data for calculating HW climatology are station measurements that
are sufficiently long, quality-controlled, and homogenized. It is important to emphasize
that quality control (QC) and homogenization procedures are essential [14], as possible
errors, outliers, and breaks in station time series can significantly affect the characteristics of
extreme events and their long-term trends. However, in many regions worldwide, station
measurements are scarce, with low station density, insufficient record length, and poor data
quality. In such cases, a good (and perhaps the only) alternative is gridded datasets, such as
reanalysis products. Many studies have used different gridded data (including reanalysis)
to examine HW characteristics and climatology in specific regions [9,15–20].

Despite the wide application of gridded data, their use in the climatological analysis
of extreme temperature events presents several challenges. For instance, the spatial resolu-
tion of many gridded products is relatively coarse, which can limit their applicability in
various practical tasks, such as urban planning or mitigation strategies development for
extreme temperature phenomena in a complex terrain. In such cases, special downscal-
ing methods—either statistical or dynamical—are required to achieve the desired resolu-
tion [21,22]. Another challenge might be insufficient temporal and/or spatial coverage, as
some gridded datasets have an only regional extent, while others are restricted to specific
periods and are no longer updated. Additionally, an issue regarding the applicability of
reanalysis products for the long-term climatological analysis of the extreme events is their
potential inhomogeneity due to changes in the sets of measurements assimilated during
model simulations [23,24].

However, the most significant challenge is the ability of gridded data to accurately
reproduce the observed air temperatures, including extremes. Many studies have compared
air temperature data from various gridded products with station measurements. However,
existing reanalysis comparisons tend to focus primarily on average values [25]. Therefore,
there is still a need to compile and analyze more verification results, particularly those
related to extreme air temperatures. As stated in [25], “there is little information on the
relative accuracy and usefulness of historical temperature datasets to characterize the
behavior and change in extreme heat in different parts of the world”. For instance, in
this study, the authors compared calculations of extreme heat events performed based on
a global, gridded observation-based dataset (CHIRTS) and three reanalysis products: ERA5,
NCEP-DOE Reanalysis 2, and MERRA2. They found a very poor agreement between the
calculated extreme temperature metrics in the tropics, whereas in other regions, the metrics
were relatively similar. In [26], significant differences in the HW metrics calculated using
various datasets (including ERA5 reanalysis and observation-based gridded products such
as SILO and CPC Global Daily Temperature) were found over Australia. The authors
also observed that HW climatology depends substantially on the method/definition used
to identify the extreme events. In [27], the authors examined how the ERA5 reanalysis
data reproduced mean and extreme temperatures over Europe during 1981–2010. They
compared the reanalysis with selected station time series and the E-OBS observational
gridded data and found discrepancies in reproducing extreme temperature in several
European regions (e.g., Black Sea region and Scandinavia). A statistical comparison of the
daily extreme (TX and TN) air temperatures from three observation-based gridded products
(E-OBS, CAPPATCLIM, and ROCADA) with station measurements was conducted at the
national scale in [28]. The authors found that ROCADA data are highly suitable for climate
trend analysis, whereas E-OBS provides better results for extreme temperature analysis. The
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compatibility between ETCCDI (Expert Team on Climate Change Detection and Indices)
extreme indices derived from an observation-based dataset (HadEX3) and six reanalysis
products (20CRv3, GFSR, ERA5, JRA55, NCEP2, and MERRA2) was evaluated in [29]. The
study demonstrated the good temporal agreement between many of the reanalysis datasets
and HadEX3 across almost all temperature indices after spatial averaging over the globe.
However, the authors acknowledged a spread in the range of absolute values for most of
the indices, indicating that conclusions drawn from a single reanalysis product may either
overestimate or underestimate the magnitude of the extreme events.

When HWs are detected using gridded data such as reanalysis, a natural question
arises as follows: how accurately does the calculated climatology reflect reality? Another
important question is which of the available gridded datasets provides the most reliable
estimates of HW metrics for a given region. Obviously, addressing these questions requires
high-quality observational data. However, when such data are unavailable, it remains
important to determine the possible range of HW metrics derived from different gridded
datasets. In other words, it is important to assess how large the uncertainty is in HW
metrics that we might expect when applying different input data. In our study, we aim
to answer these questions based on the calculations performed for the spatial domain
of Ukraine.

Thus, the main objective of this research work is to evaluate, using Ukraine as a case
study, how sensitive heatwave parameters/metrics (such as frequency, intensity/amplitude,
duration, etc.) are to the input gridded datasets commonly used for calculating HW
climatology and to quantify to which extent the differences (or uncertainty) might be
expected. We also aim to compare the calculated HW metrics with similar results derived
from a newly developed, quality-controlled and homogenized collection of station time
series from Ukraine. Such a comparison can facilitate the selection of the most appropriate
gridded climate dataset for assessing heatwave climatology in various spatial domains in
Ukraine, neighboring countries, and potentially across Europe and, consequently, provide
an essential tool for the development of climate adaptation strategies for the extreme
temperature events. However, the conducted analysis will not only help improve the
accuracy of heatwave studies but also provide insights into the inherent limitations of
gridded datasets in reproducing temperature extremes.

