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Abstract.  15 

Severe heat waves lasting for weeks and expanding over hundreds of kilometres in horizontal scale have many harmful impacts 

on health, ecosystems, societies, and economy. Under the ongoing climate change heat waves are becoming even longer and 

hotter, and as proactive adaptation, the development of early warning services is essential.  

 

Weather forecasts in extended range (2 weeks to 1 month) tend to indicate a higher skill in predicting warm extremes than 20 

average temperature events in Europe. We verified hindcasts of the European Centre for Medium-Range Weather Forecasts 

(ECMWF) in forecasting heat wave days, here defined asi.e., periods with the 5-day mean temperature being above its 90th 

percentile. The verification was done in 5° × 2° resolution over Europe, based on the forecast week (1 to 4 weeks). In the fi rst 

forecast week, it is evident that across Europe, the accuracy of ECMWF heat wave forecasts surpasses that of a mere 

climatological forecast. Even into the second week, in many places in Europe, the ECMWF forecasts prove to be more reliable 25 

than their statistical counterparts. However, if we extend the forecast lead time to 3-4 weeks, predictability begins to lower to 

such a level that it can no longer be said, with the exception of Southeastern Europe, that the forecasts in general were 

statistically significantly better than the statistical forecast. Nonetheless, persistence of intense and prolonged heat waves 

during the third forecast weeks  appear seem to have a higher-than-average level of predictability even at a 3-week lead time, 

offering early warning services an indication of the potential duration of an ongoing heat wave. . 30 
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1 Introduction 

The severest heat waves in Europe since the 1950s have lasted from several weeks to even longer than a month, with horizontal 

spatial ranges exceeding several hundred kilometres, even 1000 km (Russo et al. 2015). In recent decades the number of 

extreme heat waves over Europe and across the Northern Hemisphere has increased and in the future, due to the ongoing 

climate change, heat waves are expected to become even more common and intense (IPCC, 2021; Russo et al. 2014; Coumou 35 

and Rahmstorf, 2012; Kim et al. 2018, Vogel et al. 2020, Ruosteenoja and Jylhä, 2023).  

 

Prolonged heat waves have negative impacts on, e.g., human health and wellbeing (Arsad et al. 2022; Guo et al. 2017), 

particularly so in urban areas ( Ruuhela et al. 2021; Gasparrini et al. 2022, Kivimäki et al. 2023); labour productivity 

(Kjellstrom et al. 2009; Dunne et al. 2013; Orlov et al. 2019); energy and water resources (Añel et al. 2017; Hatvani-Kovacs 40 

et al. 2016; van Vliet 2023); transport systems (Mulholland & Feyen, 2021), wildfire safety (Rossiello and Szema, 2019; 

Ruffault et al., 2020);  agriculture (Heino et al. 2023; Vogel et al. 2019), and livestock (Ahmed et al. 2022, ; Morignat et al. 

2014). During heat waves, apartments lacking air conditioning gradually begin to overheat, which exacerbates heat stress 

(Velashjerdi Farahani et al. 2021; Velashjerdi Farahani et al. 2023; Velashjerdi Farahani et al. 2024a).  In Northern Europe 

apartments are typically not equipped with mechanical cooling systems.  In a Finnish study, heating of buildings has been 45 

observed to take 5-6 days, during which the thermal mass of the building was able to slow down the indoor temperature rise 

(Velashjerdi Farahani 2024a). Prolonged and intensive heat waves occurring over a wide area can lead to significant, and 

potentially catastrophic, impacts on public health. In Europe, the 2003 heat wave has been estimated to have resulted in over 

70 000 (Robine et al. 2008) and the 2022 heat wave in over 60 000 (Ballester et al. 2023) heat-related deaths. As climate 

change progresses, severe health effects of heat waves are expected to further increase (Guo et al. 2018). 50 

 

Heat stress and dehydration can lead to mild or severe heat illnesses and exacerbate symptoms of chronic illnesses (Ebi et al. 

2021). Vulnerable population groups include the elderly, chronically ill people, infants and small children, pregnant women, 

and those working in hot environments.  

 55 

Heat waves are particularly harmful to health when heat exposure lasts for several days or weeks. The urban microenvironment, 

including factors such as the green view index, floor area ratio (the ratio of a building's total floor area to the total area of the 

land upon which it is built), and distance from the sea, influence indoor temperatures in buildings to some extent especially 

during short heat waves (Kravchenko et al. 2023). 

 60 

While it is crucial to mitigate the ongoing climate change and alleviate the tendency towards more frequent and intense heat 

waves, it is also increasingly vital to focus on reduction of risks posed by these (Curtis et al. 2017; Martinez et al. 2019; Rapeli 

and Mussalo-Rauhamaa 2022; Matzarakis and Nouri 2022). During the past 20 years, many countries in Europe and other 
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parts of the world have taken steps to improve heat preparedness by developing heat-health action plans, which aim to reduce 

the negative health impacts by implementing measures to protect vulnerable population groups and the general population 65 

(Kotharkar et al. 2022; Martinez et al. 2022). A key element of these preparedness plans consists of heat wave early warning 

systems, the operation of which is based on weather forecasts and pre-defined threshold criteria for triggering the warning 

services (Casanueva et al., 2019; Prodhomme, et al. 2021). Effectiveness of the systems in preventing health effects depends 

on the ability to accurately forecast the impending heat event, as well as warning lead time, which determines how much time 

the respondents have available to prepare and take the required actions. The lead time for heat wave warnings in each European 70 

country depends on the respective National Meteorological and Hydrological Services. Currently, heat wave warnings across 

Europe are typically issued 2-5 days in advance, and in some countries, such as Germany and the U.K., up to 7 days in advance. 

 

The skill of the extended range forecasts (2 weeks to 1 month, also called sub-seasonal forecasts) has been found to be 

atmospheric flow dependent (Frame et al. 2013, Ferranti et al. 2015) and spatially heterogeneous. Vitart & Robertson (2018) 75 

highlighted the potential of sub-seasonal predictions in forecasting the progression of prolonged events like heat waves 

spanning multiple weeks. Moreover, Wulff and Domeisen (2019) and studies by Pyrina and Domeisen (2023) emphasized that 

extended-range predictions were more successful in forecasting extreme hot summer temperatures in Europe compared to 

predicting average summer temperatures. As the uncertainty of extended-range forecasts is known to be large, we evaluated 

their probabilistic rather than deterministic skill. There is a large literature in statistics and decision analysis on the use of 80 

probabilistic information in so-called decision making under uncertainty (e.g. Clemen 1996). In theory and practice, 

probabilistic forecasts have been shown to contain more information and should be more valuable to users than categorical, 

deterministic forecasts (e.g., Murphy 1977, Richardson 2001). A practical question is how well users can use the forecasts in 

their decision making (e.g., Lopez & Haines 2017; Ramos et al. 2013). 

 85 

Our objective was to assess the probabilistic skill of the extended-rangeaccuracy of forecasts made by the European Centre for 

Medium-Range Weather Forecasts (ECMWF) in predicting heat wave days, defined as periods where the local 5-day mean 

temperature exceeded the 90th percentile of the local summertime 5-day mean temperature distribution. We assessed the 

reliability of forecasts predicting heat waves surpassing this threshold, as this type of heat waves have been shown to 

significantly increase the risk of overheating in apartments in Finland (Velashjerdi Farahani et al. 2024a) and elevate mortality 90 

risk among the elderly (Kollanus et al. 2021). Moreover, in an empirical study conducted in Finland, indoor temperatures were 

found to be more strongly correlated with outdoor 5-day moving average temperature than with average temperatures of a few 

days only, suggesting impacts of building’s thermal inertia (Velashjerdi Farahani et al., 2024b). Our verification process was 

conducted using a resolution of 5 degrees longitude and 2 degrees latitude (5° × 2°) over Europe for the summers spanning 

from 2000 to 2019. We examined hindcastsforecasts for various lead times, ranging from 1 to 4 weeks. The novelty of the 95 

study arises from the verification area encompassing the entirety of the European region, the verification time span spanning 

20 years of summers, and the use of a 5-degree by 2-degree resolution, which allowings to for the highlighting of potential 
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regional differences in the forecast skill, as well as from evaluating the model’s ability to forecast the life cycle of heat waves, 

taking into account the relative time of forecast issuance and heat wave initiation.. In Section 2 we define heat wave days and 

the metrics used to evaluate them. In Section 3 we show the model skill and in Section 4 we discuss them and in Section 5 we 100 

summarize our results.  

