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Future increases in extreme precipitation exceed
observed scaling rates
Jiawei Bao*, Steven C. Sherwood*, Lisa V. Alexander and Jason P. Evans
Models and physical reasoning predict that extreme precipitation will increase in a warmer climate due to increased
atmospheric humidity1–3 . Observational tests using regression
analysis have reported a puzzling variety of apparent scaling
rates including strong rates in midlatitude locations but weak or
negative rates in the tropics4,5 . Here we analyse daily extreme
precipitation events in several Australian cities to show that
temporary local cooling associated with extreme events and
associated synoptic conditions reduces these apparent scaling
rates, especially in warmer climatic conditions. A regional
climate projection ensemble6 for Australia, which implicitly
includes these effects, accurately and robustly reproduces
the observed apparent scaling throughout the continent for
daily precipitation extremes. Projections from the same model
show future daily extremes increasing at rates faster than
those inferred from observed scaling. The strongest extremes
(99.9th percentile events) scale significantly faster than
near-surface water vapour, between 5.7–15% ◦ C−1 depending
on model details. This scaling rate is highly correlated with the
change in water vapour, implying a trade-off between a more
arid future climate or one with strong increases in extreme
precipitation. These conclusions are likely to generalize to
other regions.
Intensification of precipitation extremes is expected to occur in a
warmer climate as the saturation water vapour pressure increases
with temperature at a rate of roughly 6% ◦ C−1 at the surface or
7–8% ◦ C−1 in the column integral, as governed by the Clausius–
Clapeyron (C–C) relation1,7 . Increase of extreme precipitation has
been confirmed in numerous modelling studies2,3,8–11 , but the rate
of this remains uncertain. Global climate models (GCMs) project
daily precipitation extremes to increase at below the C–C rate in
the extra-tropics, but there is large model range in the tropics, with
some models predicting super C–C increases2,8 in some regions.
GCMs poorly represent the distribution of rain rate and may
underestimate the sensitivity of precipitation extremes in response
to warming12 . Increases of daily and hourly precipitation extremes
in convection-permitting models have generally shown rates around
7% ◦ C−1 (refs 3,9,11), but a variety of scaling rates (including super
C–C) have also been found depending on microphysics scheme and
temperature13 . However, most convection-permitting model studies
focusing on precipitation extremes have been conducted only in
small regions that cannot capture synoptic-scale organizations9,13 .
It would be desirable to constrain the dependency of extreme
precipitation on temperature using observational records. Recently
a simple ‘binning method’ has been widely used to relate daily
or sub-daily extreme precipitation to local temperature4,5,11,14 . On
the basis of this approach, different scaling behaviour has been
found in different places. For hourly up to six-hourly extreme
precipitation, increases at or above the C–C rate have been found in