2. Materials and Methods
2.1. Domain and Reference Station Data

Figure 1 shows the extended domain of Ukraine and its topography. However, all
calculations were strictly performed over the country’s territory, excluding the adjacent
areas. The domain is characterized by a variety of climate conditions due to the large
south-to-north extent of the territory, along with the complex terrain and the presence of
the warm Black Sea and Sea of Azov [30]. The topographic features are primarily due to the
Ukrainian part of the Carpathians and the Crimean Mountains, with elevations reaching
up to 2061 and 1545 m above sea level, respectively. The rest of the country, in contrast, is
relatively flat.

In order to achieve our objectives, high-quality reference data are necessary. For this
purpose, we utilized a dataset of 178 quality-controlled and homogenized station time
series recently developed for Ukraine [31,32]. The dataset spans the period from 1946 to
2020 (75 years) and includes daily values of the four essential climate variables: atmo-
spheric precipitation, and the minimum, mean, and maximum air temperature. The data
development followed the recommendations of the World Meteorological Organization
(WMO) [10] and involved several key steps, such as data rescue to fill missing values
in the raw time series, thorough quality control to detect and correct or remove errors,
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and relative homogenization to remove artificial station signals, which are not related to
climate. After the data rescue procedure, the quantity of missing data in each time series
was less than 5% of the total series length. The quality control was performed by means of
the well-established and widely used modern software tools INQC [33] and Climatol [34].
INQC applies an absolute approach, detecting errors within individual time series based on
physical principles, thresholds, and statistical analysis. Climatol uses a relative approach,
identifying outliers by comparing a candidate series to a reference series constructed from
neighboring stations. Multiple iterations were performed with both packages, verifying
errors against paper sources and correcting when confirmed. The Climatol software was
also used for the relative homogenization of daily station time series. To detect break
points, the software employs the standard normal homogeneity test (SNHT), which is
applied iteratively—both to the entire series and via a moving window—to minimize false
detections, as it is designed to identify only one break at a time. Detected shifts are adjusted
using an orthogonal (type II) linear regression model. To homogenize the daily station time
series, several Climatol algorithms were tested [31]. The final homogenization results [32]
were achieved using a unified collection of break points, developed based on the testing
outcomes, and previously collected metadata. Note that according to the HW definition
used in our study (see the relevant section below) only the daily maximum air temperature
data (TX) were utilized for HW calculations.
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logical stations (red bullets) used in the study.

Figure 1 illustrates the spatial locations of the 178 meteorological stations whose
TX records were used in the study. These stations constitute the basis of the modern
monitoring network of Ukraine. As shown in the figure, the stations cover the country’s
territory with a relatively high density; for instance, the average distance between the
stations is approximately 50 km.

2.2. Gridded Datasets Used for HW Metric Calculations

In our study, we utilized gridded datasets of daily maximum air temperature, which
are freely available on the Internet. It is worth noting that we selected only datasets that
cover the entire territory of Ukraine and have a temporal span of at least six decades,
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extending as close as possible to recent years. Such a time period is optimal for our analysis.
On the one hand, it is not excessively long, which helps avoid historical data of lower
quality. On the other hand, it is sufficiently long to derive a reliable HW climatology and
compute consistent trends reflecting recent climate change. Table 1 summarizes the daily
gridded datasets used in this study, with brief descriptions provided below.

Table 1. Gridded datasets used to evaluate the HW metric sensitivity/uncertainty.

# Name Temporal
Coverage

Spatial Resolution,
lon × lat Reference

1 ClimUAd 1946–2020 0.1◦ × 0.1◦ [32,35]
2 E-OBS 1950 to present 0.1◦ × 0.1◦ [36]
3 ERA5 1940 to present 0.25◦ × 0.25◦ [37]
4 ERA5-Land 1950 to present 0.1◦ × 0.1◦ [38]
5 20CRV2c 1850–2014 2◦ × 2◦ [39]
6 20CRV3 1806–2015 1◦ × 1◦ [39,40]
7 NCEP-NCAR R1 1948 to present 2.5◦ × 2.5◦ [41]

(1) ClimUAd observation-based daily gridded data of Ukraine [32,35]. The quality-
controlled and homogenized station data presented above were used to generate gridded
time series with a spatial resolution of 0.1◦ in both longitude and latitude. The gridding
was conducted using the MISH software [42], which is widely applied in climatological
researches. The time coverage matches that of the corresponding station series, spanning
1946–2020. The data are freely available for download from the data repository of the
Ukrainian Hydrometeorological Institute (https://uhmi.org.ua/eng/data_repo/; accessed
on 30 November 2024).

(2) E-OBS v28.0 (E-OBS) observational-based daily gridded data for Europe [36]. The
E-OBS dataset is based on the European Climate Assessment & Dataset (ECA&D) collec-
tion of station series and is provided as ensemble data (comprising ensemble mean and
20 members) at spatial resolutions of 0.1◦ × 0.1◦ and 0.25◦ × 0.25◦. In our analysis, only
the ensemble mean data at a 0.1◦ resolution were used. The dataset covers the period from
1950 to the present. The E-OBS TX dataset was obtained from the Copernicus Climate Data
Store (CDS) (https://cds.climate.copernicus.eu; accessed on 30 November 2024).

