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Abstract

:

While global warming is mostly conceptualized in terms of increases in mean temperature, changes in the most extreme conditions encountered often have disproportionate impacts. Here, a measure of warming amplification is defined as the change in the highest yearly temperature (denoted TXx), representing extreme heat, minus that in the 80th percentile daily high temperature (  T max 80  ), which represents typical summer conditions. Based on the ERA5 reanalysis, over 1959–2021, warming of TXx averaged 1.56 K over land areas, whereas warming of   T max 80   averaged 1.60 K. However, the population-weighted mean warming of TXx significantly exceeded warming of   T max 80   (implying positive amplification) over Africa, South America, and Oceania. Where available, station temperature observations generally showed similar trends to ERA5. These findings provide a new target for climate model calibration and insight for evaluating the changing risk of temperature extremes.
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1. Introduction


Global warming is mostly conceptualized in terms of increases in mean temperature. However, changes in the most extreme weather conditions encountered, which can be thought of as deriving from a shift in the variance and other moments of the temperature probability distribution in addition to an increase in its mean, often has disproportionate impacts [1,2,3,4]. For example, extremely high temperatures are particularly likely to harm organisms and ecosystems, including direct heat impacts on human health, as well as strain infrastructure such as electricity and water delivery systems. Therefore, it is important to study the change in propensity for temperature extremes as compared to the warming of mean or typical conditions, and how this might differ between regions.



Previous work on this topic has resulted in the definition of a suite of indices of change in extreme temperature, as well as in other weather extremes [5,6], now as part of the World Climate Research Programme Grand Challenge on Weather and Climate Extremes [7]. Datasets have been generated of changes in extreme temperatures over time based on either station records, reanalyses, global climate models, or satellite remote sensing [8,9,10,11,12,13,14]. Changes in extreme temperatures have been studied in the context of increased risk of heat waves, for example in agricultural regions and urban areas [15,16,17,18]. One source of variability may be associated with irrigated areas, for which agricultural intensification may be suppressing hot temperature extremes through promoting high evapotranspiration rates during the growing season [19,20,21,22].



The latest Intergovernmental Panel on Climate Change (IPCC) report on the physical science of climate change presents the current understanding of climate change impacts on different weather and climate extremes in a chapter of over 200 pages [23]. Published analysis of weather station data, summarized by IPCC, finds that annual maximum temperature (TXx), a commonly used indicator of extreme heat, has been on average warming at about the same rate as annual mean temperature [24,25]. However, no systematic global study is reported of the spatial distribution of any differences between the mean and extreme temperature trends.



Whether extremely hot temperatures are increasing faster or slower than mean temperatures at a particular location could be important for evaluating impacts that are particularly tied to extreme heat, and could also suggest which processes differentially affect extreme heat and need to be modeled in order to accurately project future changes. The current study aims to help fill this gap by considering warming in TXx as a measure of extreme heat versus warming in a measure of typical summer temperature across continents, using a state-of-the-art global reanalysis that is also compared with station data.



In the current study, a measure of warming amplification is defined as the change in the highest yearly temperature (TXx) minus that in the 80th percentile daily high temperature, which represents typical summer conditions. This work highlights areas where the hazard of extreme temperatures is increasing faster than would be expected based on overall heating.




2. Methods


2.1. Extreme Heat and Amplification Measure


The measure of extreme heat chosen was TXx, the highest temperature recorded each calendar year [6]. TXx was suitable because it is more extreme than other common temperature-based measures of extreme heat such as the 95th or 99th percentile, yet, with a value each year, it lent itself better to the statistical analysis of trends over periods of a few decades compared to measures such as the highest temperature in a 20 or 30 year period.



The warming of TXx was compared with that in typical summer daytime temperature, as indicated by    T max 80  ,   or the 80th percentile of daily maximum temperature each calendar year. This focused the analysis on warm-season anomalies, and avoided confounding by, for example, nighttime temperatures warming faster than daytime temperatures, and winter temperatures warming faster than summer temperatures [24,26].



The position of   T max 80   in the summer temperature probability distribution was checked using all 4468 weather stations in version 3.1.2.202107p of the HadISD database [27,28] that had at least 10 complete years of subdaily temperature data. Defining summer as the climatologically warmest 3 months at each station, the station   T max 80   was a median of the 38th percentile of summer maximum temperature (range across stations: 20th to 93rd percentile) and a median of the 79th percentile of temperature across all summer hours (range: 33rd to 99th). Thus, while there is variation in the mapping between percentiles of all-year daily maximum temperature and percentiles of summer temperature that relates to temperature seasonality and diurnal range, temperatures at or above   T max 80   are typically found in about 60% of summer days as the daily maximum and in about 20% of all summer hours, supporting its description as a typical summer temperature and contrast with TXx, the annual maximum.