the Netherlands14 , Switzerland15 , Germany16 , the Mediterranean17 ,
the UK18 , southern Australia4 , North America19 and China20 , while
in northern Australia strong negative rates have been observed4 . For
daily extremes, monotonically positive scaling has been found at
high latitudes and monotonically negative scaling in the tropics5 .
This scaling also shows distinct seasonal characteristics, with
positive rates in winter and negative rates in summer in Europe21 .
The decrease in wet-event duration and decline in relative
humidity at high temperatures have been proposed to explain the
negative scaling relations4,5,22 . Differences in scaling relations have
also been attributed to seasonal dependencies and changes in the
frequency of large-scale versus convective rain21,23 .
In contrast, long-term trends in observed annual maximum
daily precipitation over land suggest higher scaling rates in the
tropics than in the midlatitudes, although uncertainties arise from
natural variability and limited data availability in the tropics7,24,25 .
Higher scaling rates in the tropics have also been projected by
some GCMs26 . Thus, the scaling relations remain debatable, as
contradictory results have been found especially in the tropics. Since
precipitation extremes do not necessarily scale with local surface air
temperature7,27 and potential confounding factors discussed below
that may affect temperature and precipitation are ignored in the
binning method, the question remains: Do conclusions drawn from
this method accurately represent the influence of warming on
extreme precipitation?
We start by estimating the spatial distribution of ‘apparent
scaling rate’, or regression slope between 99th percentile wetday precipitation and daily mean temperature as reported in
previous studies using the binning method. Daily precipitation and
near-surface air temperature data are from the Australian Water
Availability Project (AWAP)28 . Similarly to previous studies4 , we
find negative scaling rates of up to −50% ◦ C−1 over northern
Australia and positive rates of up to +16% ◦ C−1 over southern
Australia (Fig. 1a). In winter there are stronger positive scaling rates
in southern Australia (Fig. 1b). In summer, negative scaling rates
prevail in most regions, even in places where there are positive
scaling rates when calculated over the entire year (Fig. 1c).
To find out why there are opposite trends across the Australian
continent and different seasonal trends, we focus on three specific
locations, Darwin, Sydney and Melbourne. In tropical Darwin, there
is a negative scaling rate (Fig. 1a), whereas in cooler Melbourne, the
apparent scaling rate is positive at temperatures up to about 12 ◦ C,
and flat or slightly declining at higher temperatures (Supplementary
Fig. 2c,f). Although not obvious in the Sydney data (Supplementary
Fig. 2b,e), a change from positive to negative scaling above
some threshold temperature has been noted in both daily and
hourly precipitation extremes in previous observational studies4,5
and in hourly precipitation extremes in a modelling study11 .
Some studies have attributed the turnaround to relative humidity
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Figure 1 | Spatial distributions of apparent scaling of extreme precipitation with temperature. a–c, Apparent scaling given by regression slopes
α1 (% ◦ C−1 ) between 99th percentile daily precipitation and daily mean temperature from all data (a), wintertime (b, June–August) and summertime
(c, December–February) in AWAP. The locations of Darwin, Sydney and Melbourne are marked (b). White indicates grids without enough wet days for
the analysis.
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Figure 2 | Evolution of composite extreme events. a–c, Time series of daily mean temperature in AWAP from seven days before to seven days after
extreme events in Darwin (a), Sydney (b) and Melbourne (c). Different colours from darkest blue (coolest) to darkest red (warmest) represent mean
evolution of cases in 12 different temperature bins.

decrease4,11 , but did not explain why humidity falls in the high
temperature bins.
To gain insight, we examine more closely the extreme
precipitation events in each temperature bin. In Sydney and
Melbourne, events in the coolest bin happened mostly in winter,
while those in the warmest bin are mainly from summer. This
implies that seasonal variations of extreme precipitation dominate
the apparent scaling. However, it is a completely different case in
Darwin, where extreme precipitation events are all from Austral
summer as there is very little rain in winter. In addition, the entire
99th percentile and over half of the 95th percentile precipitation
events in the coolest bin in Darwin are tropical cyclone events.
We analyse time series of daily precipitation and temperature
for individual 95th percentile precipitation events, from seven days
before to seven days after the events. The 95th percentile is selected
to increase the sample size (results are similar but noisier for the
99th percentile). In Darwin, extreme precipitation reaches 150 mm
for the coolest events, and decreases as the event temperature
increases (Supplementary Fig. 3a). For events in cool bins,
temperature starts to decrease up to three days before the extreme
precipitation day and returns to normal shortly afterwards (Fig. 2a).
Most of the extreme events in the coolest bin are associated with
tropical cyclones and this transient cooling can be as high as 4 ◦ C.
Lower temperatures are widely associated with storms and can
arise both from local saturated downdraughts and evaporative
cooling of the rain itself and from synoptic atmospheric properties
such as colder air found generally in low-pressure systems. These
effects cause near-surface air to be cooler during, for example,
2

