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• Heat waves are becoming more fre-
quent, longer-lasting and more intense
in most Southeast Asia.

• HWs based on minimum temperatures
increase at higher rate than based on
maximum temperatures.

• Wet-bulb temperature based HWs
show larger increasing trends in Malay
and Indochina Peninsulas.

• Nearly all HW metrics are significantly
correlated with El Nino index, but IOD
only impacts Java.

• Comparison with different reanalysis
datasets demonstrates robustness of
our findings.
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In tropics, especially Southeast Asia (SEA), heat wave (HW) research is seriously scarce although several global
studies haveprojected this region to be greatly susceptible to increasingHWevents under climate change scenar-
ios. Using the recently released ERA5 reanalysis data, we find that in most parts of SEA, HWs are becoming more
frequent, longer-lasting and stronger, no matter using dry-bulb or wet-bulb temperatures to define HW. The in-
creasing trends of HW characteristics based onminimum temperatures are larger than those based onmaximum
temperatures, suggesting an alarming situation of anomalously warm night. HW characteristics based on wet-
bulb temperatures show higher increasing rates in the IndoChina Peninsula and Malay Peninsula than those
based on dry-bulb temperatures. Nearly all HW characteristics are significantly correlated with El Niño index,
but Indian Ocean Dipole only significantly impacts HW characteristics based on wet-bulb temperature in Java.
Results derived from other reanalysis products exhibit general agreementwith those fromERA5, lending support
to the findings reported herein. This study highlights the different role of humidity in changing HW trends in dif-
ferent regions of SEA, and calls for attention to the associated risk of increasing nighttime temperatures during
HWs.
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1. Introduction

A heat wave (HW) is usually defined broadly as prolonged period
(usually several consecutive days) with temperature exceeding pre-
scribed thresholds. Its specific definition, however, varies greatly
among sectors and depends heavily on the purpose of the applications
(Gosling et al., 2009). HWs can produce local and regional impacts on
environment and society, including health (Mora et al., 2017; Xu et al.,
2016), infrastructure (e.g., Li, 2018), and economy (Xia et al., 2018).
For health, it is the sustained nature of heatwaves that impose more
devastating impacts than extreme temperatures on a single day, since
excessive humanmorbidity andmortality rates are generally associated
with extreme temperatures in an extended period (Perkins-Kirkpatrick
and Gibson, 2017). HW has been the most deadly natural hazard in
Australia (Coates et al., 2014) and caused more deaths in US cities
than all other weather events combined (NWS, 2018). Huang et al.
(2018) also demonstrated the acute and cumulative effect of HW on
mortality in Thailand, one of Southeast Asian countries characterized
by hot and humid climate.

Humidity is another variable often involved inHWor heat stress def-
inition (Sherwood, 2018), because high humidity may aggravate im-
pacts of HWs on human thermoregualtion (Schär, 2016) and impair
labor productivity (Dunne et al., 2013). In hot environment, evaporation
is the primary means by which bodies cool. When temperature and hu-
midity are high, evaporative cooling is restricted and the body core tem-
perature may rise. But a normal human body's temperature is
maintained within a very narrow limit of ±1°C (Epstein and Moran,
2006), the body cannot adjust temperature if body temperature exceeds
levels of certain threshold, which can cause detriments to physical and
Fig. 1. Terrain of the study area, with
cognitive functions. Recent studies have found the combined tempera-
ture and humidity responsible for the high mortality in India and
Pakistan during the 2015 HW (Wehner et al., 2016).

As the combined effect of temperature and humidity, the wet
bulb temperature Tw is argued to be one of the best quantities in
human health applications associated with heat stress in hot,
humid environment (Davis et al., 2016). Tw is defined as the temper-
ature achieved by an air parcel if we evaporate water into it until sat-
uration at constant pressure. Increasing Tw reduces the human
body's cooling ability. Tw establishes a clear thermodynamic limit
on heat transfer that cannot be overcome by acclimatization or adap-
tation (Sherwood and Huber, 2010; Coffel et al., 2017). Sherwood
and Huber (2010) proposed a concept of human survivability thresh-
old based on Tw, with an upper limit at 35 °C; when Tw exceeds this
upper limit, metabolic heat can no longer be dissipated. Although
current observation of Tw rarely exceeded 31 °C (Sherwood and
Huber, 2010), a recent HW event around the Persian Gulf saw a re-
cord Tw of 34.6 °C (Schär, 2016), very close to the critical threshold
of 35 °C. Raymond et al. (2017) examined Tw extremes in US and
found that humidity variations are more important than those of
temperature in creating extreme Tw.