2 DataMaterials and Methods 

2.1 Hindcasts and verification data 

Hindcasts, also known as reforecasts, are a type of retrospective weather forecasts. Hindcasts are forecasts of past weather 

conditions, generated using forecasting models, data assimilation methods, and observational data identical to those used for 105 

real-time weather predictions.  By comparing the hindcasts to actual historical weather data, the skill of the forecasting system 

can be evaluated. Here Wwe verified summer (June, July, August) extended range hindcasts of the European Centre for 

Medium-Range Weather Forecasts (ECMWF) Integrated Forecasting System (IFS; Cycles 46r1 and 47r1; Vitart, 2014). These 

hindcasts were run at the ECMWF in 2020 twice a week, on Mondays and Thursdays. We investigated 240 hindcasts which 

were run with a weekly interval for the summers 2000–2019, i.e., 20 years × 12 weeks =240 hindcasts, for details, see Table 110 

1.  

 

The hindcasts consisted of a control forecast and 10 perturbed ensemble members. We examined the 2m temperature (i.e. the 

near-surface air temperature) from the hindcasts with lead times of 1 to 32 days of the Monday runs. As the 2m temperature 

has a large temporal autocorrelation, using both the Monday and Thursday initializsations would not have added much 115 

information and would only have complicated the statistical analysis.  We therefore decided to use only the Monday runs. The 

reason for using only the Monday initialization was to have each date in each lead time only once to avoid autocorrelation.  

The decision is arbitrary and Wwe could have chosen to use only thethe Thursday runs only as well. Since these hindcasts 

were initiated using the ERA5 analyses, we used the ERA5 2000-2019 near-surface air temperature reanalyses (Hersbach et 

al., 2020) for verification. Here the area of interest was Europe (36 to 70° N and -7.5 to 52.5° E). The original horizontal 120 

resolution of the ECMWF's hindcasts was 0.4° and of the ERA5 reanalyses 0.1°, and here these data were bilinearly interpolated 

to resolution 5° × 2° including only land grid points.The ECMWF reforecasts were initially run at a horizontal resolution of 

approximately 18 km for the first 15 days and then re-initialized at a coarser resolution of around 36 km for days 15 to 46. For 

our verifications, we used ECMWF’s hindcasts at a horizontal resolution of 0.4° and ERA5 reanalysis data at 0.1°, both of 

which were bilinearly interpolated to a coarser 5° × 2° grid, considering only land grid points. 125 

 

Table 1. Table showing details of the data of the investigated hindcasts. Each row contains one run, altogether 12 runs per year. The 

colouring of the boxes shows the coverage of the hindcasts’ data. The first red boxes on each row show the initiation date of the 

hindcasts, which are same for all years 2000-2019. The colours of the boxes indicate for which lead time (i.e., forecast week) the data 

were used: red for 1 week, blue for 2 weeks, yellow for 3 weeks, and grey for 4 weeks. The data used for the different lead times were 130 
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partially overlapping due to the use of 5-days moving averages with forward-looking window: lead time 1 week used data of days 1 

to 11, lead time 2 weeks data of days 8 to 18, lead time 3 weeks data of days 15 to 25, and lead time 4 weeks data of days 22 to 32. 

The data used for two lead times are here marked with two colours. Note: for lead time 1 week we used data of 12 runs, for lead time 

2 weeks we used data of 11 runs, for lead time 3 weeks we used data of 10 runs, and for lead time 4 weeks we used data of 9 runs (of 

years 2000-2019). 135 

 

 

The hindcasts consisted of a control forecast and 10 perturbed ensemble members, making up 11 members in total. It is 

important to distinguish between the hindcasts and the operational real-time forecasts, which initially had 51 members and 

now consist of 101 members (IFS Cycle 48r1). Consequently, the results obtained here from the 11-member hindcasts serve 140 

as a baseline measure of skill (see, e.g., Richardson 2001, Ferro et al. 2008) and the larger operational ensemble is expected to 

provide improved estimates of the normal distribution parameters, thereby enhancing skill to some extent. 

2.2 Definition of heat wave days 

As extended-range forecasts are not expected to capture small-scale day-to-day variability, we applied a 5-day moving average 

to the temperature forecasts for evaluation. More specifically, forUtilizing the ECMWF's 240 hindcasts, we calculated the 5-145 

day moving average temperatures, 𝑇𝐸𝐶
5𝑑. This was done separately for each (5° × 2°) grid point. The calculations of 𝑇𝐸𝐶

5𝑑 were 

performed separately for each of the 11 ensemble members, covering each day from June 1st to August 27th (88 days) over 

the summers of 2000-2019.  For each day within this period, we incorporated forecasted mean temperatures for that day and 

the subsequent four days into the calculations of 𝑇𝐸𝐶
5𝑑. For each grid point and for each forecast week, ranging from week 1 to 

week 4, we determined the threshold for a heat wave day by calculating the 90th percentile, the 90th𝑇𝐸𝐶
5𝑑 , of the 5-day moving 150 

average temperatures,  𝑇𝐸𝐶
5𝑑 , of all days under consideration of the summers 2000-2019. The forecast data used for the forecast 

weeks were partially overlapping due to the use of 5-days moving averages with forward-looking window: the forecast week 

1 used data of days 1 to 11, the forecast week 2 data of days 8 to 18, forecast week 3 data of days 15 to 25, and forecast week 

4 data of days 22 to 32 as depicted in Table 1. 

 155 

Weather forecasts can be divided into two main categories: deterministic and probability forecasts. Deterministic forecasts 

provide a single specific scenario for future weather. For example, "tomorrow will be hot" is a deterministic forecast that offers 
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one possible future event. Probability forecasts, on the other hand, provide various possible scenarios and their probabilities, 

taking into account the uncertainty of the forecast. For instance, "50% chance of heat" is a probability forecast indicating that 

heat may occur, but it's not certain. Given the substantial uncertainty in extended-range forecasts, we evaluate the forecasts' 160 

probabilistic skill rather than their deterministic accuracy. The forecasted probability of a heat wave day, p, was here based on 

fitting a normal distribution to the 𝑇𝐸𝐶
5𝑑 forecasts of the 11-member ensemble and defining the probability of the forecasted 𝑇𝐸𝐶

5𝑑 

being above the 90th𝑇𝐸𝐶
5𝑑 on each day. The use of percentiles for the hindcasts leads to forecasting in the model’s climatology. 

Moreover, the comparison of the hindcasts to the lead time dependent model climatology is expected to remove the systematic 

frequency bias resulting from the forecast model drift (Manzanas, 2020). It is important to distinguish between the hindcasts, 165 

consisting of 11 members, and the operational real-time forecasts, which initially had 51 members and now consist of 101 

members (IFS Cycle 48r1). When computing probabilities using raw ensemble members, this could significantly influence the 

results (see, e.g., Richardson 2001, Ferro et al. 2008). However, since we fit a normal distribution to the 11-member ensemble, 

the impact of ensemble size on the results is likely reduced. Nevertheless, the small ensemble size is likely to have some effect, 

especially on the spread, i.e. the standard deviation of the normal distribution. The results obtained here from the 11-member 170 

hindcasts thus serve as a baseline measure of skill. The operational ensemble (51 members in the version under study, and 101 

members in the current version at the time of writing) is expected to provide improved estimates of the normal distribution 

parameters, thereby enhancing skill to some extent. 