monsoon periods29 and after storms even over oceans30 . Thus,
statistics reflect not only how surface air properties affect extreme
precipitation, but how atmospheric conditions correlated with
precipitation affect surface air properties31 . This confounding effect
is a fundamental problem for use of the binning method to infer
sensitivity, which assumes one-way causality.
Indeed, results can be profoundly altered by rapid changes in
surface air properties during precipitation extremes32 . This rapid
cooling, and/or earlier cooling associated with precursor synoptic
conditions shifts many events to lower temperature bins. Therefore,
the warmest bins are populated only by events with a weaker
cooling effect or even warming (Fig. 2a). However, events with
less cooling are also those with less rain. The result is a negative
apparent scaling in Darwin, where the weather-related cooling is
comparable to the background temperature variations of only a
few degrees.
By contrast, in Sydney and Melbourne the range of background
temperatures is so large, due mostly to the seasonal cycle (Fig. 2b,c),
that this bin-shifting has less impact on apparent scaling. Weatherrelated temperature swings still occur, particularly in Melbourne
where the cooling occurs before rainfall, but is smaller than the
background temperature range. Thus, temporary cooling cannot
shift extreme events all the way to the lowest temperature bins,
contributing instead to an intermediate peak in the scaling
relationship. The temperature swings differ from those in Darwin,
with a cold anomaly deepening during the peak rain and persisting
longer afterward, reflecting the different character of midlatitude
versus tropical weather. In Sydney, strong rains typically coincide
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Figure 3 | Apparent versus climate scaling in simulations. a, Ensemble mean of 99th percentile apparent scaling rates (% ◦ C−1 ) from NARCliM historical
simulations. b, Changes in simulated mean temperature (◦ C) between 2060–2079 and 1990–2009. c, Ensemble mean of 99th percentile climate scaling
rates (% ◦ C−1 ).
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Figure 4 | Extreme precipitation versus water vapour in simulations. a,b, Fractional changes in the 99.9th percentile precipitation for each model versus
changes in near-surface water vapour (a) and column water vapour (b). Solid lines correspond to identity lines.

with strong advection of humid (but not especially warm) air from
the Pacific Ocean33 , probably reducing the apparent scaling in
Sydney and other east-coastal regions (Fig. 1c).
The negative apparent scaling rate in Darwin has also been
reported in other tropical regions5 . Likewise, the small range of
background temperature variations found at Darwin, which allow
temporary cooling to have such a large effect on apparent scaling,
is characteristic of the tropics as a whole. Thus, we expect that
the substantial alteration of apparent scaling in Darwin is typical
throughout the tropics. This alteration will also affect midlatitude
regions such as Sydney and Melbourne especially if calculated only
from summer data (Supplementary Fig. 4).
In general, we conclude that to relate ‘apparent scaling’ to climate
sensitivity of extreme precipitation will require a model that includes
confounding atmospheric factors and explicit seasonality.
For this, we turn to regional climate model simulations
from the New South Wales-Australian Capital Territory Regional