There are several other indices used in the literature to quantify the
effect of humidity on heat stress, including apparent temperature
(e.g., Li et al., 2018), wet-bulb global temperature (WBGT)
(e.g., Willett and Sherwood, 2012), heat index (e.g., Russo et al.,
2017), and equivalent temperature (Pielke Sr et al., 2004; Schoof et al.,
2017). Unlike Tw which has a clearly established thermodynamic limit,
most of these indices are significantly affected by local environmental,
physiological, and sociological factors. Therefore, Tw is arguably more
the names of different regions.



Fig. 2. Probability distribution of daily (a) Tmax and Tmin; (b) Tw, max and Tw. min from ERA5
and observations at Changi station in Singapore from 1982 to 2018.
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suitable for long-term climate study of extreme heat events considering
the impact of humidity.

In many parts of the world where long-term surface observations
are limited or of poor quality, such as Southeast Asia (SEA), atmospheric
reanalyses have provided a significant source of data for weather and
climate research (Grotjahn et al., 2016). Reanalysis data consist of an
optimal blend of observations and model simulations to represent the
best estimate of the atmospheric state, and provide physically and dy-
namically consistent dataset over the period being reanalyzed, which
are enforced by the data assimilation process. Moreover, the estimation
of temperature extremes near the ground is usually difficult, since ex-
treme values in instrumental data are susceptible to noise and bad
data values and require very careful data quality control. Reanalysis
data can eliminate bad data values by using the forecast fields, and
thus are increasingly utilized in extreme climate event study (e.g., Li
et al., 2018, Luo and Lau, 2018). The use of reanalysis data also extends
the study to locations that do not have observational data readily avail-
able (Li et al., 2018, Hassim and Timbal, 2019).

In SEA region, while some regional studies of climate extreme indi-
ces have been carried out covering some countries (Manton et al.,
2001; Caesar et al., 2011; Cheong et al., 2018), there have been no sys-
tematic investigations of HWs, especially on the effect of high humidity.
This situation is alarming since the capacity to adapt and manage the
risks of extreme heat is often limited in the tropics (IPCC, 2007). Recent
studies have projected thatmost of the tropical regionswill spendmuch
of the year above the highest historical Tw by 2060–2080 under Repre-
sentative Concentration Pathways (RCP) 8.5 scenario (Coffel et al.,
2017), and the extent of exposure to maximum Tw above 31 °C will
reach 20% of the land area in SEA (Im et al., 2018). Other projections
also show the most striking changes in the tropics, with over 30 extra
heatwave days per season, and 4–6 days increase of the longest heat
wave event in SEA per °C of global temperature rise (Perkins-
Kirkpatrick and Gibson, 2017).

In this study, we try to narrow this gap of HW research in SEA and
explore the trends of HWs based on both dry- and wet-bulb tempera-
tures. We use the new reanalysis dataset ERA5 to derive the extreme
temperature data for SEA. By examining the differences of HWs based
on dry- and wet-bulb temperatures, we will highlight the regional im-
pact of humidity.

2. Data and method

2.1. Data

For such a data-scarce region as SEA, there are no long-term high-
quality daily observational data available. This region is usually under-
represented in previous global studies (e.g., Perkins et al., 2012). Though
several regional studies of temperature extremes have been performed
(e.g., Caesar et al., 2011, Cheong et al., 2018), those station data remain
unavailable to the research community. A gridded dataset of observed
daily maximum and minimum temperatures for SEA, SA–OBS (Van
den Besselaar et al., 2017) is available, but no humidity information ex-
ists. SA-OBS is based on station data provided bymeteorological services
of SEA countries, within a project called the Southeast Asian Climate As-
sessment and Dataset (SACA&D; http://sacad.database.bmkg.go.id). To
overcome these problems, the new ERA5 reanalysis data (Copernicus
Climate Change Service, 2017) produced by European Center for
Medium-Range Weather Forecasting (ECMWF) is used in this study.
As the successor of ERA-Interim (Dee et al., 2011), ERA5 reanalysis is
produced using the Integrated Forecast System (IFS) cycle 41r2 with
4-D-Var data assimilation, at a horizontal resolution of ~31 km
(~0.25°) and temporal resolution of 1 h. In addition to the higher reso-
lutions, ERA5 assimilatesmore observational data from stations and sat-
ellites than ERA-Interim, and improves upon ERA-Interim in various
other aspects including the better representation of tropospheric pro-
cesses, better precipitation over land in the deep tropics, better soil
moisture, and more consistent sea surface temperatures and sea ice
(Hennermann and Berrisford, 2018). ERA5 has been used in several
studies, and shown significant improvements in various aspects
(e.g., Albergel et al., 2018, Chen et al., 2020, Hoffmann et al., 2019). Com-
paredwith previous reanalysis datasets, ERA5 demonstrated greatly re-
duced bias in surface air temperature (Betts et al., 2019; Graham et al.,
2019; Mahto and Mishra, 2019), specific humidity (Graham et al.,
2019), precipitation (Mahto and Mishra, 2019; Tarek et al., 2019), and
wind speed (Graham et al., 2019).