 

For verification of these fore hindcasts, we separately defined the 5-day moving average temperature in the ERA5 (𝑇𝐸𝑅𝐴5
5𝑑 ) data 175 

in the corresponding grid points over Europe, in summers 2000-2019, and defined periods with 𝑇𝐸𝑅𝐴5
5𝑑  exceeding its 90th 

percentile (90th𝑇𝐸𝑅𝐴5
5𝑑 ) as observed heat wave days.  

 

2.2.1 Thresholds for the heat wave days 

In Figure 1 the first column  depicts maps of the 90th percentile of the 5-day moving average temperature (in summers 2000-180 

2019) over Europe, in ERA5 (Figure. 1a) and in the ECMWF hindcasts for forecast weeks 1-4 (Figs.1d, 1g, 1j, and 1mb-1e). 

Days having ERA5 5-day moving average temperatures above the thresholds, the 90th percentile, were in this study defined as 

heat wave days. The ECMWF hindcasts capture the northwest-southeast gradient in the threshold of the heat wave days, even 

though the absolute values are somewhat lower in the hindcasts than in ERA5, and this difference is growing with the lead 

time.  185 
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Figure 1: The lower thresholds of heat wave days: the 90th percentile of the 5-day moving average temperature in summers 2000-

2019 (first column) and in summers 2000-2009 and 2011-2019 (i.e., 2000-2019 excluding 2010, middle column) of the ERA5 

reanalyses (a and b), and (d,e,g,h,j,k,m, and n) of the ensembles of the ECMWF’s hindcasts in different forecast weeks. The last 

column shows the difference between these two. 190 
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In epidemiological studies on heat-related health effects, heat waves are typically defined as periods when daily temperatures 

exceed the 90th percentile of the local annual or summertime temperature distribution for two or more consecutive days (Arsad 

et al. 2022). Such heat waves have been observed to lead to increased mortality and morbidity all around the world (Arsad et 

al. 2022, Guo et al. 2017). Although high temperature (dry bulb) is a primary variable for assessing heat wave impacts, it is 195 

important to note that heat stress can also be influenced by other factors, such as humidity and wind speed. Nevertheless, in 

this study, we focus solely on the key driver of heat stress, the temperature. As our definition for the heat waves was based on 

5-day mean temperatures, we examined the proportion of days where the daily mean temperature, the 𝑇𝐸𝑅𝐴5
1𝑑 , exceeded its 90th 

percentile (90th𝑇𝐸𝑅𝐴5
1𝑑 ) within periods with 𝑇𝐸𝑅𝐴5

5𝑑  exceeding its 90th percentile here defined as heat waves. For this we computed 

daily mean temperatures, the 𝑇𝐸𝑅𝐴5
1𝑑 , and their 90th percentiles (90th𝑇𝐸𝑅𝐴5

1𝑑 ) across European land areas from 2000 to 2019. For 200 

each grid point, we determined the percentage of five-day periods exceeding the 90th𝑇𝐸𝑅𝐴5
5𝑑  that included days where the 𝑇𝐸𝑅𝐴5

1𝑑  

exceeded its 90th percentile. Our investigations showed that our definition for heat waves based on exceeding the 90th𝑇𝐸𝑅𝐴5
5𝑑 , 

covered 26% of the one-day heat waves based on exceeding the 90th𝑇𝐸𝑅𝐴5
1𝑑 . For the two-days heat waves based on exceeding 

the 90th𝑇𝐸𝑅𝐴5
1𝑑 , our definition covered 61%. The three-days heat waves based on exceeding the 90th𝑇𝐸𝑅𝐴5

1𝑑  were covered 96% by 

our definition. For four or more consecutive day heat wave events based on exceeding the 90th𝑇𝐸𝑅𝐴5
1𝑑 , our definition covered 205 

100%.  

 

As during the period 2000-2019, the summer 2010 was characterized by a particularly long-lasting heat wave over Europe, we 

investigated the weight of this event on our results by comparing our results for the period 2000-2019 with and without year 

2010. In Figure 1 the middle column gives a spatial distribution, with 1 °C intervals, for the threshold of the heat wave days 210 

for the period 2000-2019 without summer 2010. The last column in Figure 1 (Figures 1c, 1f, 1i, 1l, and 1o) shows the impacts 

of including 2010: in most of the western and the southern Europe the difference is ±0.1°C, while in the eastern and north-

eastern parts of Europe the impact is mostly between 0 and +0.55 °C, except for the very northern Fennoscandia where the 

impact is between -0.2 and 0 °C. Compared to the large northwest-southeast gradient of the absolute values of the 90th 

percentile in the first two columns, these differences are minor. When assessing the impact of the summer of 2010 (with the 215 

long heat wave in Europe) on the probabilistic skill of the heat wave forecasts, the threshold values of the middle column are 

utilized. 

 

2.2.2 The frequency and duration of the heat wave days 

To identify the summer with the longest heat wave, we examined the frequency and duration of heat wave days in the ERA5 220 

reanalysis data. A heat wave was considered to be any period of at least one day where the 5-day moving average temperature 

remained above the 90th percentile of 𝑇𝐸𝑅𝐴5
5𝑑 . The heat wave was considered interrupted when there were two consecutive days 
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with temperatures falling below the 90th percentile of 𝑇𝐸𝑅𝐴5
5𝑑 . To clarify, a single day below the threshold did not end the heat 

wave as long as it continued afterward.   

 225 

The durations of the longest heat wave events in each grid point over Europe in summers 2000-2019, as derived from ERA5, 

are depicted in Figure 2(a). The heat wave events were longest in Eastern Europe. Figure 2(a) highlights the extreme heat wave 

of 2010 in the east, the heat wave of 2018 in the north and parts of Central Europe, and the heat wave of 2003 in parts of south 

and southwest. Figure 2b indicates that if the summer 2010 is excluded, other years (e.g., 2014) appear in eastern Europe / 

western Russia, compared to Fig. 2a, and the duration of the longest period of heat wave days get shorter there. Figure 2(c), 230 

showing the number of different heat wave events, highlights that in these summers 2000-2019 the heat wave days in Northern 

Europe and in many parts of Eastern Europe were concentrated within fewer periods, whereas in the Central and Southwestern 

Europe, the same amount of heat wave days were distributed across a larger number of periods. Figure 2d shows that if the 

summer 2010 is excluded, especially in those areas where 2010 had the longest period of heat wave days, excluding it leads to 

an increase in the number of periods with heat wave days, as the 10% of the hottest days are now distributed to a larger number 235 

of events. 
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Figure 2: The duration and the year (marked as 0-19) of the longest period of heat wave days defined from the ERA5 reanalysis data 

of (a) summers 2000-2019 and (b) summers 2000-2009 and 2011-2019 (i.e., 2000-2019 excluding 2010), and the number of periods 

with heat wave days (b) in the ERA5 reanalyses during (c) 2000-2019 and (d) 2000-2009 and 2011-2019 (i.e., 2000-2019 excluding 240 
2010). 

 

2.3 Skill scores 

The Brier Scores (BS, Brier, 1950) of the probabilistic forecasts, p, were calculated separately for each grid point and for 

forecast weeks 1 to 4 as follows:  245 

𝐵𝑆 =
1

𝑁
∑ (𝑝𝑡 − 𝑜𝑡)

2𝑁
𝑡=1  ,           (1) 

where pt is the forecasted probability of a heat wave day, p, ranging from 0 to 1, ot is the actual outcome (based on ERA5 

reanalysis) of the heat wave day at instance t (0 if there is no heat wave day and 1 if there is a heat wave day), and N is the 

number of forecasting instances. The BS is thus here equivalent to the mean squared error of the probability (of the heat wave 

day), and ranges from 0 to 1. The lower the BS, the better the predictions. 250 

 

It follows from the definition used herethe use of the 90th percentile to define for a heat wave day (Sec. 2.2) that theits expected 

probability p of a heat wave day is 0.1. value, orThis value, also referred as the climatological base rate of p, is 0.1. This (0.1) 

was used in Eq. (1) to calculate BSref, i.e., the Brier Score of the reference forecast. as the reference forecast when 

calculatingThe Brier Skill Score (BSS) can now be defined as:  255 

𝐵𝑆𝑆 = 1 −
𝐵𝑆

𝐵𝑆𝑟𝑒𝑓
 ,           (2) 

where BSref  is the BS of the reference forecast calculated by Eq. (1). The value of the BSS ranges from -∞ to +1: positive values 

indicate better skill than that of the reference forecasts, and BSS value of 1 represents the best possible score.  