Climate Modeling (NARCliM) Project6 . While these simulations use
convective parameterization schemes similar to those used in GCMs
and the resolution is relatively coarse, which could limit the fidelity
of extreme precipitation10,15 , we employ an ensemble of model
versions that have been shown to simulate extreme precipitation
events at regional scales well across a variety of metrics34 . First,
we apply the same binning method discussed above to the model
simulations. The geographic patterns of apparent scaling simulated
in both present-day (Fig. 3a) and future scenarios (Supplementary
Fig. 5) are very similar to those in present-day observations (Fig. 1a).
On the basis of this apparent scaling, one might expect future
daily extreme precipitation to decrease in northern Australia, since
temperature is projected to increase (Fig. 3b). However, when we
look at the ‘climate scaling rate’, we find a consistent increase of
extreme precipitation across the Australian continent (Fig. 3c). The
ensemble mean 99th percentile climate scaling over the continent is
5.7% ◦ C−1 , almost equal to the 6.1% ◦ C−1 increase in near-surface
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water vapour. However, higher percentile extremes increase at a
stronger rate (Supplementary Fig. 6). The ensemble mean 99.5th
and 99.9th climate scaling rates are 6.5% ◦ C−1 and 9.2% ◦ C−1
(Supplementary Table 2).
The rate of change in predicted near-surface and column water
vapour averaged over the continent varies within the ensemble
from 2.8% ◦ C−1 to 10.5% ◦ C−1 for near-surface and 3.7% ◦ C−1
to 11.8% ◦ C−1 for total column (Supplementary Table 2). These
differences are strongly associated with differences in future
Australian precipitation (correlation coefficient between column
water vapour change and mean precipitation change r = 0.96) and
relative humidity (Fig. 4).
Daily precipitation extremes have been shown to scale on average
with near-surface water vapour in Coupled Model Intercomparison
Project phase 3 models35 , but in some models scaling can exceed
even that of column water vapour (CWV) for very high percentile
events. In our simulations, 99.9th percentile events scale faster than
near-surface water vapour (Fig. 4a) and usually even faster than
CWV (Fig. 4b), consistently across a range of humidity changes. The
ensemble mean 99.9th climate scaling rate is 9.2% ◦ C−1 , compared
with 7.4% ◦ C−1 for CWV. The ensemble mean CWV change over the
continent is consistent with the global average change, suggesting
a typical low- to midlatitude climate scaling over land of around
7% ◦ C−1 globally.
We attempted to minimize the cooling artefacts on the binning
method by sampling the temperature one or two days prior
to the extreme precipitation. This produced a weaker negative
apparent scaling relation in Darwin (Supplementary Fig. 7b), but
did not bring the result close to the model’s climate scaling.
This is probably due to the influence of atmospheric variations
(for example, monsoons and El Niño cycles) on timescales
longer than a few days29 . Excluding tropical cyclones does not
significantly affect results (Supplementary Fig. 7c). We also
examined near-surface dew point temperature and found that,
while less obviously affected by storms than temperature, this air
property also produces inconsistent apparent versus climate scalings
(Supplementary Fig. 8).
In summary, we find that regional climate models can
successfully explain the puzzling observation-based estimates
of the temperature scaling of daily extreme precipitation, and
indicate that climate scaling is strong, geographically consistent,
and comparable to changes in precipitable water36 . Inconsistencies
in the observational estimates arise because of seasonal effects and
the impact of local atmospheric processes on local near-surface
air properties. Future daily precipitation extremes are projected to
increase faster than has been inferred by such observation-based
studies or most model studies, exceeding the surface C–C scaling
for the very strong events. We find that 2 ◦ C warming would
produce 11.3–30% (11.3–25% if excluding MIROC3.2 R3) increase,
while 4 ◦ C would produce 22.6–60% (22.6–50% if excluding
MIROC3.2 R3) increase in 99.9th percentile (once per three years)
rainfalls on average across Australia.
Less severe scaling rates are associated with reduced relative
humidity and mean rainfall, which implies increased aridity37 , such
that our projections imply a trade-off between a more arid climate or
one with strong increases in extreme precipitation. In other words,
while important uncertainties remain, our simulations suggest that
rainfall characteristics cannot avoid significant change of one kind
or another. The Australian continent spans tropical and midlatitude
regimes and we expect our conclusions to hold more broadly across
other continental regions.
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Methods
Methods, including statements of data availability and any
associated accession codes and references, are available in the
online version of this paper.
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Methods

where Pfut and Phis are the averages of daily precipitation amounts above the
99th, 99.5th or 99.9th percentile including all days for the period 2060–2079 and
1990–2009 respectively, and 1T here represents the local mean temperature
changes of 2060–2079 relative to 1990–2009. Unlike apparent scaling rates, climate
scaling rates are computed using all days44 . Here α2 is the ‘climate scaling rate’.
Fractional changes of mean near-surface water vapour and column water vapour
are also calculated with this equation. The model ensemble climate scaling rates are
obtained by averaging the climate scaling rates computed separately from
12 members. Changes in near-surface and column water vapour are highly
correlated across the model ensemble (r = 0.98). Scaling of near-surface water
vapour is about 6.1% ◦ C−1 at constant relative humidity, so values below this
indicate that relative humidity is decreasing as climate warms.
In an attempt to minimize the temporary cooling effect, we also considered the
relationship between daily extreme precipitation and prior dry-day temperature in
Darwin with the AWAP data. The dry-day temperature is that of the most recent
day with no precipitation up to two days before the precipitation day. If neither day
was dry, this event was not included in our calculation. We also repeated results
excluding tropical cyclones found in the Australian Tropical Database from Bureau
of Meteorology (http://www.bom.gov.au/cyclone/history) to have passed within
roughly 500 km of Darwin, but this only modestly affected results.