The study period covers 1979 to 2018, with a spatial range between
95–120°E and 10°S–15°N (Fig. 1). The region is characterized by com-
plex terrains and coastlines, and there is no distinct seasonal variation
in most of the region. The hourly wet-bulb temperature Tw is calculated
based on Davies-Jones (2008) using 2-m air temperature T, 2-m
dewpoint temperature and surface pressure from ERA5. The daily max-
imum andminimum T and Tw are then calculated from the hourly data.
Some preliminary comparisons between the ERA5-derived daily maxi-
mum andminimum T and Tw and observations (Changi climatic station
in Singapore and SA-OBS) are presented in Figs. 2–4. The comparison
with observations at Changi station (103.9826°E, 1.3678°N) shows
that ERA5 underestimates Tmax and overestimates Tmin; however, the

http://sacad.database.bmkg.go.id
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variability of Tmax is generally retained while the mean is shifted
(Fig. 2a). For Tmin, both the mean and variability are shifted towards
the higher end (Fig. 2a). The situation of Tw, max is similar to that of
Tmax, with less shit of mean (Fig. 2b). ERA5 produces good estimate of
Tw, min mean, with less extremes in the variability (Fig. 2b). Compared
with SA-OBS, ERA5 also shows generally underestimated Tmax (Fig. 3)
and overestimated Tmin (Fig. 4). Specifically, ERA5 produces higher
Fig. 3. The daily Tmax bias (°C) of ERA5 compared with SA-OBS. (a) The mean o
Tmax in eastern IndoChina Peninsula, northern Borneo and the middle
of Malay Peninsula (Fig. 3). Relatively higher overestimation of Tmin

can be found in the IndoChina Peninsula, southern Borneo, and the
west coast of Sumatra (Fig. 3).Most of these overestimations seemasso-
ciated with high-altitude areas (see Fig. 1 for the terrain in SEA). One
minor reason for these discrepancies is that we derive daily maximum
and minimum temperatures based on hourly data, and hence miss the
f the bias; (b) 90%; (c) 75%; (d) 50%; and (e) 25% percentiles of the bias.
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sub-hourly extreme temperatures. A further comparison with data de-
rived from ERA5 sub-hourly data (not shown here) shows that the
sub-hourly extreme temperatures can slightly improve the agreement
of the daily minimum temperature, but have no effect in that of the
daily maximum temperature. Here we still choose to use hourly data,
so that daily dry- and wet-bulb temperatures are derived in the same
way.
Fig. 4. The daily Tmin bias (°C) of ERA5 compared with SA-OBS. (a) The mean o
To test the robustness of the conclusions drawn from ERA5, several
other reanalysis datasets are also used to derive HW trends in SEA, in-
cluding ERA-Interim (Dee et al., 2011), the National Aeronautics and
Space Administration (NASA) Modern-Era Retrospective Analysis for
Research and Applications 2 (MERRA-2; Gelaro et al., 2017), and theNa-
tional Centers for Environmental Prediction (NCEP) Climate Forecast
System Reanalysis (CFSR; Saha et al., 2010). Unlike ERA5 or ERA-
f the bias; (b) 90%; (c) 75%; (d) 50%; and (e) 25% percentiles of the bias.



Fig. 5. Heat wave trends of (a,b) HWF (number of days participating in an event); (c,d) HWN (number of heat wave events); and (e,f) HWA (maximum intensity of the hottest event)
based on (a,c,e) TX90pct and (b,d,f) TWX90pct. Trends are calculated for 1979–2018 using the non-parametric Theil-Sen slope estimator at 95% confidence level. The hatches
represent areas with statistical significant trends. The units are days/decade for HWF, events/decade for HWN and °C/decade for HWA.
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Fig. 6. Heat wave trends of (a,b) HWF (number of days participating in an event); (c,d) HWN (number of heat wave events); and (e,f) HWA (maximum intensity of the hottest event)
based on (a,c,e) TN90pct and (b,d,f) TWN90pct. Trends are calculated for 1979–2018 using the non-parametric Theil-Sen slope estimator at 95% confidence level. The hatches
represent areas with statistical significant trends. The units are days/decade for HWF, events/decade for HWN and °C/decade for HWA.
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Interim, CFSR and MERRA-2 did not assimilate 2-m temperature and
humidity.

