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ABSTRACT 

There is high confidence that climate change has increased the probability of concurrent temperature-

precipitation extremes, changed their spatial-temporal variations, and affected the relationships between 

drivers of such natural hazards. However, the extent of such changes has been less investigated in Australia. 

Daily weather data (131 years, 1889-2019) at 700 grid cells (1◦ × 1◦) across Australia was obtained to calculate 

annual and seasonal mean daily maximum temperature (MMT) and total precipitation (TPR). A 

nonparametric multivariate copula framework was adopted to estimate the return period of compound hot-

dry (CHD) events based on an ‘And’ hazard scenario (hotter than a threshold ‘And’ drier than a threshold). 

CHD extremes were defined as years with joint return periods of larger than 25 years. Mann-Kendall 

nonparametric tests was used to analyse trends in MMT and TPR as well as in the frequency of univariate 

and CHD extremes. A general cooling-wetting trend was observed over 1889-1989. Significant increasing 

trends were detected over 1990-2019 in the frequency and severity of hot extremes across the country while 

trends in dry extremes were mostly insignificant (and decreasing). Results showed a significant increase in 

the association between temperature and precipitation at various temporal scales. The frequency of CHD 

extremes was mostly stable over 1889-1989, but significantly increased between 1990 and 2019 at 44% of 

studied grid cells, mostly located in the north, south-east and south-west. Spatial homogeneity (i.e. 

connectedness) and propagation of extreme events from one grid cell to its neighbouring cells was 

investigated across Australia. It can be concluded that this connectedness has not significantly changed since 

1889. 

Keywords: Climate change; Mann-Kendall test; Moran’s I statistic; Nonparametric copula; Spatial 

homogeneity; Trend analysis. 

1 INTRODUCTION 

Great many climate risk studies have analysed the univariate hydroclimatic extremes. It has been shown that 

heatwave magnitudes, frequencies, intensities, and spatial extents are increasing in Australia (Ababaei and 

Chenu, 2020) and other regions of the world (Pai et al., 2013; Cheng et al., 2014; Sun et al., 2014; Christidis 

et al., 2015; Ramezani Etedali et al., 2018; Ababaei and Ramezani Etedali, 2019; Ababaei, 2020), a trend that 

is projected to continue in a warming climate (Lobell et al., 2015; Murari et al., 2015; Alexander and Arblaster, 

2017; Zscheischler et al., 2018; Trancoso et al., 2020). Moreover, analyses of historical precipitation, 

streamflow, and soil moisture indices show an increasing trend of aridity over many regions across the world 

(Hennessy et al., 1999; Vicente-Serrano et al., 2010; Wang et al., 2011; Mishra and Liu, 2014; Mallya et al., 

2015; Araghi et al., 2018; Ababaei and Ramezani Etedali, 2019; Ababaei, 2020).  
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Australia’s climate has warmed by 1.44 °C since 1910, leading to an increase in the frequency of extreme 

heat events, while a 16% decline in April-October rainfall in the southwest of Australia has been detected 

since 1970 (BOM and CSIRO, 2020). Heatwaves have become more intense across Australia between 1950 

and 2016, with major increases in the 2000s (Trancoso et al., 2020). Significant decreasing trends in annual 

precipitation have been reported in the south of SA since 1961 (Rashid and Beecham, 2019) and in summer 

rainfall in northeast Australia over 1948-2007 (Li et al., 2012) while an increasing trend was observed in 

northern Australia between 1900 and 2010 (Rogers and Beringer, 2017) and northwest Australia (Lin and 

Li, 2012). Hajani et al. (2017) found that increasing trends in annual maximum rainfall intensity were more 

frequent than decreasing trends in New South Wales. A multi-index study over 1911-2010 across Australia 

(Alexander and Arblaster, 2017) reported significant trends in temperature extremes associated with 

warming but few significant trends in precipitation extremes. Jakob and Walland (2016a) found significant 

long-term increases in extreme maximum temperatures but with substantial regional and seasonal variations. 

This univariate approach provides valuable information as to the anomalous state of each individual climatic 

driver; however, it may not accurately represent concurrent extremes and could lead to significant 

underrepresentation of such extremes (Gr ̈aler et al., 2013).  

While there is high confidence that human activities and climate change have increased the probability of 

concurrent precipitation-temperature extremes (Hao et al., 2013; Leonard et al., 2014; Sarhadi et al., 2018), 

and that the relationships between drivers of such natural hazards have been affected by climate change 

(AghaKouchak et al., 2014), the extent to which global warming has changed the spatial-temporal variations 

of such extremes has been less investigated in Australia. More frequent compound extreme events have 

been recorded in recent decades across the entire globe (Sarhadi et al., 2018). While these extreme events 

can individually cause significant adverse impacts, their concurrence can be even more impactful. For 

example, it is known that interactions between heat and drought stresses have major implications for crop 

production (e.g. Sadras et al., 2012; Tao et al., 2012; Lobell et al., 2013; Dreccer et al., 2018). Moreover, tree 

mortality can significantly increase due to the compounding effect of drought and hot temperatures and 

increased risk of wildfires (Williams et al., 2013).  

Compound extremes are typically characterized by complex interdependent processes at different spatial 

and temporal scales (Alizadeh et al., 2020). Multivariate parametric and nonparametric copulas can be used 

for deriving occurrence probability and return period of dependent variables (Salvadori et al., 2013). Copulas 

explore the association between two or more variables regardless of their univariate distributions and 

provide a multivariate distribution (Nelsen, 2003). 