 

Initially, we calculated the Brier Skill Score (BSS) for each grid point using data from all 240 hindcasts. For a more detailed 260 

evaluation of forecast accuracy during prolonged heat wave periods, we then specifically computed the BSS for each grid point 

using data solely from the summer characterized by the longest continuous heat wave. We define this period as the longest 

heat wave (as detailed in Section 2.2). Importantly, this analysis was conducted separately for each grid point, acknowledging 

that the summer with the longest heat wave may vary from one grid point to another. To demonstrate the impact of long heat 

wavesthe summer with the longest heat wave on the overall BSS of all hindcasts, we also determined the BSS while excluding 265 

the data from theis specific summer with the longest heat wave (as detailed in Section 2.2.2). Importantly, this analysis was 

conducted separately for each grid point, acknowledging that the summer with the longest heat wave may vary from one grid 

point to another. Further, to demonstrate the impact of summer 2010 (with the long heat wave in Europe) on the probabilistic 

skill of the heat wave forecasts, we also determined the BSS while excluding data from summer 2010. Importantly, for this 
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test, we excluded the 2010 data already when defining the thresholds for the heat wave days from the ERA5 and hindcast data, 270 

hence the thresholds were as in Fig. 1 in the middle column. 

 

For each grid point and lead time, we determined whether the hindcasts were considered more skilful than the reference 

forecasts by assessing the BSS using a bootstrap resampling procedure. First, we.  calculated the BSS n times (here n=5000), 

each time sampling the original data with replacement (i.e., the data points couldan be selected multiple times). The BSS was 275 

required to be statistically significantly above zero for the hindcasts to be considered more skilful than the reference forecasts. 

To assess this issuestatistical significance, we calculated the statistical significance level, i.e., the p-value under the null 

hypothesis that the BSS is zero. The p-value is then the proportion of the bootstrap samples greater the zero. This calculation 

was performed using bootstrap resampling with replacement and a sample size of 5000. However, bBecause the statistical test 

on the map is repeated many times, small p-values are bound to occur by chancge alone and the null hypothesis is rejected too 280 

often. Unadjusted p-values therefore overestimate the results (Wilks, 2016). We adjusted the p-values using the false discovery 

rate (FDR) method. Technically, the FDR controls for the expected proportion of false discoveries (hypotheses that should not 

have been rejected) among the rejected hypotheses. By setting thise threshold q to 0.1 (twice the conventional 0.05, as 

suggested by Wilks 2016), and using the Benjamini-Hochberg (B-H) procedure (e.g., Benjamini and Hochberg, 1995), we 

ensured that on average no more than 10% of the rejected null hypotheses are false discoveries. In the B-H procedure, we first 285 

ordered the p-values from the smallest to the largest. Then we rejected the null hypothesis if p_ii < q * i/m, where i wais the 

position and m wais the number of p-values.  In practice, we can use readily available p-value adjustment functions (such as 

p.adjust in R) that change p-values to the smallest threshold q at which we would reject a particular null hypothesis. 

 

2.4 Verification by probability ranges 290 

 

2.45 Predicting the lifecycle of a heat wave 

To investigate how early heat wave days appear in the forecasts a heat wave days become discernible, we categorized all of 

the ERA5 dataset days at each grid point based on the phase of the heat wave or whether the day fell outside of it. If the day 

was a heat wave day, we examined which day of the ongoing heat wave it was at that grid point. If the day was not a heat wave 295 

day, we examined how close (temporally) it was to the temporally nearest heat wave day at the same grid point during that 

summer, classifying it as 1...over 21 days before/after the heat wave. If there were no heat wave days during the entire summer 

at that grid point, the temporal distance to the nearest heat wave day during all the heatless days of that summer were classified 

as "over 21 days before the heat wave." 

 300 
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Subsequently, we analyzed the probabilistic heat wave day forecasts (p) to determine the probabilities the forecasts provided: 

when the timeframe preceded a heat wave (1...over 21 days), when the timeframe was within a heat wave (1st day of a heat 

wave...over 5th week of heat), or when the timeframe was after a heat wave (1...over 21 days).  

3 Results 

3.1 Thresholds for the heat wave days 305 

Figure 1 depicts maps of the 90th percentile of the 5-day moving average temperature (in summers 2000-2019) over Europe, 

in ERA5 (Figure. 1a) and in the ECMWF hindcasts for forecast weeks 1-4 (Figs.1b-1e). Days having ERA5 5-day moving 

average temperatures above the thresholds, the 90th percentile, were in this study defined as heat wave days. The ECMWF 

hindcasts capture the northwest-southeast gradient in the threshold of the heat wave days, even though the absolute values are 

somewhat lower in the hindcasts than in ERA5, and this difference is growing with the lead time.  310 
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Figure 1: The lower thresholds of heat wave days: the 90th percentile of the 5-day moving average temperature in summers 2000-

2019 (left colum) and in summers 2000-2009 and 2011-2019 (i.e., 2000-2019 excluding 2010, right column) (a) of the ERA5 reanalyses 315 
(a and b), and (cb) to (je) of the ensembles of the ECMWF’s hindcasts in different forecast weeks. 

 

To investigate the effect of using 5-day mean temperatures in defining heat waves in comparison to using daily mean 

temperatures, we computed also daily mean temperatures, the 𝑇𝐸𝑅𝐴5
1𝑑 , and their 90th percentiles (90th𝑇𝐸𝑅𝐴5

1𝑑 ) across European 

land areas from 2000 to 2019. For each grid point, we determined the percentage of five-day periods exceeding the 90th𝑇𝐸𝑅𝐴5
5𝑑  320 

that included days where the 𝑇𝐸𝑅𝐴5
1𝑑  exceeded its 90th percentile. The results in Table 1 show that our definition for heat waves 

based on exceeding the 90th𝑇𝐸𝑅𝐴5
5𝑑 , covered 26% of the one-day heat waves based on exceeding the 90th𝑇𝐸𝑅𝐴5

1𝑑 . For the two-days 

heat waves based on exceeding the 90th𝑇𝐸𝑅𝐴5
1𝑑 , our definition covered 61%. The three-days heat waves based on exceeding the 
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90th𝑇𝐸𝑅𝐴5
1𝑑  were covered 96% by our definition. For four or more consecutive day heat wave events based on exceeding the 

90th𝑇𝐸𝑅𝐴5
1𝑑 , our definition covered 100%.  325 

 

Table 1. The proportion (%) of heat waves of different lengths, based on exceeding the 90th𝑻𝑬𝑹𝑨𝟓
𝟏𝒅 , included among the heat waves 

based on exceeding the 90th𝑻𝑬𝑹𝑨𝟓
𝟓𝒅 . 

The length of the heat wave (days) 

based on exceeding the 90th𝑇𝐸𝑅𝐴5
1𝑑  

The proportion (%) of these heat waves based on 

exceeding the 90th𝑇𝐸𝑅𝐴5
1𝑑   among the heat waves 

based on exceeding the 
90th𝑇𝐸𝑅𝐴5

5𝑑  

1 or more (All) 88% 

1 26% 

2 61% 

3 96% 

4 100% 

5 or more 100%  

 

3.2 The frequency and duration of the heat wave days 330 

The durations of the longest heat wave events in each grid point over Europe in summers 2000-2019, as derived from 

ERA5, are depicted in Figure. 2(a). The heat wave events were longest in Eastern Europe. Figure 2(a) highlights the 

extreme heat wave of 2010 in the east, the heat wave of 2018 in the north and parts of Central Europe, and the heat 

wave of 2003 in parts of south and southwest. Figure 2(b), showing the number of different heat wave events, highlights 

that in these summers 2000-2019 the heat wave days in Northern Europe and in many parts of Eastern Europe were 335 
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concentrated within fewer periods, whereas in the Central and Southwestern Europe, the same amount of heat wave 

days were distributed across a larger number of periods. 