(3) ERA5 single-level (ERA5) 2 m air temperature data [37]. ERA5 is the latest
(fifth generation) global reanalysis product created by the European Center for Medium-
Range Weather Forecast (ECMWF). The spatial resolution of the ERA5 single-level reanaly-
sis data is 0.25◦ × 0.25◦ (longitude and latitude), with the temporal resolution of 1 h. Since
HW metrics in our study are calculated based on TX daily data, the hourly air temperatures
were converted to daily maximum values using the CDO software [43]. This conversion
was performed by extracting the maximum value from twenty-four hourly records for
each day. The ERA5 data cover the period from January 1940 to the present and they were
obtained from the Copernicus CDS.

(4) ERA5-Land 2 m air temperature data [38]. ERA5-Land is a refined version of the
ERA5 global reanalysis, specifically designed for land surface applications. The spatial
resolution of the data is 0.1◦ × 0.1◦ (longitude and latitude), while the temporal resolution
is the same as in ERA5 (1 h). The conversion of the hourly ERA5-Land temperature data
to daily maximum values was performed in a similar manner to the conversion for the
ERA5 single-level data. The temporal coverage of ERA5-Land is from January 1950 to the
present. Similarly to E-OBS and ERA5, the ERA5-Land TX dataset was downloaded from
the Copernicus CDS.

(5) NOAA-CIRES 20th Century Reanalysis V2c (20CRV2c) [39]. 20CRV2c is global
reanalysis data developed in the frame of the Twentieth Century Reanalysis Project (20CR),

https://uhmi.org.ua/eng/data_repo/
https://cds.climate.copernicus.eu


Atmosphere 2025, 16, 289 6 of 18

an international effort led by the Physical Sciences Laboratory (PSL) of the National Oceanic
and Atmospheric Administration (NOAA) and the Cooperative Institute for Research in
Environmental Sciences (CIRES) at the University of Colorado. The V2c version of this
dataset has a spatial resolution of 2◦ × 2◦ and covers the period from 1850 to 2014. The
20CRV2c daily maximum air temperature data are provided by the NOAA PSL and they
were downloaded from their website (https://psl.noaa.gov/data/gridded/data.20thC_
ReanV2c.html; accessed on 30 November 2024).

(6) NOAA-CIRES-DOE 20th Century Reanalysis V3 (20CRV3) [39,40]. 20CRV3 is the
latest version of the global reanalysis data developed as a part of the 20CR project. This
version features a refined spatial resolution of 1◦ × 1◦ and the extended temporal coverage
from 1836 to 2015, with an additional experimental extension for the period 1806–1835.
The 20CRV3 reanalysis daily TX data are provided by the NOAA PSL and they were
downloaded from their website (https://psl.noaa.gov/data/gridded/data.20thC_ReanV3
.html; accessed on 30 November 2024).

(7) NCEP-NCAR Reanalysis 1 (NCEP-NCAR R1) [41]. The NCEP-NCAR R1 is a global
gridded dataset developed by the National Centers for Environmental Prediction (NCEP)
and the National Center for Atmospheric Research (NCAR). The dataset has a spatial
resolution of 2.5◦ × 2.5◦ and covers the period from 1948 to the present. The NCEP-NCAR
R1 daily maximum temperature data are provided by the NOAA PSL and they were
downloaded from their website (https://psl.noaa.gov/data/gridded/data.ncep.reanalysis.
html; accessed on 30 November 2024). It is worth noting that in the downloaded data files
of two reanalyzes, 20CRV2c and NCEP-NCAR R1, the spatial resolution is slightly finer
(~1.875◦ × 1.905◦) compared to what is declared on the download webpages.

Most of the gridded products used in this study are regularly updated, with the excep-
tion of the two versions of the 20CR global data and ClimUAd. The latter is planned to be
updated at least once every several years. The usage of 20CRV2c and 20CRV3 is important
despite their relatively coarse spatial resolutions (2◦ × 2◦ and 1◦ × 1◦, respectively) and
the fact that they are no longer updated. Based on their statistical comparison with real
measurements for a modern period, it will be possible also to assess approximately their
applicability for studying HWs over Ukraine or similar European regions during the XIX
century (starting from 1806/1850).

As shown in Table 1, the overlapping period with available TX records across all
datasets is 1950–2014 (65 years). Consequently, all HW calculations were performed for this
period. In addition, the datasets differ in spatial resolution. To facilitate further calculations
and enable mutual comparison, we selected a regular longitude–latitude 0.1◦ × 0.1◦ grid
(used in ClimUAd and ERA5-Land) as a target one. All other datasets were remapped to
this grid using the CDO software with a bilinear interpolation algorithm. It is worth noting
that the E-OBS data also have a spatial resolution of 0.1◦ × 0.1◦, but their grid is slightly
spatially shifted compared to ClimUAd and ERA5-Land (by ~0.05◦ along the longitude
and latitude). Consequently, the CDO bilinear remapping was applied to E-OBS as well.
We believe that such a remapping does not significantly distort the original gridded data.

Finally, all seven datasets—original (ClimUAd and ERA5-Land) and remapped (E-
OBS, ERA5, 20CRV2c, 20CRV3, and NCEP-NCAR R1)—were combined to create a mini
statistical ensemble of different realizations of the TX variable. Using this ensemble, HW
metrics were calculated for each grid point within the territory of Ukraine and for each
individual member of the ensemble.