It is also important to analyse spatial homogeneity of the area affected by CHD extremes. Large spatially 

homogenous CHD events can endanger natural and built system services (Fischer et al., 2013). 

Homogeneous CHD events might fragment the connectedness of natural systems and result in population 

collapse. As for built systems, such extremes can damage harvests from agricultural lands and lead to quick 

depletion of relief resources. Analysis of trends in the spatial homogeneity of CHD events has not received 

much attention in past studies. 

Gridded daily precipitation and maximum temperature data (131 years, 1889-2019) were used to calculate 

annual and seasonal total precipitation (TPR) and mean maximum temperature (MMT), which were then 

used in an empirical (i.e. nonparametric) copula framework to estimate the return period of compound hot-

dry (CHD) events. The concept of return period provides critical information for risk assessment and 

decision-making (AghaKouchak et al., 2014). The joint return period was estimated using an ‘And’ hazard 

scenario (hotter than a threshold ‘And’ drier than a threshold) in a multivariate framework. CHD extremes 

were defined as years with joint return periods of precipitation deficit and heat excess of larger than 25 years. 

The trend in the time series of MMT and TPR as well as in the frequency of univariate and CHD extremes 
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were analysed across Australia and in each state. The focus is on the comparison between trends and 

frequencies over the most recent 30-year period (1990-2019) and the previous 101-year period (1889-1989). 

Spatial homogeneity and propagation of extreme drought and heat events from one grid cell to its 

neighbouring cells, i.e., self-propagation, were also investigated across Australia. Further, many of the 

previous studies only analysed the occurrence and concurrence of droughts and heatwaves after the 1940s 

(e.g. Mueller and Seneviratne, 2012; Hajani et al., 2017; Sharma and Mujumdar, 2017; Sarhadi et al., 2018; 

Rashid and Beecham, 2019; Trancoso et al., 2020), which, for example, overlooks the widespread droughts 

in Australia between the 1890s and 1940s (Askarimarnani et al., 2020). The analysis covered 1889-2019 and 

provided a new perspective into the temporal trends of CHD events across the country. This information 

can help assess vulnerabilities of natural and built systems to climate change and inform strategies to mitigate 

the compounding impacts of multiple extremes. 

2 MATERIAL AND METHODS 

2.1 Weather data 

Daily weather data were obtained from SILO gridded dataset (www.longpaddock.qld.gov.au/silo; Jeffrey et 

al., 2001) for the period between 1889 and 2019 for 700 grid cells locating on a 1◦ × 1◦ grid across Australia 

(Figure 1). Mean daily maximum temperature (MMT; Figure S1A) and total precipitation (TPR; Figure S1B) 

were calculated annually as well as over summer (December-February; DJF), autumn (March-May; MAM), 

winter (June-August; JJA), spring (September-November; SON) and autumn-winter (April-October; A2O). 

The focus of the text will be on annual and autumn-winter analyses while the detailed data for individual 

seasons are presented in the Supplementary Material. 

Figure 1. Selected grid cells across Australia. 
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2.2 Compound hot-dry extremes 

A nonparametric approach was adopted to calculate univariate and multivariate probabilities and associated 

return periods, following Salvadori et al. (2011, 2013), AghaKouchak et al. (2014) and Alizadeh et al. (2020). 

This way, parametric distributions, which are limited by their underlying assumptions, were not fitted. 

Having multiple parametric models across Australia would make spatial comparison of results difficult and 

add extra layer of complexity.  

The bivariate return periods of CHD events were calculated using an empirical copula models and an ‘And’ 

hazard scenario. Assuming X and Y are continuous random variables with univariate distribution functions 

F(x) = Pr(X ≤ x) and G(y) = Pr(Y ≤ y), respectively, and a bivariate distribution function H(x, y) = Pr(X ≤ 

x, Y ≤ y) that describes their joint distribution. Then, there is a copula, C, so that H(x, y) = C[F(x), G(y)]. 

Therefore: 

𝐶(𝑢, 𝑣) = 𝐻[𝐹−1(𝑢), 𝐺−1(𝑣)] 

The bivariate exceedance probability (Pr) and the return period (RP) for the ‘And’ scenario can be defined 

by the following equations: 

𝑃𝑟(𝑋 > 𝑥, 𝑌 > 𝑦) = 1 − 𝐹(𝑥) − 𝐺(𝑦) + 𝐶[𝐹(𝑥), 𝐺(𝑦)] 

𝑅𝑃 =
1

𝑃𝑟(𝑋>𝑥,𝑌>𝑦)

A CHD extreme was defined as a hot ‘And’ dry year whose associated return period, based on the 

corresponding nonparametric bivariate distribution, was larger than 25 years. Similarly, a hot or dry extreme 

was defined as a year whose associated return period, based on corresponding nonparametric univariate 

distribution, was larger than 25 years.  