The El Niño-Southern Oscillation (ENSO) and Indian Ocean Dipole
(IOD) have great impact on SEA climate (e.g., Saji et al., 1999, D'Arrigo
and Wilson, 2008, Tangang et al., 2008, Hong and Li, 2009, Villafuerte
and Matsumoto, 2015, Tangang et al., 2017). In order to study the im-
pacts of ENSO on HWs in SEA, we use the Oceanic Niño index (ONI) ob-
tained from NOAA Climate Prediction Center (https://origin.cpc.ncep.
noaa.gov/products/analysis_monitoring/ensostuff/ONI_v5.php) to
quantify ENSO variability. ONI measures the sea surface temperature
(SST) anomaly at 5°N - 5°S, 170°W - 120°W, and is calculated as a 3-
month running mean. The ONI usually peaks during the boreal winter
DJF (December, January and February), and ONI in DJF is used here.
The IOD is commonly measured by the dipole mode index (DMI),
which is calculated as the difference between SSTs in the western
(50°E to 70°E and 10°S to 10°N) and eastern (90°E to 110°E and 10°S
to 0°S) equatorial Indian Ocean. A positive (negative) IOD is associated
with a cooling (warming) off the Sumatra coast and a warming
(cooling) over the western equatorial Indian Ocean. The monthly DMI
data was obtained from NOAA (https://www.cpc.ncep.noaa.gov/
products/GODAS/multiora/index/mnth.ersstv5.clim19812010.dmi_
current.txt) and the yearly mean DMI is used. The non-parametric
Fig. 7. Time series of (a,b) HWF; (c,d) HWN; and (e,f) HWA based on
Spearman's correlation is used to quantify the correlation between
ONI and DMI and HW characteristics.

2.2. Heat wave definition

We use relative thresholds in HW definitions. Four thresholds are
employed to calculate HWs over the entire year:

1. TX90pct (TN90pct): the threshold is the calendar-day 90th percen-
tile based on a 15-day moving average for daily Tmax (Tmin).

2. TWX90pct (TWN90pct): the threshold is the calendar-day 90th per-
centile based on a 15-day moving average for daily Tw, max (Tw, min).

In this way, the 90th percentile is relative to the time of year
as well as the location. The HW is then defined when
the respective threshold is exceeded for at least three consecutive
days.

For each of the four HW definitions, various characteristics of HW
frequency, duration and intensity are calculated for each year (Fischer
and Schär, 2010; Perkins and Alexander, 2013):

1. HWF: the total number of days satisfying HW definition;
2. HWN: the total number of HW events; and
(a,c,e) TX90pct and (b,d,f) TWX90pct for the five regions in SEA.

https://origin.cpc.ncep.noaa.gov/products/analysis_monitoring/ensostuff/ONI_v5.php
https://origin.cpc.ncep.noaa.gov/products/analysis_monitoring/ensostuff/ONI_v5.php
https://www.cpc.ncep.noaa.gov/products/GODAS/multiora/index/mnth.ersstv5.clim19812010.dmi_current.txt
https://www.cpc.ncep.noaa.gov/products/GODAS/multiora/index/mnth.ersstv5.clim19812010.dmi_current.txt
https://www.cpc.ncep.noaa.gov/products/GODAS/multiora/index/mnth.ersstv5.clim19812010.dmi_current.txt
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3. HWA: the intensity of the hottest day (amplitude) of the hottest
event. Please note this definition is the same as in Perkins and
Alexander (2013), but different from those used in other studies,
which used absolute temperature for HWA (Fischer and Schär,
2010; Perkins et al., 2012).

The trends of various HW characteristics in each grid are calculated
using the non-parametric Theil-Sen slope estimator (Sen, 1968), and
the statistical significance of these trends is tested using Mann-
Kendall test (Mann, 1945) at the 95% level. Since extreme events like
HWs by definition occur within the tail of a distribution, non-
parametric methods are highly recommended and widely applied for
the trend estimation of climate extremes.