2.3. Heatwave Calculation Methodology

There are many different approaches to defining (or detecting) HW events and, con-
sequently, to quantifying their peculiarities (e.g., [44–47]). In our study, we adopted the

https://psl.noaa.gov/data/gridded/data.20thC_ReanV2c.html
https://psl.noaa.gov/data/gridded/data.20thC_ReanV2c.html
https://psl.noaa.gov/data/gridded/data.20thC_ReanV3.html
https://psl.noaa.gov/data/gridded/data.20thC_ReanV3.html
https://psl.noaa.gov/data/gridded/data.ncep.reanalysis.html
https://psl.noaa.gov/data/gridded/data.ncep.reanalysis.html
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methodology summarized by Perkins and Alexander [1], which is frequently utilized in
climatological studies. This methodology typically involves the use of both the daily mini-
mum (TN) and maximum (TX) air temperatures in HW calculations. However, given the
objectives of our study, the use of TX data alone is entirely sufficient. The methodology is
generally based on applying a relative threshold (which varies by geographical location) for
air temperature and identifying instances when the temperature exceeds this threshold. The
threshold is calculated for each calendar day of a year by applying a 15-day window (7 days
before and 7 days after the given day). This used approach allows us to detect periods with
significantly abnormal, positive temperature anomalies throughout the entire year.

Thus, following [1], we define a heatwave as an event when TX exceeds the
90-th percentile threshold (calculated based on the WMO standard 1961–1990 reference
period) for at least three consecutive days, allowing for a one-day gap. Perkins and Alexan-
der [1] recommend considering several HW metrics/aspects calculated on a yearly basis,
namely the following: heatwave number (HWN), heatwave duration (HWD), heatwave
frequency (HWF), heatwave amplitude (HWA), and heatwave magnitude (HWM). In our
study, we used the first four metrics. HWN refers to the yearly number of the observed
heatwave episodes, with units in [events]; HWD represents the length of the longest yearly
HW event, measured in [days]; HWF denotes the yearly sum of heatwave days, measured
in [days]; and HWA is a maximum intensity of the hottest yearly event, measured in [◦C].
Note that HW intensity is defined as the difference between TX and the corresponding
value of the climatological seasonal cycle. All calculations of HW metrics were performed
using the R package heatwaveR [48]. Figure 2 illustrates a simple example of calculated
HW metrics for one of the Ukrainian stations for 1946.
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Figure 2. The graphical illustration of HW metric calculations for one of the Ukrainian meteorological
stations (Sumy, WMO ID 33275) for 1946. Temperature is TX, Climatology is defined for each day of
a year based on 1961–1990 with a 15-day window, and Threshold is 90th percentile defined similarly
to Climatology. For this example, the following values for the metrics were determined as follows:
HWN = 3 [events] (the HWs are denoted in pink and red colors); HWD = 12 [days] (the longest HW
is marked in red); HWF = 23 (6 + 3 + 12) [days]; and HWA = 17 [◦C].

2.4. Quantification of the Sensitivity of HW Metrics to Input Gridded Datasets and Their
Comparison with Station-Based Calculations

The sensitivity of HW metrics to the input datasets results in a range (or spread) of
metric values calculated for each year and grid point. Any statistical metric characterizing
the width of this range can be considered as a measure of sensitivity or, more broadly,
a measure of the uncertainty originating from the choice of the input gridded data. For
example, Figure 3a illustrates the yearly time series of one HW metric (HWN) calculated
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for each member of the created statistical ensemble at a selected grid point located in
a relatively flat area of the domain (in the south-eastern part of Ukraine). Additionally, linear
trends for each HWN time series, calculated using Sen’s approach [49]—a nonparametric
and robust method resistant to gross errors/outliers—are also shown. To quantify the
spread of HWN values (and hence the uncertainty of the metrics) for each year of the
period, we calculate the ranges between the maximum and minimum values of the HW
metric (Max–Min). Such ranges, along with the ensemble mean time series of the HWN
metric, are presented in Figure 3b, which corresponds to the same grid point as Figure 3a.
Due to the yearly variations in the Max–Min values, which are clearly seen in Figure 3b,
it is more convenient to use in the analysis their mean value, averaged over the entire
period. A similar Max–Min range is also calculated for the slopes of the linear trends
(no additional averaging is performed in this case). Thus, the Max–Min (averaged over
time for HW metrics and unaveraged for trend slopes) serves as the primary variable
in our study to quantify the sensitivity or uncertainty associated with the input gridded
data. It is important to note that this method does not use HW calculations derived from
station time series, which are typically considered as reference results. Consequently,
such a sensitivity or uncertainty quantification can be regarded as absolute (not tied to
reference measurements) and is applicable in regions where high-quality observational
data are lacking.