2.3 Spatial correlation 

The spatial autocorrelation of CHD extreme events over a time period was determined using Moran’s I 

(Moran, 1950; hereafter denoted as ‘Moran-I’), which is a cross-product statistic between a variable and its 

spatial lag. For an observation x at location i, the deviation of observation from its mean (𝑋̅) can be 

expressed as 𝑍𝑖 =  𝑥 − 𝑋̅. Moran-I is calculated using the following equation: 

𝑀𝑜𝑟𝑎𝑛 − 𝐼 =

∑ ∑ 𝑊𝑖,𝑗 𝑍𝑖.𝑍𝑗𝑗𝑖
𝑆𝑤

⁄

∑ 𝑍𝑖
2

𝑖
𝑁

⁄
 

where Wi,j is the element i,j of the matrix of spatial weights (i.e. the reciprocal of distances between all 

possible pairs), N is the number of observations, and Sw is the sum of all spatial weights. Moran-I takes 

values between -1 and +1. Positive and negative values show spatial clustering of similar and dissimilar 

values, respectively (1: perfect clustering, −1: perfect dispersion), and a zero value specifies absence of spatial 

autocorrelation (i.e. perfect randomness). The ‘ape’ R package was used to calculate Moran-I at all temporal 

scales. 
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2.4 Temporal trend analysis 

The Mann-Kendall (MK) test (Mann, 1945; Kendall and Gobbons, 1990), a rank-based nonparametric test, 

was used for investigating the significance of trends. The test has been frequently adopted in hydrological 

and meteorological studies (e.g. Tabari and Hosseinzadeh Talaee, 2011; Gocic and Trajkovic, 2013; Khalili 

et al., 2016; Araghi et al., 2018; Ababaei and Chenu, 2019; Ababaei and Ramezani Etedali, 2019; Ababaei, 

2020; Alizadeh et al., 2020) and its calculation procedure can be found in Ababaei and Chenu (2020). The 

accuracy of the test is affected by the presence of serial correlation. In this study, temporal trends were 

investigated using the method proposed by Yue et al. (2002), which applies a pre-whitening procedure to 

remove the effect of the lag-1 autocorrelation. The removal of a positive autocorrelation in time series could 

lead to inaccurate estimations of trend magnitude. They suggested the Trend Free Pre-whitening (TFPW) 

procedure in which a trend is removed prior to the estimation of the lag-1 autocorrelation. The slope is first 

estimated with the Theil-Sen approach. If it is almost equal to zero, it is not necessary to analyse the trend. 

Otherwise, the trend is assumed linear, the data is detrended by the estimated slope, and the lag-1 

autocorrelation is computed and removed from the detrended series. The trend and residuals are then 

mixed, and the MK test is applied to the final series to assess the significance of the trend. The R package 

‘zyp’ was used to perform the test (Bronaugh and Werner, 2015). A 95% confidence level was used to 

identify significant increasing and decreasing (SI and SD, respectively) trends. The magnitude (i.e. slope) of 

trends was estimated with a linear regression fitted using the least-squares approach. The magnitude of 

significant trends are marked with a ‘*’ throughout the text. 

2.5 Distribution test 

The two-sample Kolmogorov-Smirnov test was adopted to identify significant changes in probability 

distributions. The test is based on the maximum difference between two distribution functions (Massey, 

1951). It measures the distance between two empirical distribution functions, Fn and Fm. The test statistic is 

specified as: 

𝐷 = 𝑠𝑢𝑝𝑥  |𝐹𝑛(𝑥) − 𝐹𝑚(𝑥)| 

where sup is the supremum (i.e. the smallest quantity that is greater than or equal to each of a given set or 

subset of quantities) of the set of distances. The null hypothesis, H0, is rejected if D is greater than the 

significance level at P=0.05. 

3 RESULTS 

3.1 A general cooling-wetting trend over 1889-1989 

Trend analysis showed SD trends in annual MMT between 1889 and 1989 (Figure 2A) in 49% of grid cells 

across Australia while no significant trend was detected in 50% of grid cells (average rate of change in annual 

MMT across all grid cells was -0.04 oC decade-1). Inland cells are more likely to have experienced a decreasing 

trend in annual MMT than grid cells closer to the shores. Nationally, annual MMT decreased at a rate of *-

0.04 oC decade-1. NSW (*-0.07) and TAS (-0.01) had the slowest and fastest declines in annual MMT, 

respectively. A relatively similar spatial pattern was observed for autumn-winter MMT (Figure S2A), though 

with 37% of grid cells showing annual SD trends. Summer (*-0.04 oC decade-1), autumn (-0.02), winter (-

0.02) and spring (*-0.07) all showed decreasing trends in MMT while the rate of decrease for autumn-winter 

MMT was *-0.04 oC decade-1 (Figure S7). 
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Figure 2. Trends in annual mean maximum daily temperature (MMT; A,B) and total precipitation (TPR; C,D) over 1889-1989 and 

1990-2019. Dots show significant trends (P<0.05). See Figure S3-S6 for seasonal trends. 

Over the same period, significant trends in annual TPR were much less pronounced and prevalent across 

the country (on average across all grid cells: 1.35 mm decade-1
 increase) with only 2 and 9% of the grid cells 

experiencing SD and SI trends, respectively (Figure 1C). Most of the grid cells with SI trends were located 

in central Australia, north of NT, and southern VIC and TAS. Nationally, annual TPR increased at a rate of 

3.35 mm decade-1 over 1889-1989. NT (*10.03 mm decade-1) experienced the fastest increases in annual 

TPR while QLD was the only state that experienced a decline by -0.44 mm decade-1. A relatively similar 

spatial pattern was observed for autumn-winter TPR (Figure S2C), though with 9 and 0% of grid cells 

showing SD and SI trends, respectively. At a national level, summer (2.16 mm decade-1), autumn (1.43) and 
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spring (0.76) experienced increasing trends in TPR while winter was the only season with a reduction at -

0.64 mm decade-1. National autumn-winter TPR also had an insignificant increasing trend of 0.19 mm 

decade-1. 

3.2 Enhanced reversed temporal trends over 1990-2019 

Climate change has substantially affected temporal changes of both MMT and TPR in Australia as compared 

with previous 100 years. Two-sample Kolmogorov-Smirnov tests confirmed that the cumulative 

distribution of annual MMT has significantly (P<0.05) changed in 89% of the country’s land (Figure 3A). 