3. Results

3.1. Heatwave trends

The HWF (the yearly total number of HW days) based onmaximum
T (Fig. 5a) and Tw (Fig. 5b) shows statistically significant increasing
trends in IndoChina Peninsula and Borneo, and non-significant smaller
increasing trends in Java. In Malay Peninsula, HWF based on Tmax
Fig. 8. Time series of (a,b) HWF; (c,d) HWN; and (e,f) HWA based on
shows small, non-significant increasing trends along the west coast
and the mountain ranges in the middle (Fig. 5a). In southern Sumatra,
HWF based on Tw, max exhibits a small decreasing trends, which are
not statistically significant (Fig. 5b). Both HWF(TX90pct) and HWF
(TWX90pct) have a general south-to-north gradient, from1 day/decade
in Java to about 10 days/decade in IndoChina Peninsula. The spatial pat-
terns of HWN trends (Fig. 5c, d) highly resemble those of HWF. The
trends for HWA (the maximum intensity of the yearly hottest event)
based on maximum T (Fig. 5e) and maximum Tw (Fig. 5f) are less spa-
tially coherent, and no statistically significant trends can be found in
Java. Statistically significant trends of HWA(TX90pct) can be seen in
parts of IndoChina Peninsula, the east coast of Malay Peninsula, and
parts of Sumatra and Borneo. Compared with HWA(TX90pct), it
seems that more areas are showing statistically significant trends of
HWA(TWX90pct), in most part of the IndoChina Peninsula, the whole
Malay Peninsula, northern Borneo and a small part of Sumatra.

The trends of HW characteristics based on minimum T and Tw are
shown in Fig. 6. The prominent feature is that all trends are positive al-
most everywhere, indicating a general increasing trend of temperature
extremes in SEA. HWF (Fig. 6a,b) increases by about 12 days/decade in
the IndoChina Peninsula, and below 4 days/decade in most of other re-
gions. HWF(TWN90pct) (Fig. 6b) is higher than HWF(TN90pct)
(a,c,e) TN90pct and (b,d,f) TWN90pct for the five regions in SEA.



Table 2
Spearman's correlation coefficients of the detrended regionally-averaged heatwave char-
acteristics andOceanicNiño Index (ONI) inDJF (December, January, and February). Shown
in parentheses are the corresponding p-values, which are omitted if pb0.05.

Regions Threasholds HWF HWN HWA

Malay Peninsula TX90pct 0.46 0.48 0.47
TN90pct 0.49 0.48 0.59
TWX90pct 0.25(0.11) 0.28(0.08) 0.47
TWN90pct 0.53 0.52 0.66

Sumatra TX90pct 0.31(0.05) 0.35 0.26(0.10)
TN90pct 0.40 0.43 0.56
TWX90pct 0.62 0.63 0.71
TWN90pct 0.51 0.52 0.66

Borneo TX90pct 0.35 0.32 0.36
TN90pct 0.37 0.38 0.53
TWX90pct 0.33 0.32 0.41
TWN90pct 0.42 0.42 0.56

Java TX90pct 0.52 0.52 0.52
TN90pct 0.39 0.36 0.44
TWX90pct 0.44 0.46 0.35
TWN90pct 0.39 0.41 0.40

IndoChina TX90pct 0.49 0.55 0.60
TN90pct 0.53 0.57 0.46
TWX90pct 0.25(0.13) 0.27(0.09) 0.13(0.41)
TWN90pct 0.33 0.36 0.10(0.55)

Table 1
Trends of regionally-averaged heatwave characteristics. The units are days/decade for
HWF, events/decade for HWN and °C/decade for HWA. All the trends are statistically sig-
nificant at 95% level.

Regions Thresholds HWF HWN HWA

Malay Peninsula TX90pct 3.35 ± 2.64 0.90 ± 0.65 0.45 ± 0.36
TN90pct 6.70 ± 3.38 1.70 ± 0.80 0.65 ± 0.16
TWX90pct 4.05 ± 1.73 1.12 ± 0.45 0.66 ± 0.15
TWN90pct 5.64 ± 2.56 1.44 ± 0.59 0.56 ± 0.10

Sumatra TX90pct 4.64 ± 1.54 1.03 ± 0.29 0.51 ± 0.17
TN90pct 7.52 ± 2.79 1.85 ± 0.62 0.58 ± 0.16
TWX90pct 2.04 ± 1.15 0.58 ± 0.32 0.30 ± 0.12
TWN90pct 6.14 ± 2.21 1.52 ± 0.52 0.46 ± 0.11