 

 

Figure 2: The duration and the year (marked as 0-19) of the longest period of heat wave days (a) in each grid point 340 

over Europe defined from the ERA5 reanalysis data of (a) summers 2000-2019 and (b) summers 2000-2009 and 2011-

2019 (i.e., 2000-2019 excluding 2010) (marked as 0-19), and the number of periods with heat wave days (b) in the ERA5 

reanalyses during (c) 2000-2019 and (d) 2000-2009 and 2011-2019 (i.e., 2000-2019 excluding 2010). 

3.13 Reliability of probabilistic heat wave days forecasts 

First, we examined the proportion of heat wave forecasts in each category of forecasted probabilities (p<0.1, 0.1≤p<0.2, …, 345 

p≥0.9) (sharpness diagram in Fig. 3a), and how often heat wave days occurred following a forecast in each category of 

forecasted probabilities (reliability diagram Fig. 3b).The sharpness diagram in Figure 3(a) displays the relative frequency with 

which the heat wave days were predicted (in the hindcasts of summers 2000-2019 in all land grid points over Europe) with 
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different levels of probability (0.1, 0.2, …, 0.9, 1). If all the forecasts were perfect, then in Figure 3(a) 90% of the forecasts 

would have p=0 and 10% would have p=1, and in Figure 3(b) there would be only two points [0,0] and [1,1] for each forecast 350 

week.. However, fFor the first week, in Figure 3(a) roughly 80% of the forecasts belong to the lowest probability class and 5% 

to the highest one. AHowever, as the lead time increases, both these portions decrease, while the share of forecasts with 

0.1≤<p<0.9 increases. The sharpness of forecasts drops as the lead time increases. Regarding the forecasts for heat wave days 

(as depicted in Figure 3a), it is worth noting that while approximately 5% of the forecasts for the one-week lead time have p> 

0.9, the relative occurrence of such forecasts is nearly negligible for weeks 2 to 4. 355 

 

Figure 3: (a) sharpness diagram and (b) reliability diagram of the 1-4 weeks probabilistic heat wave days forecasts, p, over Europe 

(all land grid points) in summers 2000-2019.  

 

In Figure. 3(b), twe illustrate the relationship between forecasted probabilities and observed frequency of heat wave days by 360 

aggregating data from all grid points to create a reliability diagram. The forecasted probabilities are displayed on the x-axis 

and observed frequencies on the y-axis. In a perfectly calibrated forecast, the points on the reliability diagram would fall along 

a 45-degree diagonal line from the bottom left to the upper right corner. This line represents perfect reliability, where the 

forecasted probabilities equalmatch the observed frequencies. The climatological probability line in the reliability diagram 

represents the expected frequency of a heat wave days (0.1) based on climatology. The points above the no skill line contribute 365 Formatted: Font: Italic
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positively to the BSS with climatology as reference. The no skill line in the reliability diagram represents the baseline for a 

forecast with no skill. In other words, it represents what a forecast would look like if it had no value beyond random chance 

or climatology. The points on the reliability diagram above the perfect reliability line indicate underforecasting, meaning that 

the forecasted probabilities are too low compared to the observed frequency. Conversely, the points on the reliability diagram 

below the perfect reliability line indicate overforecasting, meaning that the forecasted probabilities are too high compared to 370 

the observed frequency. 

 

The reliability of the heat wave day forecasts was best for shorter forecast weeks and dropped withby growing lead times 

(Figure 3(b)). During forecast weeks 1 and 2, the overall reliability of heat wave day forecasts across Europe (as illustrated in 

Fig. 3b) was nearly flawless when p<0.4. Subsequently, for p>0.4, the forecasted probabilities tended to be slightly elevated 375 

compared to the observed frequencies, suggesting a tendency toward overforecasting.. Nevertheless, the reliability remained 

higher than that achieved by climatology alone. For forecast week 3 the overall reliability of the heat wave day forecasts over 

Europe (Figure. 3bd) was nearly the same as that of climatology for p <0.5, thereafter for p >0.5 the forecasted probabilities 

showed improving reliability in comparison to the reference forecast (p =0.1), however indicating overforecasting.  

3.24 Probabilistic forecastprediction skill scores for heat wave days 380 

Figure 3b depicted the average reliability of the heat wave days forecastpredictions over the whole of Europe. Next, we will 

take a look at the forecast skill across different regions over Europe to find out how the accuracy varies in different regions. 

First, we assess the performance of the all240 hindcasts of all summers from 2000 to 2019. Second, we focus on summers 

characterized by the longest heat wave (12 hindcasts/summer), and third, we examine hindcasts of summers from 2000 to 2019 

excluding the hindcasts of the summer with the longest heat wave (228 hindcasts), and third, we focus on the hindcasts 385 

excluding summer 2010. In the first column of Figure 4, we present the BSS of all hindcasts of the summers 2000-2019. During 

the first forecast week, the forecastspredictions of heat wave days in Europe demonstrates strong performance, with BSS values 

ranging between 0.5 and 0.8. Based on the adjusted p-values, these values of BSSThese values are statistically significantly 

greater than 0superior to the reference forecast at every grid point. However, in later forecast weeks, the skill diminishes. In 

the second forecast week, BSS ranges from 0.1 to 0.4 in Europe, the forecasts still remaining statistically significantly better 390 

than the reference forecast in most grid points across the continent. The exceptions include certain grid points over the northern 

parts of the Iberian Peninsula, eastern central Europe, and northeast of the Caspian Sea. Moving to forecast weeks 3 and 4, 

BSS values in Europe range between -0.1 and 0.2, exhibiting statistical significance only in specific grid points across Eastern 

and South-Eastern Europe. 

 395 

In the middle column in Fig. 4, we have depicted the BSS for each grid point of only those hindcasts of the summer with the 

longest heat wave, as defined from the ERA5 data and depicted in Fig. 2. In the forecast weeks 1 and 2 the BSSs of the hindcasts 

of the summers with the longest heat waves were higher than the BSSs of the hindcasts of all summers 2000-2019 especially 
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in the Mediterranean, Eastern Europe, and Northern Europe where in the forecast week 1 the BSS are 0.1 to 0.4 higher than 

the BSS for all summers, and in the forecast week 2 the BSS was about 0.1 to 0.6 higher. Moving to forecast weeks 3 and 4, 400 

the BSS of hindcasts of the summer with the longest heat wave exceeded the BSS for all summers 2000-2019 by 0 to 0.5 in 

Northern Europe (summer 2018), Eastern Europe (summer 2018), and in parts of the Mediterranean coast (summer 2015), 

even reaching values of 0.5. 

 

In the middle last column in Figure 4, we illustrate the BSS for each grid point of all hindcasts excluding the summer with the 405 

longest heat wave (as defined in Section 2.2.2)days. The BSS excluding such a the heat wave summer differs mostly only +/-

0.05 from the BSS of all summers, except in Eastern Europe where the BSS is even 0.1 lower in forecast weeks 2-4. In more 

detail: in the first forecast week, the BSSs of the hindcasts excluding the summer with the longest heat wave are between 0.4 

and 0.7 and in all grid points statistically significantly higher than 0, i.e., better than the reference forecast. In the second week 

the BSS of the hindcasts excluding the summer with the longest period of heat wave days are between 0 and 0.4 and still 410 

statistically significantly higher than 0 in the majority of the grid points. In the third and the fourth week, however, the BSS is 

statistically significantly higher than 0 only in some grid points in southeastern parts of the map. 