For each year, a summer temperature range   Δ T   was defined as   TXx −  T max 80  .   An amplification factor A was defined as the estimated increase in   Δ T   between the first and last year of the study period, as determined by cubic spline smoothing of the yearly   Δ T   series.   A > 0   (positive amplification) would correspond to the hottest temperatures warming faster than typical summer temperatures (or amplified warming under hot temperature extremes), while   A < 0   (negative amplification) would imply slower warming of the hottest days (or dampened warming under extreme conditions). All smoothing cubic splines were computed using a smoothing parameter value chosen to approximately optimize the corrected Akaike information criterion [29,30] for   Δ T   time series of a random sample of 1000 points.




2.2. Reanalysis Data


ERA5 is the fifth-generation European Centre for Medium-Range Weather Forecasts (ECMWF) Reanalysis [31]. ERA5 assimilates large amounts of station and satellite data in order to provide a dynamically consistent representation of weather and climate that is considered state of the art [32] and has been used for many applications, including research on heat extremes and their trends [18,33,34,35,36,37]. ERA5 is currently available for the period from 1959 to a few months before the present. Analyzed ERA5 fields are available hourly at a 0.25° horizontal resolution. To compute TXx,   T max 80  , and their differences and trends for 1959–2021, the 2-m (surface) air temperature field was downloaded and the hourly values aggregated to daily maximums, using Universal Time to define days.




2.3. Station-Based Data


The ERA5   T max 80  , TXx, and their difference and trends were checked against the corresponding indices derived from weather station daily maximum temperature series. There are several reasons why station data are not expected to show exactly the same means and trends as a reanalysis, including the difference in spatial scale, in the definition of daily maximums (in ERA5 these are the highest hourly values, whereas stations will usually also record maximums that were reached in the middle of an hour), and likely inhomogeneities in siting or instrumentation at some stations. Nevertheless, the station values offer a valuable check on the representation of the temperature field in the reanalysis. All stations with available data were extracted from the Global Historical Climatology Network (GHCN)-Daily database [38,39]. After excluding data with quality control flags [40], only the stations with at least 40 years of complete daily data in 1959–2021 were retained. Spline smoothing was used to estimate 1959–2021 averages and trends at each location, with linear extrapolation invoked if the first or last years of the period were missing for a particular station. Each station’s averages and trends were then compared with those of ERA5 sampled at the same grid cell and for the same years that had complete data, and processed with the same smoothing spline method.




2.4. Ancillary Data


In order to study changes over populated areas, the 2020 population distribution from the Gridded Population of the World (GPW) dataset (version 4.11) were downloaded at 1/24° resolution and then regridded to match the ERA5 resolution. GPW is based on national census data disaggregated to the best available administrative-unit resolution [41,42]. Area and population weighted global and continental averages were then computed as


   T ¯  =    ∑ i   w i   T i     ∑ i   w i    ,  








where the weighting   w i   is either the area or the population of each grid cell in the world or continent,   T i   is the temperature quantile value for each grid cell, and   T ¯   is the resulting computed average value.



As a measure of agricultural intensification that could potentially support high transpiration levels and suppress warm temperature extremes, the grid area fraction equipped for irrigation as of circa 2005 was obtained from version 5 of the Food and Agriculture Organization’s Global Map of Irrigation Areas (GMIA), regridding from its resolution of 1/12° to match the ERA5 grid. GMIA combines national censuses and reports, reports from international agencies, and interpretation of satellite photographs [43,44].




2.5. Significance Testing


As a measure of whether any trend in mean amplification A is likely to be robust to year-to-year climate variability, 95% confidence intervals for the Theil–Sen slope of the time series of yearly A at global and continental scales were estimated using the bootstrap procedure recommended by Ref. [45]. The test is for a monotonic, but not necessarily linear trend, and unlike the spline smoothing that is also used here, it is robust to individual outlying years [46].