Borneo TX90pct 5.21 ± 1.93 1.28 ± 0.40 0.79 ± 0.20
TN90pct 5.18 ± 2.43 1.36 ± 0.63 0.56 ± 0.13
TWX90pct 3.03 ± 1.36 0.87 ± 0.40 0.50 ± 0.14
TWN90pct 4.90 ± 2.25 1.29 ± 0.58 0.45 ± 0.11

Java TX90pct 3.63 ± 2.69 0.92 ± 0.67 0.34 ± 0.23
TN90pct 5.66 ± 2.02 1.46 ± 0.49 0.63 ± 0.14
TWX90pct 1.84 ± 1.20 0.48 ± 0.32 0.25 ± 0.20
TWN90pct 5.38 ± 1.87 1.34 ± 0.43 0.51 ± 0.18

IndoChina TX90pct 7.78 ± 2.91 1.54 ± 0.52 0.63 ± 0.25
TN90pct 8.78 ± 2.58 1.96 ± 0.57 0.76 ± 0.18
TWX90pct 7.56 ± 2.75 1.83 ± 0.63 0.74 ± 0.18
TWN90pct 11.0 ± 2.95 2.39 ± 0.58 0.84 ± 0.26
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(Fig. 6a) in the IndoChina Peninsula, while they are comparable in most
of other regions. In Borneo, the HWF increasing trends based on the
maximum temperatures (Fig. 5b) are higher in the north, while those
based on theminimumtemperatures are higher in the southern Borneo.
As noted above, HWN trends (Fig. 6c,d) follow closely the spatial pat-
terns of HWF. There are less areas showing statistically significant in-
creasing trends of HWA(TWN90pct) (Fig. 6f) than HWA(TN90pct)
(Fig. 6e), which is reverse to the case of HWA based on the maximum
temperatures (Fig. 5e,f). In Java, HWA shows small and mostly non-
significant increasing trends; however, these trends are still larger
than their counterparts based on the maximum temperatures (Fig. 5e,
f). Except in the IndoChina Peninsula, the trends of HWA are generally
small, mostly around 0–0.4 °C/decade. This can be attributed to the nar-
row range of T and particularly Tw in SEA.

Comparing Figs. 5 and 6, it can be seen that the HW characteristics
based on the minimum temperatures are more spatially coherent than
those based on the maximum temperatures. Also the trends based on
the minimum temperatures are larger than their counterparts based
on themaximum temperatures. This is consistent with previous studies
of temperature extremes in this region (e.g. Manton et al., 2001, Caesar
et al., 2011, Cheong et al., 2018) or globally (e.g. Alexander et al., 2006),
which demonstrated that minimum temperatures are increasing at a
higher rate than maximum temperatures. While high daytime maxi-
mum temperature is known to affect human life and health, anoma-
lously warm nighttime minimum temperatures have been linked to
increased mortality and detrimental health effects in high-impact
HWs across the globe during the past few decades (Nissan et al.,
2017). Therefore, the higher increasing trends of temperature extremes
based onminimum temperatures are alarming and call for more neces-
sary mitigation and adaptation measures targeting at lowering night-
time temperatures.

Shown in Figs. 7 and 8 are time series of regionally-averaged HW
characteristics. All the HW characteristics exhibit increasing trends re-
gardless of HW definitions. HWF and HWN are generally higher when
using Tw to define HWs, while HWA based on Tmax is higher than that
based on Tw, max, and HWA based on Tmin is lower than that based on
Tw, min. In Java, there were around 200 total HWdays and 25 HWevents
during 2016 based on Tw, min. HWF and HWN based on minimum tem-
peratures are higher than those based on maximum temperatures.
Though HW characteristics display different magnitudes and change
rates in different regions, their time series patterns show very high sim-
ilarities (correlations are high). The highmagnitudes generally coincide
with strong El Niño years, i.e., 1983, 1998, 2010 and 2016. This indicates
the strong impacts of El Niño on climate extremes in SEA (e.g., Lin et al.,
2018). The correlations of HW characteristics with ENSO will be exam-
ined in the next section.

Table 1 lists the trends of regionally-averaged HW characteristics
based on different thresholds. All the trends are positive and statistically
significant, signifying more frequent, longer, and more intense HWs in
all the regions in SEA. For all regions, HW characteristics based on min-
imum temperatures show faster increasing trends than their counter-
parts based on maximum temperatures, except HWA in Malay
Peninsula and Borneo. Among different regions, HW characteristics
based on T and Tw also display some dissimilarities. For the IndoChina
Peninsula, HWs based on Tw show faster trends than their counterparts
based on T; while for Sumatra, Borneo, and Java, the reverse is true. For
the Malay Peninsula, the comparison gives mixed results: HW charac-
teristics based on TX90pct increasemore slowly than the corresponding
characteristics based on TWX90pct, while those based on TN90pct show
faster increasing trends than their counterparts based on TWN90pct.