 

In the Figure 4, the last column shows the BSS of the hindcasts excluding the summer 2010. In some areas, leaving out 2010 

seems to have less impact on the probabilistic skill of heat wave forecasts than leaving out, in each grid point, the summer 415 

with the longest heat wave (the middle column). For example, in Finland the skill remains for the third week. Also the southeast 

parts of the study domain seem to remain with skill. 
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 420 

Figure 4: Brier Skill Scores (BSS) of the probabilistic heat wave days forecasts, p, during all summers 2000-2019 (first column), 

during the summer with the longest period of heat wave days of summers 2000-2019 defined from the ERA5 reanalysis data (middle 

column), and in hindcasts excluding the summer with the longest period of heat wave days (middle column), and in hindcasts 

excluding the summer 2010 (last column). The statistical occurrence p=0.1 for heat wave days were used as the reference forecasts. 

The dotted areas show where BSS is greater than zero with the false discovery rate no more than 10%. 425 
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3.35 Verification by probability ranges 

In the reliability diagram (Fig. 3b) the ERA5-based temperature data is used only as either no hot day (0) or hot day (1). Next, 

we will examine how close or far the ERA5-based temperatures were from the threshold of a hot day across different levels of 

p, to assess the severity of the over- or under-forecasts. For this,W we conducted verification of heat wave day forecasts across 430 

all grid points in Europe based on forecasted probabilities falling within the ranges of here defined as low: 0 -p< 0.33, 

intermediate: 0.33 ≤p≤- 0.66, and high: p>0.66 - 1. In Figure 5, boxplots depict all the observed ERA5 temperatures (as 

percentiles) across different levels of p in each forecasted probability range. The parts of the boxesplot above the 90th 

percentile (grey horizontal line) indicate heat wave days in the ERA5 temperature reanalysis. It is important to note that each 

boxplot has a different amount of data marked as n above each box. Due to the different amounts of hindcast data in each 435 

forecast week, as depicted in Table 1, the total amount of data differs for each lead time. The category with the most forecasts 

is within the low (p<0 and 0.33) range, which was also visible in Figure 3a.  

 

 

If all the heat wave day forecasts were perfect, in Figure 5 the boxes 440 

• for p<0.33 be totally below the grey line, i.e., heat wave days would occur in 0% of cases, 

• for 0.33≤p≤0.66 category would be empty, and 

• for p>0.66 would be totally above the grey line, i.e., heat wave days would occur in 100% of cases. 

However, as we see in Figure 5, Iin occasions the forecasted probability for heat wave days was low (p<0.33), heat wave days 

occurred in 2% (lead time one week), 7% (lead time two weeks), 10% (lead time four weeks), or 11% (lead time four weeks) 445 

of cases. Moreover, in occasions the forecasted probability for heat wave days was intermediate (0.33≤p≤0.66), heat wave 

days occurred in 45% (lead time one week), 39% (lead time two weeks), 30% (lead time four weeks), or 28% (lead time four 

weeks) of cases. In occasions the forecasted probability for heat wave days was high (p>0.66), heat wave days occurred in 

86% (lead time one week), 68% (lead time two weeks), 67% (lead time four weeks), or 38% (lead time four weeks) of cases. 

When forecasting with a one-week lead time, we observed that heat wave days occurred in 2%, 45%, and 86% of cases, 450 

corresponding to forecasted probabilities falling within the ranges of 0-0.33, 0.33-0.66, and 0.66-1, respectively. Moreover, 

when forecasting with a two-week lead time, heat wave days occurred in 7%, 39%, and 68% of cases, corresponding to 

forecasted probabilities falling within the ranges of 0-0.33, 0.33-0.66, and 0.66-1, respectively. When forecasting with a three-

week lead time, heat wave days occurred in 10%, 30%, and 67% of cases, corresponding to forecasted probabilities falling 

within the ranges of 0-0.33, 0.33-0.66, and 0.66-1, respectively. When forecasting with a four-week lead time, heat wave days 455 

occurred in 11%, 28%, and 38% of cases, corresponding to forecasted probabilities falling within the ranges of 0-0.33, 0.33-

0.66, and 0.66-1, respectively. Hence, higher probabilities (p>0.66) show that a heat wave event is more likely, however for 

forecast weeks 3 and 4 the forecasting signal is not very strong due to the relatively low proportion of n (amount of data) in 

group p>0.66. 
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 460 

Figure 5: Boxplots of the ERA5 5-day moving average temperature over Europe in each grid point across different levels of p (the 

forecasted probability of a heat wave day) with lead times of a) one week, b) two weeks, c) three weeks, and d) four weeks. The 

horizontal line dividing each box into two parts shows the median of the data; the ends of the box show the lower and upper quartiles; 

and the whiskers indicate the 5th and 95th percentiles of the ERA5 data in each group. The width of each box and the n written above 

each box indicate the number of observations in each group. The notches of each side of the boxes were calculated by R boxplot.stats. 465 
If the notches of two plots do not overlap, then this is strong evidence that the two medians differ (Chambers et al., 1983). The grey 

horizontal line indicates the 90th percentile, i.e., the threshold of a heat wave day, and the percentiles above (and below) the grey line 

depict the amount of observed heat wave days (and no-heat wave days) after the different levels of forecasted probability.   

 

3.46 Predicting the lifecycle of a heat wave 470 
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Next, we shall evaluate the capacity of the probabilistic heat wave day forecasts (p) to predict the life cycle of heat waves, 

taking into account the relative time of forecast issuance and heat wave initiation. In Figure 6, pthe forecasted probabilities of 

heat wave days are shown for days categorized according to the corresponsive ERA5 data as explained in Section 2.5: "before 

the heat wave," "during the heat wave," and "after the heat wave", across the entire European region at each land-grid point. . 475 

If there were no heat wave days during the entire summer at that grid point according to the ERA5 data, the temporal distance 

to the nearest heat wave day during all the heatless days of that summer were classified as "over 21 days before the heat wave." 

 Dashed green boxes delineate forecasts where, at the time of issuance, a heat wave in that grid point is about to begin within 

a week. Solid green boxes indicate forecasts where, at the time of issuance, a heat wave is ongoing in that grid point. If the 

forecasts perfectly aligned with reality, pthe probability forecast should be zero in the categories "before the heat wave" and 480 

"after the heat wave," and in the category "during the heat wave," pthe probability forecast should be 1 (i.e., 100%).  

 

In heat wave day forecasts one week in advance (Figure 6a, Forecast week 1), considerably higher probabilities for heat wave 

days for all lengths of heat waves and throughout the heat wave are evident compared to non-heat wave days. Additionally, 

there is some overestimation, particularly 1-2 days before or after the heat waves indicating slight inaccuracy in forecasting 485 

the exact day of the start and ending of the heat wave. 

 

In heat wave day forecasts two weeks in advance (Figure 6b, Forecast week 2), forecasts show clearly higher p for days within 

the heat wave than outside. Especially as the heat wave extends to the second, third, fourth, fifth, or more weeks, forecasts 

show significantly higher probabilities. Additionally, there is some slight overestimation for heat wave days in the days just 490 

before and after the heat wave, indicating slight inaccuracy in forecasting the exact day of the start and ending of the heat 

wave. 

 

In heat wave day forecasts three weeks in advance (Figure 6c, Forecast week 3), higher probabilities for days within the heat 

wave are already more apparent than for days outside the heat wave. Especially for the third, fourth, and fifth weeks of heat 495 

wave days, higher probabilities are evident compared to non-heat wave days. These forecasts are in the green box area, 

indicating that the heat wave is just starting or already underway when the forecast is issued. 

 

In heat wave day forecasts four weeks in advance (lead time 22...28 days) (Figure 6d, Forecast week 4), there are only slightly 

higher probabilities for the heat wave during the heat wave than before and after. Particularly, a small portion of the data where 500 

the fifth week of the heat wave (days 29..35) is in progress, shows higher probabilities. These forecasts are in the "green box," 

indicating ongoing heat when the forecast was issued. 