Instead of a declining pattern for annual MMT, 67% of grid cells experienced SI trends since 1990 (Figure 

2B) and none showed a SD trend. TAS (100%), NSW (96%), VIC (96), WA (66) and QLD (60) had the 

largest shares of grid cells with SI trends while only 40% of grid cells in NT experienced such trends in 

MMT. Grid cells with sharpest rises in MMT were mostly found in the whole VIC and NSW, southern 

QLD, eastern SA, and central WA. Autumn-winter MMT had a similar spatial pattern to that of the annual 

time series with 53% of grid cells experiencing SI trends between 1990 and 2019. Over this period and at a 

national scale, annual MMT increased at a rate of *0.37 oC decade-1. VIC (*0.59) and NT (*0.23) had the 

fastest and slowest rises in annual MMT, respectively. Nationally, summer (*0.36 oC decade-1), autumn 

(0.27), winter (*0.23) and spring (*0.51) all showed increasing trends in MMT while autumn-winter MMT 

has increased by *0.34 oC decade-1 (Figure S7). 

Figure 3. Grid cells with different cumulative distributions for annual mean maximum daily temperature (MMT; A) and annual 

total precipitation (TPR; B) over 1889-1989 and 1990-2019. Based on Kolmogorov-Smirnov tests. 

The impact of climate change on precipitation has been less profound than on temperature. Nearly 98% of 

grid cells did not experience significant trends in annual TPR over 1990-2019 while 2% showed SD trends 

(Figure 2D), though two-sample Kolmogorov-Smirnov tests showed that 40% of grid cells had different 

cumulative distributions for annual TPR over 1889-1989 and 1990-2019 (Figure 3B). Autumn-winter TPR 

decreased in 9% of grid cells, mostly located in west of WA, south-east of NSW and southern VIC. At a 

national scale, annual TPR decreased by -6.24 mm decade-1 while also no state experienced a significant 

decline (Figure S7). Summer and autumn were identified to have experienced insignificant increasing trends 



8 

(1.97 and 2.84 mm decade-1). On the other hand, winter and spring TPR have insignificantly decreased by 

4.32 and 1.84 mm decade-1, respectively, causing a decline in autumn-winter TPR at a statistically 

insignificant rate of 13.49 mm decade-1. 

3.3 Association between precipitation and temperature 

Interdependence of precipitation and temperature can intensify the impacts of the anomalous state of each 

driver (Alizadeh et al., 2020). Linear correlation analysis over 1960-2019 showed significant negative 

association between TPR and MMT at seasonal and annual scales in majority of grid cells across Australia 

(Figure 4). The spatial pattern of correlation coefficients varies with seasons. In summer and autumn, a 

decreasing north-south gradient was observed while in winter, spring and autumn-winter the gradient was 

reversed. For autumn-winter, the linear correlation was not statistically significant in some grid cells located 

in the north shores of WA, NT and QLD and few grid cells in TAS.  

Climate change has affected this dependence structure at various spatial-temporal scales. Analysis of linear 

correlation between TPR and MMT over last three 30-year periods showed that the association have 

escalated significantly over the last century at all temporal scales (Figure 5). For example, the national average 

of linear correlation coefficients was estimated to be -0.51, -0.56 and -0.67 across the country for the periods 

of 1930-1959, 1960-1989 and 1990-2019, respectively. Only in winter the average correlation did not change 

significantly across the periods (-0.44, -0.45 and -0.44). These findings are in line with the expectation, 

according to the literature, for increased probability of concurrent hot-dry extremes throughout the year. 

3.4 Compound extremes are now more severe and frequent than in last century 

The frequency of CHD extremes has significantly increased only in parts of the country over the 1889-1989 

period (Figure 6C). Over this period, SI trends in return periods of annual CHD extremes were detected in 

less than 3% of grid cells and SD trends could only be identified in VIC, south-western NSW, southern 

TAS, north and southwest of NT, and small parts of WA (i.e. 16% of grid cells). On the other hand, over 

44% of grid cells showed SI trends in 1990-2019, mostly in NSW, VIC and TAS, southern and western 

QLD, north of NT, and central and western WA (Figure 6F). Nearly 7% of grid cells experienced SD trends 

in autumn-winter CHD extremes over 1889-1989 while in 1990-2019 the spatial pattern of autumn-winter 

SI trends was more similar to that at an annual scale (Figure S8). 

While in 1930–1959 most of the grid cells across Australia observed only 1-2 annual CHD extreme events 

with some (specially located in central Australia) not observing any (Figure 7), the frequency of such 

extremes increased to an average of 5.3 events in 1990-2019 (Figure S13), with nearly 50% of grid cells 

experiencing >8 compound extreme events over the 30-year period. The increase was most pronounced in 

SA (average of 1.2 CHD extreme events in 1930–1959 vs 6.7 in 1990-2019), TAS (1.2 vs 7.4) and VIC (1.2 

vs 6.6). The increase in the frequency of autumn-winter CHD extremes was larger than that observed at an 

annual scale, with the average frequency of such bivariate events increasing from 1.9 events in 1930-1959 

to 6.8 events in 1990-2019 (Figure S13). Among seasons, summer (2.1 vs 4) had the smallest rise in the 

frequency of CHD extremes with autumn (2.9 vs 5.5) and winter (1.4 vs 4.3) following while spring (2.2 vs 

6) experienced the largest rise.
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Figure 4. Linear correlation coefficient between mean maximum daily temperature (MMT) and total precipitation (TPR) over 

1960-2019. A2O: autumn-winter, DJF: summer, MAM: autumn, JJA: winter, SON: spring. Dots show significant values (P<0.05). 