3.2. Impact of ENSO and IOD

Figs. 7 and 8 show that the high magnitudes of HWF and HWN gen-
erally coincide with strong El Niño years. Across different regions, Java
shows strongest responses to El Niño in HWF and HWN, especially
when based on Tw, while IndoChina Peninsula shows highest HWA, es-
pecially after 1998. To quantify the impact of ENSO on the HW charac-
teristics in various regions, the non-parametric Spearman's correlation
coefficients between ONI and detrended HW characteristics are listed
in Table 2. With few exceptions, all HW characteristics across different
regions show statistically significant correlations with ONI at 95%
level. For IndoChina Peninsula and Malay Peninsula, the HW character-
istics based on Tw generally show lower correlation coefficients than
those based on T. For Java, Borneo, and Sumatra, the correlation coeffi-
cients for T- and Tw-based HW characteristics are comparable, indicat-
ing that ENSO impacts the HWs based on dry- and wet-bulb
temperatures equally in these regions. Some notable exceptions are ob-
served for HWA, which shows statistically insignificant correlations in
Sumatra based on TX90pct, and in IndoChina based on Tw. This may be
related to the definition of HWA in this study, which is a relative quan-
tity (i.e., the temperature exceedance above the thresholds), while
HWN and HWF are defined based on absolute values. Consequently,



Table 3
Spearman's correlation coefficients of the detrended regionally-averaged heatwave char-
acteristics and Dipole Mode Index (DMI). Shown in parentheses are the corresponding p-
values, which are omitted if pb0.05.

Regions Threasholds HWF HWN HWA

Malay Peninsula TX90pct −0.15(0.37) −0.14(0.40) −0.09(0.60)
TN90pct −0.24(0.13) −0.23(0.16) −0.27(0.10)
TWX90pct −0.09(0.57) −0.11(0.50) −0.14(0.38)
TWN90pct −0.23(0.15) −0.22(0.17) −0.33

Sumatra TX90pct 0.10(0.56) 0.07(0.65) 0.16(0.33)
TN90pct −0.06(0.69) −0.05(0.76) 0.07(0.67)
TWX90pct −0.27(0.09) −0.29(0.07) −0.32
TWN90pct −0.15(0.34) −0.16(0.31) −0.16(0.33)

Borneo TX90pct 0.07(0.65) 0.08(0.61) 0.06(0.72)
TN90pct −0.10(0.55) −0.10(0.55) −0.06(0.72)
TWX90pct −0.11(0.49) −0.11(0.52) −0.24(0.14)
TWN90pct −0.13(0.42) −0.13(0.41) −0.14(0.40)

Java TX90pct −0.04(0.82) −0.06(0.71) 0.11(0.49)
TN90pct −0.23(0.15) −0.25(0.13) −0.41
TWX90pct −0.58 −0.58 −0.71
TWN90pct −0.39 −0.40 −0.66

IndoChina TX90pct −0.09(0.58) −0.16(0.33) −0.17(0.31)
TN90pct −0.10(0.56) −0.12(0.44) −0.10(0.54)
TWX90pct 0.02(0.92) −0.00(0.99) 0.07(0.68)
TWN90pct −0.06(0.71) −0.08(0.63) 0.01(0.98)
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the correlations betweenHWAandONI aremore geographically depen-
dent than those for the other two characteristics.

Table 3 lists the Spearman's correlation coefficients between DMI
and detrended HW characteristics. DMI and HW characteristics are
generally negatively correlated, since negative IOD causes warming in
the Sumatra coast. The only region that shows statistically significant
correlation coefficients is Java for HW characteristics based on Tw. In
IndoChina Peninsula, the coefficients are very close to zero with high
p-values, indicating that the impacts of IOD are quite small, if not negli-
gible. In other regions, the coefficients are between −0.3 and −0.1,
showing limited influence of IOD. It should be noted that we only
quantify the effects of ENSO and IOD on HW characteristics, without
considering the interactions between ENSO and IOD, and the possible
impacts associated with these interactions.