 

In heat wave day forecasts three weeks in advance (Figure 6c, Forecast week 3), higher probabilities for days within the heat 

wave are already more apparent than for days outside the heat wave. Especially for the third, fourth, and fifth weeks of heat 505 
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wave days, higher probabilities are evident compared to non-heat wave days. These forecasts are in the green box area, 

indicating that the heat wave is just starting or already underway when the forecast is issued. 

 

In heat wave day forecasts two weeks in advance (Figure 6b, Forecast week 2), forecasts again show more clearly higher 

probabilities for heat wave days for days within the heat wave than outside. Especially as the heat wave extends to the second, 510 

third, fourth, fifth, or more weeks, forecasts show significantly higher probabilities. Additionally, there is some slight 

overestimation for heat wave days in the days just before and after the heat wave, indicating slight inaccuracy in forecasting 

the exact day of the start and ending of the heat wave. 

 

In heat wave day forecasts one week in advance (Figure 6a, Forecast week 1), considerably higher probabilities for heat wave 515 

days for all lengths of heat waves and throughout the heat wave are evident compared to non-heat wave days. Additionally, 

there is some overestimation, particularly 1-2 days before or after the heat waves indicating slight inaccuracy in forecasting 

the exact day of the start and ending of the heat wave. 
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Figure 6: The forecasted probabilities of heat wave days shown for days that (in ERA5) were 21 to 1 days before the heat wave, the 520 
1st to 35th heat wave day during the heat wave, and 1 to 21 days after the heat wave with lead times of a) one week, b) two weeks, c) 

three weeks, and d) four weeks. Dashed green boxes indicate forecasts where, at the time of issuance, a heat wave in that grid point 

was about to begin within a week. Solid green boxes indicate forecasts where, at the time of issuance, a heat wave was already ongoing 

in that grid point. In the boxplots, aThe horizontal line box into two parts shows the median of the data; the ends of the box show 

the lower and upper quartiles; and the whiskers indicate the 5th and 95th percentiles of the data in each group. The boxplots (as in 525 
Fig.5) include all forecast data across the European region at each land-grid point. 

 

We also plotted the heat wave life cycle figure without year 2010, here shown as Figure 7. Leaving out year 2010 removes 

most of the very longest heat waves, i.e., with lengths above 28 days. However, in the same way as whenwith including the 

year 2010 (Figure 6), in the forecast weeks 1-3: there is still a signal of enhanced accuracy in forecasting prolonged (here 530 

several weeks long) heat waves at the time that the heat wave had initiated prior to the forecast issuance. This indicates/suggests 

that ....  
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Figure 7: Same as Figure 6 but excluding summer 2010. 535 

The forecasted probabilities of heat wave days shown for days that (in ERA5) were 21 to 1 days before the heat wave, the 1st to 35th 

heat wave day during the heat wave, and 1 to 21 days after the heat wave with lead times of a) one week, b) two weeks, c) three 

weeks, and d) four weeks. Dashed green boxes indicate forecasts where, at the time of issuance, a heat wave in that grid point was 

about to begin within a week. Solid green boxes indicate forecasts where, at the time of issuance, a heat wave was already ongoing 

in that grid point. The boxplots include all forecast data except summer 2010 across the European region at each land-grid point. 540 

4 Discussion 

4.1 The skill of the verified probabilistic heat wave forecasts 

We examined the  skill of hindcasts of the ECMWF in forecasting the probability of heat wave days over Europe 1 to 4 weeks 

ahead. The verification was done against ERA5 reanalysis. Heat wave days were here defined as days with the 5-day moving 

average temperature being above its summer 90th percentile. To address potential systematic bias resulting from forecast 545 

Formatted: English (United States)

Formatted: Caption

Formatted: Heading 2



27 
 

model drift, we opted to use percentiles separately for ERA5 and the ECMWF’s hindcasts.The hindcasts covered 20 summers 

of the period 2000-2019. The verification was done in 5° × 2° resolution. The assessed hindcasts demonstrated varying levels 

of accuracy across different regions, and decreasing levels with increasing forecasting lead times and regions, which is in line 

with many earlier studies, e.g. Ferranti et al. (2015), Wulff and Domeisen (2019), and Pyrina and Domeisen (2023). 

 550 

 

We investigated the impact of the longest heatwaves on the forecast skill (BSS) in two ways: i) by excluding the summer with 

the longest heatwave observed at each grid point, and ii) by excluding the summer of 2010, which saw a prolonged and 

widespread heatwave in Europe. We found that the best of the forecast skill seems to come from the longest period of heat 

wave days, whether it was the 2010 heat wave or a heat wave of some other year. 555 

 

 

The overall performance of the hindcasts in predicting heat wave days of summers 2000-2019 over Europe can be summarized 

as follows: 

• Forecast week 1, i.e., 1 to 7 days in advance: strong performance in predicting heat wave days. 560 

• Forecast week 2, i.e., 8 to 14 in advance: still statistically significantly better than the reference forecast in most 

grid points over Europe. 

• Forecast weeks 3-4, i.e., 15-28 days in advance: statistically significantly better than the reference forecast only 

in specific grid points across Eastern and South-Eastern Europe. 

Across all forecast lead times, ranging from 1 to 4 weeks, the skill scores (BSS) for hindcasts of summers with the longest heat 565 

waves surpassed those for all summers from 2000 to 2019 by up to 0.5. Noteworthy enhancements were particularly observed 

in Northern Europe, Eastern Europe, and specific regions along the Mediterranean coast (Figure. 4). 

 

The heat wave days forecasts seem to have high potential in warning of heat risk in 1-2 weeks in advance. Additionally, the 

probabilistic heat wave day forecasts show enhanced accuracy in forecasting prolonged (here several weeks long) heat waves, 570 

in lead times of up to three weeks at the time that the heat wave had initiated prior to the forecast issuance (Figure. 6). Further, 

as in all forecast weeks 1-3 there was a higher-than-average predictability for intense and prolonged heat waves in Northern 

Europe, Eastern Europe, and specific regions along the Mediterranean coast (Figure. 4).  

Figures 6 and 7 present a novel way for evaluating the ability of probabilistic heat wave day forecasts to capture the life cycle 

of heat waves, taking into account the timing of forecast issuance relative to heat wave onset. This approach could be developed 575 

further by adding information about the spread of the ensemble to the figure, and it could be applied to the verification of other 

extended-range models' heat wave forecasts in future studies. 
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Next, we shall evaluate the capacity of the probabilistic heat wave day forecasts (p) to predict the life cycle of heat waves, 580 

taking into account the relative time of forecast issuance and heat wave initiation. 

4.2 Potential added value of probabilistic heat wave forecasts 

 

Currently, most heat warning systems in Europe have lead-times of only a few days (Casanueva et al. 2019). However, in this 

study tThe probabilistic heat wave days forecasts seem to have high potential in warning of heat risk in 1-2 weeks in advance, 585 

as. Verification by probability range (in Figure 5) shows that at least for lead times for 1-2 weeks, there is signal that lower 

probability (probabilities below 0.33) forecasts could be valuable for indicating periods when it is unlikely that a heat wave 

will occur. And the higher probability (probabilities above 0.66) forecasts could be valuable for indicating periods when a heat 

wave could occur.  Further, the persistence of heat waves seem to have higher level of predictability up to 3 weeks, offering 

early warning services an indication of the potential duration of an ongoing heat wave. 590 

 

Heat waves cause severe health risks and have considerable impacts on public health, particularly if the high temperatures last 

for many days or weeks and occur over a wide area (Ballester et al. 2023, Robine et al. 2008). Prolonged hot periods may pose 

concurrent risks that challenge functioning of society, including health care system and other critical infrastructure.  The 

negative impacts on energy and water supply, transportation, and agriculture and livestock can affect human health and 595 

wellbeing more indirectly and on a wider scale.   

The negative health impacts of heat waves can be reduced by timely short-term measures to protect the vulnerable population 

groups (Martinez et al. 2019, Tooloo et al. 2013). The needed measures are preferably outlined in national or sub-national 

heath-health actions plans, as recommended by the World Health Organization (WHO) (Martinez et al. 2019, Matthies et al. 