Atmosphere 2025, 16, x FOR PEER REVIEW 8 of 19 
 

 

2.4. Quantification of the Sensitivity of HW Metrics to Input Gridded Datasets and Their Com-

parison with Station-Based Calculations 

The sensitivity of HW metrics to the input datasets results in a range (or spread) of 

metric values calculated for each year and grid point. Any statistical metric characterizing 

the width of this range can be considered as a measure of sensitivity or, more broadly, a 

measure of the uncertainty originating from the choice of the input gridded data. For ex-

ample, Figure 3a illustrates the yearly time series of one HW metric (HWN) calculated for 

each member of the created statistical ensemble at a selected grid point located in a rela-

tively flat area of the domain (in the south-eastern part of Ukraine). Additionally, linear 

trends for each HWN time series, calculated using Sen’s approach [49]—a nonparametric 

and robust method resistant to gross errors/outliers—are also shown. To quantify the 

spread of HWN values (and hence the uncertainty of the metrics) for each year of the 

period, we calculate the ranges between the maximum and minimum values of the HW 

metric (Max–Min). Such ranges, along with the ensemble mean time series of the HWN 

metric, are presented in Figure 3b, which corresponds to the same grid point as Figure 3a. 

Due to the yearly variations in the Max–Min values, which are clearly seen in Figure 3b, it 

is more convenient to use in the analysis their mean value, averaged over the entire pe-

riod. A similar Max–Min range is also calculated for the slopes of the linear trends (no 

additional averaging is performed in this case). Thus, the Max–Min (averaged over time 

for HW metrics and unaveraged for trend slopes) serves as the primary variable in our 

study to quantify the sensitivity or uncertainty associated with the input gridded data. It 

is important to note that this method does not use HW calculations derived from station 

time series, which are typically considered as reference results. Consequently, such a sen-

sitivity or uncertainty quantification can be regarded as absolute (not tied to reference 

measurements) and is applicable in regions where high-quality observational data are 

lacking. 

 

Figure 3. (a) Time series of the HWN (black) and corresponding linear trends (red) calculated for all 

members of the created statistical ensemble for a selected grid point with geographical coordinate 

Figure 3. (a) Time series of the HWN (black) and corresponding linear trends (red) calculated for all
members of the created statistical ensemble for a selected grid point with geographical coordinate
(31.5◦ E; 47.5◦ N); (b) the ensemble mean of the calculated HWN time series (solid line) and Max–Min
range (shaded area) for the same grid point.

The second approach, aligned with the research goals, aims to compare HW metrics
calculated from the gridded datasets with corresponding results obtained from the reference
station series. To facilitate statistical comparison, the gridded data were additionally
interpolated to the station locations using the nearest neighbor method. The relatively high
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spatial resolution of all gridded datasets (0.1◦ × 0.1◦, approximately 10 km in both longitude
and latitude) minimizes interpolation errors. The comparison involved calculating several
statistical verification indices: mean error (BIAS), root mean square error (RMSE), Pearson’s
correlation coefficient (R), and the difference between the trend slopes derived from station
and gridded data (TrD). The formulas for the first three indices are well established and can
be found, for instance, in [50]. The formula for TrD is evident from its introduction above.
The verification indices were computed for each HW metric, each gridded dataset, and
each climate station. The results were then aggregated into box plots to illustrate statistical
distributions of the verification indices.

3. Results and Discussion
3.1. Absolute HW Metrics Sensitivity/Uncertainty Quantification

The spatial distribution of the Max–Min ranges, calculated for the HW metrics and
averaged over 1950–2014, is shown in Figure 4, while their aggregated representations as
box plots are presented in Figure 5. Similar results for the slopes of Sen’s linear trends,
identified in the yearly time series of the HW metrics, are displayed in Figures 6 and 7.
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As shown in Figure 4, the spatial distribution patterns of the Max–Min values over
Ukraine are relatively homogeneous for all four HW metrics. The only region with sub-
stantially higher Max–Min values is the Crimea Peninsula. Additionally, the Carpathian
Mountains and the area closest to the coastline also exhibit a slightly greater variability in
HW metrics derived from the different gridded datasets. This is likely due to the influence
of complex topography and/or the presence of large water bodies. The original spatial reso-
lution of some gridded datasets (e.g., 20CRV2c, 20CRV3, and NCEP-NCAR R1) is relatively
coarse, which makes it challenging for these datasets to capture the fine spatial structure
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of the temperature field, including its extreme values, in such regions. This limitation is
reflected in the calculated HW metric and, consequently, in their Max–Min ranges.
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Atmosphere 2025, 16, x FOR PEER REVIEW 10 of 19 
 

 

 

Figure 5. Box plots summarizing statistical distributions of the averaged over 1950–2014 Max–Min 

values of the HW metrics calculated over Ukraine. 

 

Figure 6. A spatial distribution of the Max–Min ranges of the HW metric trend slopes. The trends 

were determined for the period 1950–2014. 

 

Figure 7. Box plots summarizing statistical distributions of the Max–Min values of the HW metric 

trend slopes calculated over Ukraine. The trends were determined for the period 1950–2014. 

Figure 6. A spatial distribution of the Max–Min ranges of the HW metric trend slopes. The trends
were determined for the period 1950–2014.