The cumulative distribution of the return period of CHD extremes over 1990-2019 diverges from that of 

1889-1989 in 49 and 85% of the grid cells for annual and autumn-winter time series (Figures 8-9), based on 

two-sample Kolmogorov-Smirnov tests. This shift was more marked for hot years with 90 and 95% of grid 
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cells having different cumulative distributions (P<0.05) over 1889-1989 and 1990-2019, but the shift was 

less marked for dry years (39 and 19%). A relatively similar pattern was observed at a state level. At an 

annual scale, NSW (25%), NT (46%), QLD (37%), SA (76%), TAS (90%), VIC (83%) and WA (50 %) were 

shown to have high number of grid cells with different cumulative distributions in 1990-2019 than in 1889-

1989. The number of such grid cells were significantly higher for hot years (NSW: 75%, NT: 85%, QLD: 

88%, SA: 94%, TAS: 90%, VIC: 100%, and WA: 95%) and lower for dry years (NSW: 1%, NT: 40%, QLD: 

15%, SA: 18%, TAS: 50%, VIC: 21%, and WA: 75%). 

Figure 5. Average linear correlation coefficient between mean maximum daily temperature (MMT) and total precipitation (TPR) 

over three consecutive 30-year periods between 1930 and 2019. DJF: summer, MAM: autumn, JJA: winter, SON: spring, A2O: 

autumn-winter. 

3.5 Increasingly larger area is affected by compound hot-dry extremes 

The share of state area affected by annual CHD extremes over 1889-1989 showed a statistically insignificant 

(except in WA) increasing trend across all states except NSW and QLD (Figure S19). The highest increase 

rate over this period was associated with SA (0.6% decade-1) and TAS (0.4%) while at a national level the 

rate was estimated to be 0.11% decade-1 though Only WA experienced a SI trend (*0.38% decade-1). Among 

the seasons, winter witnessed the fastest rise in the area affected by CHD extremes (*0.61% decade-1) 

followed by autumn and spring (0.25% decade-1). 
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Figure 6. Trends in return periods of annual hot (A,D), dry (B,E) and compound hot-and-dry (CHD; C,F) extreme events over 

1889-1989 and 1990-2019. Dots show significant trends (P<0.05). See Figure S8-S12 for seasonal trends. 

Propagation of affected area significantly enhanced over 1990-2019 as compared with previous 100 years. 

At an annual scale, in excess of *10% of country’s area was added to the affected area in each decade with 

an outstanding spike over the last few years (Figure 10). QLD (*10.6% decade-1), SA (*12.5%), TAS 

(*13.5%), VIC (*17.1%) also experienced the same propagating pattern while the trend was not significant 

in NSW (14.1% decade-1), NT (9.7%) and WA (6.4%). Nationally, the increasing trend in the affected area 

was only significant for spring (*12.3% decade-1) and autumn-winter (*11%; Figure S19). 

3.6 Dominant driver of compound hot-dry extremes has changed 

Analysis of correlation between return period of hot extremes and dry extremes with that of CHD extremes 

showed a shift in the nature of the dominant driver for CHD events in most regions of the country (Figure 

11). While the association between CHD and dry extremes declined in 1990-2019 compared with 1930-1959 

(e.g. 0.86 in 1930−1959 vs 0.70 in 1990-2019 for annual dry extremes), the association of compound and 

hot extremes enhanced significantly across Australia (e.g. 0.69 in 1930−1959 vs 0.86 in 1990-2019 for annual 

hot extremes).  

Up to the 1980s, severe dry extremes were mostly the dominant driver of the joint probability of compound 

extremes (Figure 7, Figure 10). For example, lack of precipitation was the main driver in five out of six years 

with over 20% of the country’s land affected by CHD extremes before 1980. However, between the 1980s 

and 2000s both precipitation deficit and heat excess contributed to the compound events across the country 

and since 2010, temperature extremes became the main driver of compound extreme events. This pattern 

was more visible at the state level. For example, NSW|NT experienced 11|10 outstanding peaks in the 

affected area by CHD extremes before 1980, of which 9|9 events were mostly driven by precipitation 

extremes (Figure 10A-B). However, temperature extremes were the main driver of 5|7 out of 7|8 

widespread CHD extremes across NSW|NT since 2000. This implies that the dominant triggering driver 
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of the land-atmosphere feedback has shifted from dryness in the first 100 years of the study to temperature 

extremes in recent decades. 

Figure 7. Average frequency of annual hot (A,D,G), dry (B,E,H) and compound hot-and-dry (CHD; C,F,I) extreme events over 

three consecutive 30-year periods between 1930 and 2019. See Figure S14-S18 for seasonal averages. 

3.7 Insignificant changes in spatial homogeneity of compound hot-dry extremes 

The connectedness of grid cells that experience CHD extremes were assessed. At an annual scale and over 

1889-1989, spatial homogeneity (the value of Moran-I) of temperature extreme events changed at a rate of 

-0.057 decade-1 across the country, while states also experienced insignificant decreasing trends (Figure 12A).