3.3. Comparison with other reanalysis datasets

Here we further test the robustness of the above findings based
on ERA5. Generally, trends of HW characteristics from different re-
analysis datasets are consistent, especially the trends based on the
minimum temperatures are larger than those based on the maxi-
mum temperatures. For brevity, Table. 4 only shows HWF based on
Tmin and Tw, min from different reanalysis datasets. These HWF from
different reanalysis datasets show quite consistent and statistically
significant increasing trends, although the specific numbers vary. In
the IndoChina Peninsula, the trends based on Tw, min are higher
Table 4
Comparison of trends of regionally-averaged HWF(TN90pct) and HWF(TWN90pct) from
different reanalysis datasets. All are statistically significant at 95% level. The units are days/
decade. MP: Malay Peninsula; SM: Sumatra; BN: Borneo; JA: Java; and IC: IndoChina
Peninsula.

HWF(TN90pct) MP SM BN JA IC

ERA5 6.70 7.52 5.18 5.66 8.78
ERA-Interim 2.33 5.03 5.32 4.4 6.09
MERRA2 7.07 5.47 4.19 4.32 6.21
CFSR 8.27 7.54 5.65 6.63 9.16
HWF(TWN90pct) MP SM BN JA IC
ERA5 5.64 6.14 4.90 5.38 11.0
ERA-Interim 6.55 4.46 7.15 7.18 9.86
MERRA2 7.23 5.83 5.12 4.55 9.41
CFSR 9.12 6.84 5.68 6.82 8.75
than those based on Tmin, except in CFSR. In other regions, the com-
parison between trends based on Tmin and Tw, min is complicated,
and not always consistent with that based on ERA5. This demon-
strates that there are still many inconsistencies across different re-
analysis datasets, as shown by Schoof et al. (2017) in evaluating
different reanalysis datasets for HWs in US.
4. Discussions and conclusions

The present study analysed the heatwave (HW) characteristics (fre-
quency, duration and intensity) from 1979 to 2018 in Southeast Asia, a
region largely unexplored previously but climatologically important.
Due to the data scarceness in this region, a new, state-of-the-art reanal-
ysis dataset, ERA5, from ECMWF was utilized to calculate those HW
characteristics based on both (dry-bulb) air temperature and wet-bulb
temperature. Our study showed that all characteristics (HWF, HWN
and HWA) based on various HW definitions exhibit increasing trends
in SEA, although their magnitudes and statistical significance vary
across different regions. This is consistent with the more frequent,
longer-lasting andmore intense HWcharacteristics globally. Of particu-
lar interest is that HWs based on wet-bulb temperatures show mostly
larger trends than those based on dry-bulb temperatures in the Malay
Peninsula and IndoChina Peninsula, indicating the important part
played by humidity. Also of great health concern is that HWs based on
minimum temperatures are increasing at a much higher rate than
their counterparts based on maximum temperature, since high night-
time temperatures can lead to higher mortality rate during HWs (Ho
et al., 2017).

To our limited knowledge, the present study is the first compre-
hensively looking into HW characteristics in SEA. Luo and Lau
(2018) investigated the HW trends in the IndoChina Peninsula
based on dry-bulb temperature using CFSR from 1979 to 2010. Al-
though they used different definition of HW from ours, surprisingly
our results agree well with their trends of HWF (3.75 and
14.0 days/decade for dry and wet seasons, respectively) and HWA
(0.34 and 1.05 °C/decade for dry and wet seasons, respectively).
Their trends of HWN are rather small (0.45 and 0.87 events/decade
for dry and wet seasons, respectively), since they calculated the
trends for dry and wet seasons separately. This good agreement
demonstrates that our analyses of HW characteristics are robust
and that humidity is responsible for the large increasing trends
seen in our study. Further tests with several other reanalysis datasets
also showed that our findings are generally robust, although some
inconsistencies existed across different datasets.

While studies of climate extremes based on reanalysis data are
emerging in regions with scarce or unreliable observations, cautions
should be taken and careful validation against high-quality observation
data (when they become available) is strongly desirable (Grotjahn et al.,
2016). Further investigations will focus on the relation between HW
and climate variability, large scale atmospheric circulation and land-
atmosphere interactions. For example, ENSO and IOD are known to im-
pact the temperature and precipitation in SEA, as demonstrated in the
present study and Thirumalai et al. (2017). The present study has
shown that ENSO and IOD impact HWs in different regions in different
ways; yet the mechanisms of ENSO and IOD's contributions to HWs
are to be further studied and quantified. Future changes of HWs under
different climate change scenarios are also of great concern to the
SEA's policy makers and general public.
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