3. Results


3.1. Mean Spatial Patterns


Typical summer daily maximum temperatures in ERA5, as summarized by   T max 80   (Figure 1a), were, as expected, highest in subtropical and desert land areas and, at a given latitude, tended to be lower over the oceans as well as at high elevations. The difference   Δ T   between TXx and   T max 80   had a distinctive behavior (Figure 1b). While higher over land than over the oceans (mean   Δ T   was 7.66 °C over land compared to only 2.26 °C over water), it was not necessarily higher in the deserts, but instead peaked at the poleward margins of continents, where summer conditions are dominated by flow from the nearby mild ocean but sometimes receive much hotter continental air. For example, western Europe, which experiences occasional heat waves associated with hot and dry Saharan air masses, tended to have higher summer temperature range   Δ T   than the Sahara itself, which is more consistently hot in summer.




3.2. Warming and Amplification


The trend in   T max 80   in ERA5 showed strong warming of 1–3 °C between 1959 and 2021 in most land regions, and warming of typically 0.5–1 °C over oceans (Figure 2a). High-latitude and desert regions tended to warm the most. Some land areas that showed little or no warming are those known to have experienced agricultural intensification and expansion of irrigated area, such as the northern Great Plains in North America and the Indus Valley [47,48], or enhanced sea breeze, such as coastal California [49,50]. ERA5 also showed less or no summer warming over the Laurentian Great Lakes, with cooling over Lake Superior, which is inconsistent with in situ and satellite data that show rapid summer warming there [51,52,53] and may point to problems in modeling or data assimilation over lakes in ERA5.



Meanwhile, the change A in   Δ T   between 1959 and 2021 in ERA5 showed pronounced local and regional differences, mostly in the range   − 2   to   + 2   °C (Figure 2b). For example, A was positive over much of Europe, meaning that extreme warm temperatures increased faster than mean summer temperatures, but near zero over Italy and northern Scandinavia. A was negative over some irrigated areas, such as California’s Central Valley, the USA Midwest, and the Ganges Valley, but positive over others, such as the Indus valley and the Mississippi delta.



Overall, the warming in   T max 80   between 1959 and 2021 in ERA5 averaged 1.62 °C over land and 0.71 °C over water. The amplification A averaged −0.23 °C over land and 0.10 °C over water, indicating that on average over land TXx increased more slowly than   T max 80   while over ocean it increased more quickly. However, over both land and water, there are wide variations between positive and negative values (Figure 2b).



On continental scales, average A was significantly below zero over Asia and positive over Europe. When weighted by population, the average A was no longer significantly different from zero globally or over Asia and Europe, but was significantly above zero in Africa, Oceania, and South America (Table 1).



Grid cells that were at least partly equipped for irrigation (17% of the land area, but accounting for 89% of world population) had only slightly lower area-average amplification than other land grid cells (−0.12 versus −0.09 °C). Moreover, for the grid cells that were at least partly equipped for irrigation, there was little correlation between the fraction equipped for irrigation and amplification (the Spearman rank correlation between the two quantities was 0.008). Thus, globally, agricultural intensification as expressed in equipment for irrigation did not appear to be a major factor in explaining spatial variability in amplification.



To assess the sensitivity of the amplification quantities to the choice of   T max   percentiles considered compared to the 80th (  T max 80  ) and 100th (TXx) chosen here, the continental warming between 1959 and 2021 in ERA5 was also plotted across   T max   percentiles (Figure 3). For the most part, the warming rate is a relatively smooth function of the   T max   percentile. The largest differences between TXx and the 99th percentile are seen in Antarctica and in Africa with population weighting, both of which have TXx warming faster than the less extreme 99th percentile. For the most part, the amplification factor would be similar if the typical summer temperature was taken as the 70th or 90th as opposed to the 80th percentile, although in Europe with population weighting, this would make A less positive (Figure 3b). The lowest percentiles, corresponding to winter conditions in the extratropics, warmed much faster than the median in Europe and North America but similar to or less than the median in other continents, similar to what was found in earlier work based on station data [26].




3.3. Comparison with GHCN-D Station Data


There were 2118 stations in GHCN-D with sufficiently complete daily maximum temperature data for 1959–2021. The stations were concentrated in the USA, Europe, and China, with some also in Siberia and Australia, but almost none in Africa and none in South America or the Indian subcontinent (Figure 4a). GHCN-D had somewhat larger mean   Δ T   than the corresponding ERA5 grid cells (9.95 vs. 9.44 °C), which is reasonable considering that a global reanalysis would miss some of the small-scale spatial and temporal variability that could drive up yearly extremes. ERA5 well captured the GHCN-D interstation variability in interannual-mean   T max 80   (correlation of 0.971 between GHCN-D and subsampled ERA5) and   Δ T   (correlation of 0.890).