For dry years and CHD events, slopes were more variable across states though no significant trend was

detected (Figure 12C,E). Nationally, spatial homogeneity of CHD events decreased by -0.006 decade-1. As

expected, the slope of Moran-I significantly increased in all states over 1990-2019 compared with previous

100 years (Figure 12B,D,F). Nationally, Moran-I insignificantly decreased by -0.045 and -0.110 decade-1 for

hot and dry years, respectively. For CHD years, only SA showed a SD trend (*-0.172 decade-1; Figure 12F)

while other states mostly experienced insignificant decreases. Between 1990 and 2019, the spatial

homogeneity of CHD events across Australia decreased at an insignificant rate of -0.02 decade-1.
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Figure 8. Grid cells with significantly (P<0.05) different cumulative distributions for return periods of annual hot (A), dry (B) and 

compound hot-and-dry (CHD; C) extreme events over 1889-1989 and 1990-2019. Based on Kolmogorov-Smirnov tests. 

Figure 9. Share of area of states and whole Australia with significantly (P<0.05) different cumulative distributions for return 

periods of hot, dry and compound hot-and-dry (CHD) extreme events over 1889-1989 and 1990-2019. Based on Kolmogorov-

Smirnov tests. 
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Figure 10. Area affected by annual hot, dry and compound hot-and-dry (CHD) extreme events over 1889-2019. See Figure S20-

S24 for seasonal trends. 

4 DISCUSSION 

Australia’s average temperature has risen by 1.44 ± 0.24 °C since 1910 (BOM and CSIRO, 2020), leading 

to an increase in the frequency of extreme heat events (Jakob and Walland, 2016a; Ababaei and Chenu, 

2020). Most of the change has occurred after 1950 (Collins and Della-Marta, 1999; Suppiah et al., 2001) and 

the warmest years were recorded in the last decade (BOM and CSIRO, 2020). The duration, frequency and 

intensity of extremely hot events have increased across large parts of Australia with considerable regional 

and seasonal variations (CSIRO and Bureau of Meteorology, 2016; Jakob and Walland, 2016b; Ababaei and 

Chenu, 2020). 

While there has already been a detectable historical change in some of the rainfall drivers across Australia, 

changes in its characteristics have been small and not statistically significant in most regions (Figure 2; Dey 

et al., 2019). There has been a 16 % decline in April to October precipitation in the southwest since 1970 

and 12% in the southeast since 1990 (BOM and CSIRO, 2020), which confirm our findings for the same 

regions (Figure 2B). Our findings about precipitation historical trends were in agreement with those by Dey 

et al. (2019). The general consensus into Australia's future precipitation points to lower mean precipitation 

in southwest Australia and uncertain changes in the north and east (Dey et al., 2019).  
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Figure 11. Average linear correlation coefficient between return period of compound hot-dry (CHD) extremes and return period 

of univariate hot (H.Ext) and dry (D.Ext) extremes over three consecutive 30-year periods between 1930 and 2019. DJF: summer, 

MAM: autumn, JJA: winter, SON: spring, A2O: autumn-winter. 

Changes in temperature may aid in understanding the changes to precipitation as temperatures rises (Wasko 

and Nathan, 2019). Rising temperatures would naturally lead to higher chance of co-occurrence of hot 

extremes and dry extremes. Our results demonstrated that enhanced association between temperature and 

precipitation (Figure 4) has further exacerbated the increase in co-occurrence of such univariate extremes 

in many parts of Australia. These findings suggest that systems will be hit by hot ‘And’ dry extremes more 

frequently and hence need to adapt to them as well as to change in mean climate. This also implies that 

quantification of the disproportionate impact of compound extremes is crucial in any impact assessment 

study (Williams et al., 2013).  

Land-atmosphere feedbacks can also intensify and propagate large-scale anomalous climatic conditions. For 

example, higher temperatures and stronger radiative forcing can potentially cause earlier drying of the soil 

in summer and therefore reduce evaporative cooling (Seneviratne et al., 2010). This could, at least partly, 

explain the significant enhancement of correlation between temperature and precipitation in spring and 

summer (Figure 4; Nicholls, 2003). Moreover, land-atmosphere feedbacks increase the occurrence 

probability of mega heatwaves (Fischer, 2014). Dry soil and partitioning of solar radiation into latent heat 

decrease evaporation and lead to a larger fraction of the incoming radiation translated into sensible heat 

which, in turn, warms the environment (Fischer et al., 2007). This cycle restrains local convective 

precipitation and leads to more severe droughts (Schumacher et al., 2019). 
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Figure 12. Trends in Moran-I values for annual hot (A,B), dry (C,D) and compound hot-and-dry (CHD; E,F) extreme events 

over 1889-1989 and 1990-2019. Blue and red colors show significant (P<0.05) decreasing and increasing trends. See Figure S25-

S29 for seasonal trends. 

Atmospheric moisture deficit and heat can propagate from one location to downwind regions (Herrera-

Estrada et al., 2019; Alizadeh et al., 2020). The tele-connected land-atmosphere feedbacks, i.e. within-

continent transport of terrestrially sourced moisture, are believed to enhance this propagation (Miralles et 

al., 2019). The propagation of droughts is more important for regions that depend on terrestrially sourced 

precipitation. Our analysis, however, showed that connectedness between areas impacted by univariate and 

CHD extremes have not increased since 1889 (Figure 12), except in autumn (Figure S10) and autumn-winter 

over 1990-2019 (Figure S25). On the contrary, the connectedness has reduced over the last 30 years, though 

the trend was shown to be statistically insignificant. Connected spatial growth of CHD events can have 

significant repercussions for societies and natural systems. For example, drought and heatwave in summer 

of 2010 in Russia caused an estimated $15 billion economic loss (Barriopedro et al., 2011). 