It is also worth noting that, starting from the mid-1980s, the variability of HW metrics
calculated from different input gridded datasets began to increase substantially in the
Crimea Peninsula, with the largest contribution from NCEP-NCAR R1. This reanalysis
significantly overestimates (compared to other datasets) two HW metrics, HWD and
HWF, and underestimates HWA. Across the entire country, the main contributors to the
spread of HW metric values are reanalyzes with the coarsest spatial resolution, namely
20CRV2c, 20CRV3, and NCEP-NCAR R1. Time series of three HW metrics (HWN, HWD,
and HWF) derived from these reanalyzes exhibit significantly greater temporal variability
than those from other gridded datasets. These reanalyzes produce both the highest and
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lowest metric values in most years of the study period. As mentioned above, the largest
variability is observed in the southern part of Ukraine, particularly on the Crimea Peninsula,
and during the last 30 years of the 1950–2014 period. However, HWA follows a slightly
different pattern. In this case, 20CRV3 (and 20CRV2c from the mid-1980s onward) shows an
underestimation (cold bias) compared to other datasets. This finding aligns with the results
of (Figure S13 in [29]), where a similar underestimation was observed on a global scale for
the ETCCDI index TXx (annual maximum of the daily maximum air temperature; closely
related to HWA) derived from the same reanalysis. The tipping point observed in the
mid-1980s in HW metric time series calculated from 20CRV2c, 20CRV3, and NCEP-NCAR
R1 is likely attributed to changes in data sources and assimilation techniques used in these
reanalyzes [39,41].
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Figure 7. Box plots summarizing statistical distributions of the Max–Min values of the HW metric
trend slopes calculated over Ukraine. The trends were determined for the period 1950–2014.

Overall, as indicated by the box plots in Figure 5, the ranges of Max–Min values for
HW metrics over Ukraine are as follows: HWN (3.1; 5.8) with a mean value of 3.7 [events];
HWD (4.9; 12.6) with a mean of 6.0 [days]; HWF (15.8; 42.1) with a mean of 19.1 [days];
and HWA (3.0; 8.6) with a mean of 3.9 [◦C]. These results suggest that, even after time
averaging Max–Min values over the study period (1950–2014), the sensitivity of HW metrics
to the input gridded data remains relatively high. In terms of HW climatology uncertainty
arising from the input gridded datasets, these findings indicate a considerable variability.
For example, the number of detected HW episodes may differ by approximately four
events depending on the gridded dataset used, while the total duration of HWs and the
duration of the most intense HWs may vary by 19 and 6 days, respectively. Regarding
HW amplitude, TX deviations from the climatological annual cycle during HW events
could differ by approximately 4 ◦C. Such significant differences should be kept in mind
when evaluating and quantifying consequences of past HW events based on different
gridded datasets, particularly in sectors like the economy or public health. Based on these
results, we recommend, similar to [25], that in the absence of reliable station measurements
needed for verification purposes, HW climatology calculations should incorporate sev-
eral gridded products. This approach can help assess the climatology uncertainty and
provide insights into the inherent limitations of gridded datasets in reproducing the air
temperature extremes.

As demonstrated in Figure 6, the spatial distributions of Max–Min ranges for the
trend slopes of HW metrics are similar to those in Figure 4. However, the influence of the
Carpathian Mountains on trend slope variations is less pronounced compared to the HW
metrics themselves. Additionally, relatively larger variability in Max–Min values for HWA
trends is observed in the pre-Carpathian region (western Ukraine). Overall, the ranges
of Max–Min values for the HW metrics trends across Ukraine are as follows (Figure 5):
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HWN (0.1; 2.0) with a mean value of 0.6 [events/decade]; HWD (0.1; 4.2) with a mean
of 0.7 [days/decade]; HWF (0.9; 16.2) with a mean of 2.9 [days/decade]; HWA (0.1; 0.8)
with a mean of 0.3 [◦C/decade]. These findings indicate that when using different input
gridded datasets, the estimated regular changes of HWN may differ by approximately 0.6
[events/decade]. Similarly, trend slope estimates for HWD, HWF and HWA may vary by
about 0.7 [days/decade], 2.9 [days/decade] and 0.3 [◦C/decade], respectively.

The quantitative evaluation of the uncertainty of HW metrics and their trends shows
that the variability in HW metric trend slopes (their sensitivity to input datasets) is slightly
lower compared to the metrics themselves. Such reduced variability in trends likely
indicates that the time series of HW metrics derived from different gridded data should
be coherent, showing relatively consistent over- or underestimation of each other over
time. This conclusion (regarding HWA) aligns with the findings obtained in [29], where
the authors indicated that while there is sometimes a large spread in the absolute values of
ITCCDI temperature indices derived from different reanalysis products, their long-term
trends are in agreement.

3.2. Verification of HW Metrics Against the Reference Station Data

Figure 8 presents box plots of the verification statistics, illustrating compatibility
between the HW climatology calculated from gridded datasets and reference station data.
The statistics were calculated on a station basis and then aggregated into box plots for
each HW metric. The average values of these statistics, calculated across all stations, are
summarized in Table 2. Generally, as shown in Figure 8, all HW metrics exhibit similar
patterns in the distribution of the verification statistics. The best verification results were
obtained from ClimUAd. However, this is not surprising, as the same station time series
were used both to create ClimUAd and to conduct an evaluation study. The E-OBS, ERA5,
and ERA5-Land gridded datasets show comparable verification results for all HW metrics.
For example, for HWN, the calculated statistics—BIAS, RMSE, Pearson’s R, and TrD—are
close to 0.0 [events], 1.7 [events], 0.9, and 0.0 [events/decade], respectively, across all
three datasets. Similar verification results are observed for the other HW metrics (Table 2).
This indicates that any of these datasets can be used to study HW climatology in Ukraine,
neighboring countries, and potentially in other European domains with a similar-to-Ukraine
climate and terrain features with comparable accuracy.