The average 1959–2021 warming in   T max 80   for the GHCN-D stations compared well with ERA5 for the same grid cells (GHCN-D: 1.65 °C, ERA5: 1.67 °C), although the average amplification A at station locations was somewhat more positive in the reanalysis (GHCN-D: 0.03 °C, ERA5: 0.26 °C). The spatial distribution of A showed a strong positive correlation of 0.763 between GHCN-D stations and ERA5, and GHCN-D showed many of the same patterns as ERA5 of, for example, regions of negative A centered over northern Siberia and the northern Great Plains of the United States, and positive A over western Europe (Figure 4b).





4. Discussion


Based on ERA5, over land in 1959–2021, annual maximum temperatures TXx warmed about 3% more slowly than 80th percentile daily maxima   T max 80   (by 1.56 versus 1.60 °C), for a negative mean amplification A (  − 0.04   °C). This refines the current perception in the scientific literature that the hot extremes of the temperature distribution, such as TXx, are increasing at about the same rate as its center, and that temperature variability shows no obvious trend [23,54]. A possible physical reason for a slower increase in TXx over land is the nonlinearity with temperature of thermal radiation emission, such that at higher temperatures, a given radiative forcing is balanced by a smaller temperature increase. On the other hand, over water, TXx has warmed about 18% faster than   T max 80   over the same period, for a positive mean A (  0.13   °C). This could be due to the temperature range over water being characteristically much less than over land, so that the nonlinearity in thermal emission is less important, along with an increase in land-sea summer temperature contrast (as the land surface has warmed faster than the oceans) [55], such that the incursion of continental air can now lead to higher peak temperatures compared to the new overwater mean temperature. Weighting by population instead of land area, mean A was not significantly different from zero.



Along with the mean value for amplification A, there was pronounced regional variability. Some regions, including much of Europe, north-central India, the south-central United States, and inland southeast and southwest Australia, had annual maximum temperatures increasing much faster than typical summer temperatures (positive A). In other cases, such as over the Ganges basin, northeast Africa, the northern Great Plains of central North America, and much of Siberia, annual maxima have warmed much less (negative A). These regional differences can have important implications for the frequency of the most severe impacts on human and ecosystem health.



Ref. [56] found that hot days over tropical land warm more than the average day, which is attributed to a ’drier get hotter’ mechanism. This is based on the idea that the days with the highest temperature tend to be the driest ones (with low soil moisture), and therefore less of the additional heat can go to evaporating water, compared to average days in the moist tropics. This hypothesis is consistent with the positive mean populationweighted amplification seen over primarily tropical Africa, Oceania, and South America. However, plotting mean ERA5 amplification by latitude over land (not shown) did not reveal clear overall trends. Northwest Europe could be an example of an extratropical region that normally has abundant moisture during the hot season for evaporation that keep temperatures down, but can be subject to occasional drought that dominates TXx [57,58,59], explaining the strongly positive A there. Over water, by contrast, where the moisture supply does not limit evaporation, the trend was towards higher amplification in the mid-latitudes, which at least in the Northern Hemisphere possibly reflects the faster warming over land there that leads to relatively hotter available continental air. Climatemode experiments also show that the plant physiological response to rising CO2 levels, including higher water use efficiency, tends to increase TXx over Europe while decreasing it over central North America [60], which is broadly consistent with the trends shown here.



The strengths of this study include defining an amplification metric to exclude diurnal and seasonal effects, using a state-of-the-art reanalysis with high spatial and temporal resolution, and analysis at global and continental scales. On the other hand, many factors such as topography, biome, and soil type may also affect amplification, and could be examined in future research. Land cover and land use aspects such as urbanization [15] and irrigated agriculture [61,62], as well as atmospheric forcing agents such as aerosols [63], clearly affect amplification and also need to be considered. While the correlation of amplification with an area equipped for irrigation was investigated here and found to be small overall, it may be important regionally, depending for example on the seasonality of irrigation versus that of peak temperature.