2008). Currently existing plans include many individual and community-level actions, such as communication of warnings 600 

and public health recommendations; safeguarding homes and facilities from overheating; preparing health and social care 

services and emergency operations and increasing their capacity; establishing public cooling centres and shaded outdoor 

spaces; identifying and contacting vulnerable people who need support or special arrangements; ensuring the safety precautions 

of public and sporting events; setting up a telephone helpline; and occupational safety measures (Casanueva et al. 2019; 

de’Donato et al. 2018; Kotharkar et al. 2022; Lowe et al. 2011, Martinez et al. 2022). 605 

 

Heat-health action plans rely on early-warning systems to inform all stakeholders and citizens on the impending heat wave 

and to activate the public health interventions in time. As health effects of heat exposure occur quickly, at the same day or a 

few days lag (Baccini et al. 2008), it is imperative that the protection measures are implemented rapidly when a potentially 

dangerous heat wave is forecasted. However, organisation of the response measures requires coordination of actions between 610 

many stakeholders and distribution of workforce, equipment, and other resources, which take time. Currently, most heat 

warning systems in Europe have lead-times of only a few days (Casanueva et al. 2019). Hence, the response operations would 
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benefit from the 1–2 weeks, and in some cases possibly even longer, heat wave days forecasts. Currently, most heat warning 

systems in Europe have lead-times of only a few days (Casanueva et al. 2019). However, in this study the probabilistic heat 

wave days forecasts seem to have high potential in warning of heat risk in 1-2 weeks in advance, as for lead times for 1-2 615 

weeks, there is signal that lower probability (probabilities below 0.33) forecasts could be valuable for indicating periods when 

it is unlikely that a heat wave will occur. And the higher probability (probabilities above 0.66) forecasts could be valuable  for 

indicating periods when a heat wave could occur. Further, the persistence of heat waves seems to have higher level of 

predictability up to 3 weeks, offering early warning services an indication of the potential duration of an ongoing heat wave. 

Heat waves are particularly harmful to health when heat exposure lasts for several days or weeks. During heat waves, 620 

apartments lacking air conditioning gradually begin to overheat, which exacerbates heat stress (Velashjerdi Farahani et al. 

2021; Velashjerdi Farahani et al. 2023; Velashjerdi Farahani et al. 2024a). In Northern Europe apartments are typically not 

equipped with mechanical cooling systems.  In a Finnish study, heating of buildings has been observed to take 5-6 days, during 

which the thermal mass of the building was able to slow down the indoor temperature rise (Velashjerdi Farahani 2024a). 

 625 

Prolonged hot periods may pose concurrent risks that challenge functioning of society, including health care system and other 

critical infrastructure. The negative impacts on energy and water supply, transportation, and agriculture and livestock can 

affect human health and wellbeing more indirectly and on a wider scale. Prolonged heat waves and drought also lead to 

wildfires (Parente et al. 2018), which can be catastrophic events leading to immediate losses of life and high economic costs  

(San-Miguel-Ayanz et al. 2013). Moreover, severe air pollution episodes from the fires may have significant effects on 630 

population health over long distances (Kollanus et al. 2017). In the event of a far reaching and catastrophic heat wave, 

management of all negative impacts simultaneously would require large-scale interagency and cross-border response, as well 

as significant mobilisation of human and other resources. Heat wave days forecasts of 1-2 weeks lead time have potential to 

support preparedness for and coordination of these types of civil protection efforts in Europe. 

 635 

As climate change is projected to increase the number of hot days across Europe (e.g., Ruosteenoja and Jylhä, 2023), society, 

including Northern Europe where many homes and public buildings lack cooling systems, should prepare for rising need for 

preventing overheating. To mitigate the risk of exacerbating climate change through increased electricity consumption on a 

large scale, it is advisable to prioritize passive methods in preventing overheating whenever they are sufficient. In urban areas, 

wise urban design such as green areas, preventing excessive building density, and bodies of water can mitigate the urban heat 640 

island effect (Kravchenko et al. 2023). Let it be noted that increasing green areas can also serve to reduce urban flood risk  

(Zimmermann et al. 2016). In buildings, priority should be given to passive cooling methods such as sunshades, proper and 

timely ventilation, and possibly the color of the building's exterior. Many of the passive cooling methods can be retrofitted 

into existing buildings. Furthermore, when passive methods are insufficient to prevent overheating indoors, active cooling is 

to be considered (e.g., Velashjerdi Farahani et al. 2021). 645 
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In this study, to address potential systematic bias resulting from forecast model drift, we opted to use percentiles separately 

for ERA5 and the ECMWF’s hindcasts. Although this approach was anticipated to mitigate bias, further improvements in 

forecast skill could be achieved through additional bias correction techniques. For example, utilizing so-called windows of 

opportunity (e.g., Büeler et al 2021, Mariotti et al. 2020, Vigaud et al. 2019) or other sources of predictability for European 650 

heat waves as introduced to result from weather regimes (Büeler et al., 2021), the North Atlantic Sea surface temperatures 

(Cassou et al. 2005; Duchez et al. 2016), El Niño–Southern Oscillation (Wulff et al. 2017), the North Atlantic Oscillation 

(Kenyon and Hegerl 2008), the Atlantic Multi-decadal Oscillation (Della-Marta et al. 2007), propagation of Rossby waves 

(Fragkoulidis et al. 2018; Wolf et al. 2020), the land-atmosphere interactions (Lorenz et al. 2013; Miralles et al. 2014; 

Ardilouze et al. 2019), and the Boreal Summer Intraseasonal Oscillation (Rouges et al. 2023) could offer avenues for 655 

refinement. 

5 Conclusions 

Our examination of ECMWF hindcasts for predicting heat wave days (periods where the local 5-day mean temperature 

exceeded the 90th percentile of the local summertime 5-day mean temperature distribution) of summers 2000-2019 across 

Europe, 1 to 4 weeks in advance, showed varying accuracy levels across forecast lead times and regions, aligning with previous 660 

research. The examined ECMWF’s hindcasts showed:  

• in the first forecasts week (1 to 7 days in advance): strong forecast skill in predicting heat wave days,  

• in the second forecast week (8 to 14 days in advance): statistically significantly better skill than the reference forecast 

in most grid points over Europe, 

• in the forecast weeks 3-4: statistically significantly better skill than the reference forecast only in some grid points 665 

across Eastern and South-Eastern Europe,  

• in all forecast weeks: a higher-than-average predictability for intense and prolonged heat waves in Northern Europe, 

Eastern Europe, and specific regions along the Mediterranean coast, and 

• in the forecast weeks 1-3: enhanced accuracy in forecasting prolonged (here several weeks long) heat waves at the 

time that the heat wave had initiated prior to the forecast issuance.  670 

 

These findings underscore the potential of these ECMWF’s heat wave days forecasts to serve as early warnings for impending 

heat risks 1-2 weeks in advance. Notably, the higher-than-average predictability for intense and prolonged heat waves (at the 

time they have already started), offers a potential to early warnings even at a 3-week lead time. However, it is crucial to 

highlight the known uncertainty in the 3-week lead time forecast. Building on these insights, future research could investigate 675 

at which stage of the heat wave development extended-range weather forecast models in general, not only the specific model 

system considered here, begin to predict its occurrence, potentially enhancing early warning capabilities further. 
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Early warnings are important in anticipating heat risks. However, mitigating the negative impacts of the anticipated heat waves 

also requires tailored early action plans and financial support to implement them. As an overall increase in hot days across 680 

Europe due to climate change is anticipated, there is a need for society, particularly in regions lacking cooling infrastructure, 

to adopt both active and passive approaches for preventing overheating. The prioritization of passive methods, such as green 

spaces and sensible urban planning, are recommended to mitigate the risk in exacerbating climate change through increased 

electricity consumption, complemented by retrofittable passive cooling techniques for buildings. 
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