However, it is worth noting that E-OBS, as an observation-based gridded dataset,
may produce completely different evaluation results when applied to other European
domains. The accuracy of E-OBS depends heavily on station data used for gridding
(e.g., the number of stations, percentage of missing values, and overall data quality), which
can vary significantly across regions. Consequently, in other domains, verification results
for this dataset could be better, potentially approaching the performance of ClimUAd
observed in our study.

The verification statistics for 20CRV3 are less favorable than those for the E-OBS,
ERA5, and ERA5-Land datasets but are significantly better than those for the 20CRV2c and
NCEP-NCAR R1 reanalysis. For example, for HWN, the mean values of the verification
statistics—BIAS, RMSE, Pearson’s R, and TrD—are approximately 0.0 [events], 1.9 [events],
0.8, and 0.0 [events/decade], respectively. Thus, the 20CRV3 dataset is suitable for study-
ing HW climatology in past historical periods (e.g., 19th and early 20th centuries) with
reasonable accuracy.
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Figure 8. Statistical evaluation of the HW metrics and their linear trends calculated using the gridded
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ClimUAd (1); E-OBS (2); ERA5 (3); ERA5-Land (4); 20CRV2c (5); 20CRV3 (6); NCEP-NCAR R1 (7).
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Table 2. Verification statistics (averaged values over all stations). The BIAS and RMSE are mea-
sured in the same units as the HW metric, R Pearson is dimensionless, and TrD is measured in
[HW metric]/decade.

HW
Metric

Verification
Statistic

Dataset

ClimUAd E-OBS ERA5 ERA5-Land 20CRV2c 20CRV3 NCEP-NCAR R1

HWN,
[events]

BIAS 0.16 0.26 0.25 0.05 −0.29 0.07 0.49
RMSE 0.92 1.64 1.63 1.64 2.44 1.85 2.61

R Pearson 0.95 0.85 0.86 0.84 0.68 0.80 0.66
TrD 0.02 0.03 0.14 −0.05 −0.26 −0.03 0.20

HWD,
[days]

BIAS 0.23 0.58 0.50 0.53 0.83 1.11 1.86
RMSE 1.62 2.83 2.89 2.97 4.63 3.89 5.22

R Pearson 0.93 0.81 0.82 0.80 0.61 0.71 0.62
TrD 0.04 0.06 0.16 0.02 −0.27 0.08 0.26

HWF,
[days]

BIAS 1.12 2.45 2.24 1.18 1.49 2.87 5.76
RMSE 4.04 8.52 8.21 7.60 13.08 9.82 15.81

R Pearson 0.97 0.91 0.92 0.91 0.78 0.88 0.77
TrD 0.17 0.39 0.99 −0.14 −1.37 0.16 1.56

HWA,
[◦C]

BIAS −0.19 −0.64 −0.55 −1.13 −1.98 −2.29 −1.14
RMSE 0.97 1.95 1.89 2.25 3.41 3.20 3.25

R Pearson 0.93 0.80 0.81 0.77 0.56 0.68 0.49
TrD −0.01 −0.05 0.03 −0.10 −0.26 −0.16 0.00

It is interesting to note that all datasets showed an average overestimation of HWN,
HWD, and HWF compared to the station data, with the only exception of HWN derived
from 20CRV2c. Unfortunately, we have not found scientific publications that compare
reanalysis-based HWN, HWD, and HWF to corresponding station calculations and report
similar biases. A likely reason for the overestimation can be the relatively coarse spatial
resolution of the gridded datasets, which can lead to spatial smoothing of temperature
extremes. This can artificially extend the duration and frequency of heatwaves since
localized cooling effects are not well captured. Additionally, the applied HW definition
relies on TX 90-th percentile thresholds, which are calculated based on the 1961–1990
reference period using data from the same dataset serving as input. Differences in these
thresholds may contribute to variations in the calculated metrics, potentially leading to
an overestimation of the number, duration, and frequency of heatwaves. Further research
is needed to identify the calculation factors responsible for these discrepancies.

While HWN, HWD, and HWF are generally overestimated, all datasets exhibited
a cold bias for HWA, indicating an underestimation of heatwave intensity. The largest
average cold biases for HWA were calculated based on 20CRV3 and 20CRV2c: −2.23 and
−1.98 ◦C, respectively. ERA5-Land underestimated HWA with almost the same bias as
NCEP-NCAR R1 (−1.13 ◦C), whereas ERA5 showed a better agreement with station data
(−0.55 ◦C), comparable with the observation-based gridded datasets (ClimUAd and E-
OBS). These results are consistent with findings reported in [25,29], where the authors
compared TX (or TXx) derived from reanalysis products (including ERA5 and 20CRV3)
with observation-based data on a global scale and found a significant underestimation of
the maximum air temperature, particularly in mountainous regions [25].