In addition, by considering only temperature as an extreme heat metric, this study left out the role of humidity in aggravating heat stress. For example, while irrigation is modeled to mitigate hot temperature extremes, it also increases humidity and therefore potentially measures of humid heat extremes [34,37]. Moreover, amplification showed strong regional variability beyond the pattern associated with climate zones, likely due to local surface conditions and atmospheric circulation. For example, Europe, where heat extremes are associated with the flow of Saharan air from the south combined with local drought [58,64], showed particularly high amplification. Another hot spot of high A was in the southern Amazon basin, which could be associated with forest clearing and conversion to agriculture and pasture, which makes evapotranspiration far more seasonal [65,66,67].



The amplification measure considered here using ERA5 and station data could also be investigated in global climate model simulations. If climate models are able to accurately simulate observed regional variability in A, more confidence could be placed in their projections of future changes in A. It can be hypothesized that if global warming continues, the distribution of A will gradually shift over time as climate zones migrate [68,69] and moisture limitation of evaporation becomes more widespread in the tropics and temperate zones [70].



The comparison of temperature percentiles and their trends in ERA5 with station-based daily maximum temperature data showed substantial agreement between the reanalysis and station observation. Some discrepancies were identified, such as ERA5 having too little summer warming over the Great Lakes. These could be investigated further and hopefully corrected in future reanalysis versions.




5. Conclusions


It was found that over land, the maximum annual temperature tended to increase slightly more slowly than the 80th percentile maximum temperature, for a negative amplification (or dampening) of the hot temperature extremes. By contrast, over water, there was positive mean amplification. Specific continents and regions in the moist tropics and temperate mid-latitudes, such as much of Africa and Europe, showed positive amplification. Amplification could be affected by land-atmosphere feedbacks, including those associated with irrigated areas and with the physiological effects of rising CO2 concentrations on plant transpiration, as well as with regional circulation and land use changes, which need to be investigated in more detail. These findings provide a new target for climate model calibration, and insight for evaluating the changing risk of temperature extremes.
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Figure 1. (a) ERA5 mean   T max 80   (°C), 1959–2021. (b) ERA5 mean difference between TXx and   T max 80   (°C), 1959–2021. 






Figure 1. (a) ERA5 mean   T max 80   (°C), 1959–2021. (b) ERA5 mean difference between TXx and   T max 80   (°C), 1959–2021.



[image: Climate 11 00042 g001]







[image: Climate 11 00042 g002 550] 





Figure 2. (a) Smoothed ERA5 change in   T max 80   (K), 1959–2021. (b) Smoothed ERA5 change in the difference between TXx and   T max 80   (K), 1959–2021. 
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Figure 3. (a) Smoothed ERA5 change in different percentiles of   T max  , 1959–2021, by continent (area-weighted average), showing every 10th percentile up to the 60th, then every percentile. The 0th percentile corresponds to the coldest   T max   of each year and the 100th percentile to the annual maximum temperature TXx. (b) Same, but using population-weighted averages. 
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Figure 4. (a) Locations of GHCN-D stations available to compare with ERA5. (b) Change in the difference between TXx and   T max 80   (°C), 1959–2021, based on spatial interpolation of GHCN-D stations. In the interpolation scheme, station values were weighted based on distance to each interpolation point with an exponential decay length scale of 2°. Interpolation was not performed for grid points over 4° away from a GHCN-D station. 
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Table 1. Smoothed change in   T max 80  , TXx, and in their difference (amplification A) over 1959–2021 in ERA5 by water/land and continent.
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	    Δ  T max 80     
	  Δ  TXx
	A





	Water
	0.72
	0.85
	0.13 *



	Land
	1.60 (0.82)
	1.56 (0.92)
	−0.04 * (0.10)



	Africa
	1.71 (1.90)
	1.69 (2.40)
	−0.02 (0.49 *)



	Asia
	1.68 (1.15)
	1.46 (1.27)
	−0.22 * (0.12)



	Australia
	0.01 (0.39)
	1.00 (0.52)
	0.99 (0.13)



	North America
	1.70 (1.43)
	1.57 (1.92)
	−0.13 (0.59)



	Oceania
	1.32 (0.61)
	1.13 (0.72)
	−0.19 (0.11 *)



	South America
	1.10 (1.20)
	1.04 (1.44)
	−0.06 (0.25 *)



	Antarctica
	1.34
	1.30
	−0.05



	Europe
	2.19 (1.70)
	2.48 (2.14)
	0.29 * (0.44)







The values in parentheses are population-weighted averages; the other values are area-weighted averages. Starred values of A are significantly different from zero at the 0.05 level (two-tailed).
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