Our results show that the frequency of CHD extremes has substantially increased across Australia in the 

past 30 years (Figure 7). Although notable spatial variations was observed over different regions of Australia, 

there was no significant increasing trend in the frequency of univariate dry extremes (Figure 2; Figure 6); 

however, hot extremes are becoming more frequent (Figure 6) and more intense (Figure 2). There has been 



17 

a shift in the dominant driver of CHD extremes from dry extremes over 1930-1959 to hot extremes in 1990-

2019 (Figure 11). 

If dry extremes of the extent and severity of those observed in the 1930s (Figure 10) occur during the hot 

years, which are increasingly common now across the country, their concurrence can have much deeper 

impact (Overpeck, 2013). Moreover, a hotter climate increases water demand, concurrence of which with 

dry years would adversely affect social and natural systems (Williams et al., 2013). Our findings contribute 

to a deeper understanding of the spatiotemporal patterns of compound extreme events in Australia. The 

consequences of the increased frequency, intensity, and spatial homogeneity of multivariate weather 

extremes are far more severe than the effect of each individual driver (Alizadeh et al., 2020). Therefore, risk 

assessment frameworks need to consider the compounding effects of multiple extremes rather than 

addressing drivers individually. 

5 CONCLUSION 

Univariate extreme events can individually cause significant adverse impacts, but their concurrence can be 

even more impactful. While many studies have been conducted to investigate temporal variations in 

temperature and precipitation, the extent to which global warming has changed the probability of concurrent 

precipitation-temperature extremes and their spatial-temporal variations has been less investigated in 

Australia. Current study was an effort to fill this gap. 

Trends in daily maximum temperature and precipitation at seasonal and annual scales were analysed at 700 

grid cells across Australia over 1889-2019. A general cooling-wetting trend existed over 1889-1989. 

However, significant increasing trends were detected in the frequency and severity of hot extremes across 

the country over 1990-2019 while the trends were mostly insignificant (and decreasing) for dry extremes.  

A nonparametric bivariate approach was adopted to analyse trends in the frequency and severity of 

compound hot-dry extremes over the same period. Comparing the period 1990-2019 with 1930-1959, a 

significant increase in the association between temperature and precipitation was observed at various 

temporal scales. The findings showed that the frequency of bivariate extremes was mostly stable over 1889-

1989, but it significantly increased between 1990 and 2019 at 44% of studied grid cells, mostly located in 

the north, south-east and south-west.  

Large homogenous extreme events can endanger natural and built system services. However, analysis of 

trends in the spatial homogeneity of univariate and compound extreme events has not received much 

attention in past studies. The Moran’s I statistic was used to analyse the spatial connectedness between 

impacted areas and found that it has not significantly changed since 1889. 
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Figure S1. Annual and seasonal averages of daily maximum temperature (A) and total daily precipitation (B) across states and 

whole Australia. A2O: autumn-winter, DJF: summer, MAM: autumn, JJA: winter, SON: spring. NSW: New South Wales, NT: 

Northern Territory, QLD: Queensland, SA: South Australia, TAS: Tasmania, VIC: Victoria, WA: Western Australia. 
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Figure S2. Trends in autumn-winter mean maximum daily temperature (MMT; A,B) and total precipitation (TPR; C,D) over 

1889-1989 and 1990-2019. Dots show significant trends (P<0.05). 
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Figure S3. Trends in summer mean maximum daily temperature (MMT; A,B) and total precipitation (TPR; C,D) over 1889-1989 

and 1990-2019. Dots show significant trends (P<0.05). 
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Figure S4. Trends in autumn mean maximum daily temperature (MMT; A,B) and total precipitation (TPR; C,D) over 1889-1989 

and 1990-2019. Dots show significant trends (P<0.05). 
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Figure S5. Trends in winter mean maximum daily temperature (MMT; A,B) and total precipitation (TPR; C,D) over 1889-1989 

and 1990-2019. Dots show significant trends (P<0.05). 
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Figure S6. Trends in spring mean maximum daily temperature (MMT; A,B) and total precipitation (TPR; C,D) over 1889-1989 

and 1990-2019. Dots show significant trends (P<0.05). 
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Figure S7. Trends in daily maximum temperature and precipitation averaged across states and whole Australia. A2O: autumn-

winter, DJF: summer, MAM: autumn, JJA: winter, SON: spring. NSW: New South Wales, NT: Northern Territory, QLD: 

Queensland, SA: South Australia, TAS: Tasmania, VIC: Victoria, WA: Western Australia. 
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Figure S8. Trends in return periods of autumn-winter hot (A,D), dry (B,E) and compound hot-and-dry (CHD; C,F) extreme 

events over 1889-1989 and 1990-2019. Dots show significant trends (P<0.05). 
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Figure S9. Trends in return periods of summer hot (A,D), dry (B,E) and compound hot-and-dry (CHD; C,F) extreme events over 

1889-1989 and 1990-2019. Dots show significant trends (P<0.05). 
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Figure S10. Trends in return periods of autumn hot (A,D), dry (B,E) and compound hot-and-dry (CHD; C,F) extreme events 

over 1889-1989 and 1990-2019. Dots show significant trends (P<0.05). 
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Figure S11. Trends in return periods of winter hot (A,D), dry (B,E) and compound hot-and-dry (CHD; C,F) extreme events over 

1889-1989 and 1990-2019. Dots show significant trends (P<0.05). 
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Figure S12. Trends in return periods of spring hot (A,D), dry (B,E) and compound hot-and-dry (CHD; C,F) extreme events over 