The calculated average values of RMSE for all HW metrics revealed substantially
larger scatter errors in metrics derived from reanalyzes with the coarsest spatial resolution
(20CRV2c and NCEP-NCAR R1) compared to other datasets. While 20CRV3 exhibited
a smaller RMSE than 20CRV2c and NCEP-NCAR R1, it still showed significantly larger
errors compared to ClimUAd, E-OBS, ERA5, and ERA5-Land. These findings support the
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previously stated conclusion regarding the greater variability of HW metric time series
calculated from the reanalyzes with the coarse resolution. Similar conclusions hold for
the Pearson correlation between HW metrics derived from the gridded data and station
measurements. The weakest correlation was found for 20CRV2c and NCEP-NCAR R1
for all HW metrics. Notably, the average Pearson correlation coefficients calculated for
HWA from ERA5 and 20CRV3 are comparable to the results obtained in [29], where
a similar correlation between TXx values derived from the same reanalysis and HadEX3
was evaluated at a global scale. The authors found that the globally averaged correlation
is 0,64 and 0.62 for ERA5 and 20CRV3, respectively, whereas for Ukraine we obtained
0.81 and 0.68. The differences may partly stem from variations in metric/index definitions
or from differences in spatial domains and temporal periods used in the averaging.

It is important to emphasize that the findings of this study are based on a limited
geographical domain. However, this limitation is unavoidable, as we completely rely on
the available verification data. At the same time, Ukraine is a relatively large country—the
second largest in Europe—encompassing a diverse range of climate conditions and
terrain features [30]. Its geography includes warm seas, mountain ranges, and even
a desert. Given this diversity, we believe that the conclusions drawn from this study can be
extended to other European regions, particularly to neighboring countries and areas with
similar climatic conditions, such as Central and Eastern Europe. The indirect comparison
performed above supports this conclusion. However, unfortunately, we have not found
studies that report similar verification statistics for the HW metrics in other European
regions, which could directly support the broader applicability of our results.

4. Conclusions
In this research, based on a case study of Ukraine, we examined the sensitivity of HW

climatology to input gridded datasets commonly used in climate research. To achieve this,
we created a mini statistical ensemble of gridded daily data, comprising seven different
realizations of the TX variable for Ukraine. The approach, summarized by Perkins and
Alexander [1], was applied to determine the yearly time series of four heatwave metrics,
HWN, HWD, HWF, and HWA, for the period 1950–2014. The uncertainty of HW clima-
tology was quantified by calculating the intervals between the minimum and maximum
values of the metrics (Max–Min ranges) derived from the different gridded datasets.

The average Max–Min intervals, computed over time (1950–2014) and space (Ukraine),
were as follows: HWN 3.7 [events], HWD 6.0 [days], HWF 19.1 [days], and HWA 3.9 [◦C],
indicating a notable level of uncertainty in HW metrics. Geophysical terrain features,
such as mountainous regions and large water bodies, were found to amplify the metric
spreads. Additionally, similar Max–Min ranges were calculated for the slopes of Sen’s
linear trends in HW metric time series. However, the sensitivity of the trends to gridded
datasets was notably lower compared to the sensitivity of the HW metrics themselves. The
Max–Min intervals for the trends, averaged over time (1950–2014) and space (Ukraine),
were determined as follows: HWN 0.6 [events/decade], HWD 0.7 [days/decade], HWF
2.9 [days/decade], and HWA 0.3 [◦C/decade]. Our findings suggest that in the case of
the absence of reliable station measurements needed for verification, HW climatology
calculations should involve several gridded products. This approach can facilitate the
evaluation of the climatology uncertainty and provide insights into the inherent limitations
of gridded datasets in reproducing the air temperature extremes.

The HW metrics and their trends calculated from the gridded datasets were also
compared with those derived from high-quality station time series recently developed for
Ukraine. Several statistical metrics were employed to assess the compatibility between the
gridded and station-based HW calculations. The best estimates of HW climatology were
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obtained from ClimUAd, which is unsurprising given that ClimUAd was developed using
the same collection of station series that were used for the verification study. The E-OBS,
ERA5 and ERA5-Land gridded data demonstrated similar verification statistics, indicating
that any of these datasets can be used to study HW climatology with comparable accuracy.
In contrast, the verification statistics for 20CRV3 were worse than those for E-OBS, ERA5
and ERA5-Land but significantly better than for 20CRV2c and NCEP-NCAR R1 reanalysis.
Consequently, 20CRV3 is more suitable for defining HW climatology in historical periods,
particularly for the 19th and early 20th centuries.

Unfortunately, we have not found previously published studies which can be used
for a direct comparison of our results. The number of publications verifying HW metrics
(HWN, HWD, HWF, and HWA) derived from gridded datasets, including reanalysis, is
rather limited. However, some indirect comparisons indicated consistency with several
studies that have evaluated extreme air temperatures derived from various reanalysis
products against observation-based data, supporting the potential ability to extend the
findings beyond Ukraine.

Reliable HW climatology is vitally important for climate risk assessment and the
development of mitigation measures and strategies for extreme temperature events. By
comparing HW metrics derived from gridded data with calculations from high-quality
station time series, the research underlines the need for careful dataset selection in climate
studies. By identifying the most appropriate datasets for HW assessment in Ukraine
(which can be extended for other spatial domains, at least, for neighboring countries and
potentially across Europe), this work contributes to improving the accuracy of climate
research and supports better-informed adaptation and mitigation strategies in the face of
growing climate extremes.
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