Daily precipitation and near-surface air temperature data for the period 1979–2013
are obtained from the 0.05◦ × 0.05◦ resolution Australian Water Availability Project
(AWAP) data set28 , covering the Australian continent. Daily mean temperature is
calculated from the average of daily maximum and minimum temperature. Data
from the grid boxes of the regridded 0.5◦ × 0.5◦ AWAP data set encompassing
Sydney, Melbourne and Darwin are extracted. Sub-daily station data for the period
1973–2011 from HadISD38 confirm the scaling results from AWAP at station
locations (Supplementary Fig. 1). We calculate the daily mean temperature and
precipitation from HadISD using sub-daily observations.
The regional climate simulation data are from NARCliM (NSW/ACT Regional
Climate Modeling project)6 . In NARCliM, 12 sets of simulations were performed
with three versions of a regional climate model (RCM) each driven by four separate
global climate models (GCMs). GCM-driven RCM simulations were conducted
from 1990–2010 for historical runs and from 2020–2040 and 2060–2080 for future
projections under the SRES A2 emission scenarios39 . The four GCMs are
ECHAM5, MIROC3.2 (medres), CCCM3.1 and CSIRO-Mk3.0. The RCM used is
the Weather Research and Forecasting model40 . On the basis of the model
performance41,42 and independence43 , simulations with three different sets of
physics parameterization schemes (R1, R2, R3) were chosen (Supplementary
Table 1). To examine the precipitation and temperature change over the Australian
continent, we focus on the outer domain at a horizontal resolution of 50 km. Given
that a few precipitation values (mostly in the cores of tropical cyclones) from raw
precipitation output in NARCliM simulations are unrealistically high, we use the
available ‘filtered’ data set wherein rain rates (above 1,200 mm d−1 ) have been
replaced by the maximum precipitation from the eight surrounding grid cells.
The above data sets are analysed by applying the same method used in earlier
studies4 referred to here as the binning method. Only data on wet days are used.
The wet days are defined as having precipitation of over 1 mm d−1 . At each station
or grid box, the wet events are ranked on the basis of the temperature for each day.
Then all events are divided into 12 bins by temperature with roughly an equal
number of events in each bin. The median temperature in each bin is used to
represent the temperature for that bin. Then the 99th percentile daily precipitation
intensity in each bin is determined by ranking the precipitation amounts. Only
stations or grid boxes with more than 100 events in each bin are used. However,
given the limited available wet events in summer and winter, we require at least
50 events in each bin when analysing the scaling rates in either season. Finally, an
exponential regression is used to relate the extreme precipitation (P1 , P2 ) with
temperature change (1T ):
P2 = P1 (1 + 0.01α1 )1T
where α1 is the rate at which extreme precipitation changes with temperature,
which we refer to as the ‘apparent scaling rate’.
A similar equation is applied in investigating the future extreme precipitation
with temperature:
Pfut = Phis (1 + 0.01α2 )1T

Data availability. AWAP data sets are available from the Australian Bureau of
Meteorology website (http://www.bom.gov.au/climate). NARCliM data sets are
available from NSW Climate Data Portal (https://climatedata.environment.
nsw.gov.au). HadISD data sets are available from the Met Office website
(http://www.metoffice.gov.uk/hadobs/hadisd).

References
38. Dunn, R. J. et al. HadISD: a quality-controlled global synoptic report database
for selected variables at long-term stations from 1973–2011. Clim. Past. 8,
1649–1679 (2012).
39. IPCC, Special Report on Emissions Scenarios (eds Nakićenović, N.
& Swart, R.) (Cambridge Univ. Press, 2000).
40. Skamarock, W. C. et al. A Description of the Advanced Research WRF Version 3
NCAR Technical Note (NCAR, 2008).
41. Evans, J., Ekström, M. & Ji, F. Evaluating the performance of a WRF
physics ensemble over South-East Australia. Clim. Dynam. 39,
1241–1258 (2012).
42. Ji, F., Ekström, M., Evans, J. P. & Teng, J. Evaluating rainfall patterns using
physics scheme ensembles from a regional atmospheric model. Theor. Appl.
Climatol. 115, 297–304 (2014).
43. Evans, J. P., Ji, F., Abramowitz, G. & Ekström, M. Optimally choosing small
ensemble members to produce robust climate simulations. Environ. Res. Lett. 8,
044050 (2013).
44. Schär, C. et al. Percentile indices for assessing changes in heavy precipitation
events. Climatic Change 137, 201–216 (2016).

NATURE CLIMATE CHANGE | www.nature.com/natureclimatechange
© 2017 Macmillan Publishers Limited, part of Springer Nature. All rights reserved.