1889-1989 and 1990-2019. Dots show significant trends (P<0.05). 
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Figure S13. Average frequency of annual CHD events across states and whole Australia. NSW: New South Wales, NT: Northern 

Territory, QLD: Queensland, SA: South Australia, TAS: Tasmania, VIC: Victoria, WA: Western Australia. 
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Figure S14. Average frequency of autumn-winter hot (A,D,G), dry (B,E,H) and compound hot-and-dry (CHD; C,F,B) extreme 

events over three consecutive 30-year periods between 1930 and 2019. 
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Figure S15. Average frequency of summer hot (A,D,G), dry (B,E,H) and compound hot-and-dry (CHD; C,F,B) extreme events 

over three consecutive 30-year periods between 1930 and 2019. 
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Figure S16. Average frequency of autumn hot (A,D,G), dry (B,E,H) and compound hot-and-dry (CHD; C,F,B) extreme events 

over three consecutive 30-year periods between 1930 and 2019. 
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Figure S17. Average frequency of winter hot (A,D,G), dry (B,E,H) and compound hot-and-dry (CHD; C,F,B) extreme events 

over three consecutive 30-year periods between 1930 and 2019. 



19 

Figure S18. Average frequency of spring hot (A,D,G), dry (B,E,H) and compound hot-and-dry (CHD; C,F,B) extreme events 

over three consecutive 30-year periods between 1930 and 2019. 
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Figure S19. Trend in area affected by hot, dry and compound hot-and-dry (CHD) extreme events over 1889-1989 and 1990-2019. 

A2O: autumn-winter, DJF: summer, MAM: autumn, JJA: winter, SON: spring. NSW: New South Wales, NT: Northern Territory, 

QLD: Queensland, SA: South Australia, TAS: Tasmania, VIC: Victoria, WA: Western Australia. 
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Figure S20. Area affected by autumn-winter hot, dry and compound hot-and-dry (CHD) extreme events over 1889-2019. NSW: 

New South Wales, NT: Northern Territory, QLD: Queensland, SA: South Australia, TAS: Tasmania, VIC: Victoria, WA: Western 

Australia. 
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Figure S21. Area affected by summer hot, dry and compound hot-and-dry (CHD) extreme events over 1889-2019. NSW: New 

South Wales, NT: Northern Territory, QLD: Queensland, SA: South Australia, TAS: Tasmania, VIC: Victoria, WA: Western 

Australia. 



23 

Figure S22. Area affected by autumn hot, dry and compound hot-and-dry (CHD) extreme events over 1889-2019. NSW: New 

South Wales, NT: Northern Territory, QLD: Queensland, SA: South Australia, TAS: Tasmania, VIC: Victoria, WA: Western 

Australia. 



24 

Figure S23. Area affected by winter hot, dry and compound hot-and-dry (CHD) extreme events over 1889-2019. NSW: New 

South Wales, NT: Northern Territory, QLD: Queensland, SA: South Australia, TAS: Tasmania, VIC: Victoria, WA: Western 

Australia. 
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Figure S24. Area affected by spring hot, dry and compound hot-and-dry (CHD) extreme events over 1889-2019. NSW: New 

South Wales, NT: Northern Territory, QLD: Queensland, SA: South Australia, TAS: Tasmania, VIC: Victoria, WA: Western 

Australia. 
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Figure S25. Trends in Moran-I values for autumn-winter hot (A,B), dry (C,D) and compound hot-and-dry (CHD; E,F) extreme 

events over 1889-1989 and 1990-2019. Blue and red colors show significant (P<0.05) decreasing and increasing trends. NSW: 

New South Wales, NT: Northern Territory, QLD: Queensland, SA: South Australia, TAS: Tasmania, VIC: Victoria, WA: Western 

Australia. 
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Figure S26. Trends in Moran-I values for summer hot (A,B), dry (C,D) and compound hot-and-dry (CHD; E,F) extreme events 

over 1889-1989 and 1990-2019. Blue and red colors show significant (P<0.05) decreasing and increasing trends. NSW: New 

South Wales, NT: Northern Territory, QLD: Queensland, SA: South Australia, TAS: Tasmania, VIC: Victoria, WA: Western 

Australia. 
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Figure S27. Trends in Moran-I values for autumn hot (A,B), dry (C,D) and compound hot-and-dry (CHD; E,F) extreme events 

over 1889-1989 and 1990-2019. Blue and red colors show significant (P<0.05) decreasing and increasing trends. NSW: New 

South Wales, NT: Northern Territory, QLD: Queensland, SA: South Australia, TAS: Tasmania, VIC: Victoria, WA: Western 

Australia. 
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Figure S28. Trends in Moran-I values for winter hot (A,B), dry (C,D) and compound hot-and-dry (CHD; E,F) extreme events 

over 1889-1989 and 1990-2019. Blue and red colors show significant (P<0.05) decreasing and increasing trends. NSW: New 

South Wales, NT: Northern Territory, QLD: Queensland, SA: South Australia, TAS: Tasmania, VIC: Victoria, WA: Western 

Australia. 
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Figure S29. Trends in Moran-I values for spring hot (A,B), dry (C,D) and compound hot-and-dry (CHD; E,F) extreme events 

over 1889-1989 and 1990-2019. Blue and red colors show significant (P<0.05) decreasing and increasing trends. NSW: New 

South Wales, NT: Northern Territory, QLD: Queensland, SA: South Australia, TAS: Tasmania, VIC: Victoria, WA: Western 

Australia. 




