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Intensification of subhourly heavy rainfall
Hooman Ayat1,2*, Jason P. Evans1,2, Steven C. Sherwood1,2, Joshua Soderholm3

Short-duration rainfall extremes can cause flash flooding with associated impacts. Previous
studies of climate impacts on extreme precipitation have focused mainly on daily rain
totals. Subdaily extremes are often generated in small areas that can be missed by gauge
networks or satellites and are not resolved by climate models. Here, we show a robust
positive trend of at least 20% per decade in subhourly extreme rainfall near Sydney, Australia,
over 20 years, despite no evidence of trends at hourly or daily scales. This trend is seen
consistently in storms tracked using multiple independent ground radars, is consistent with
rain-gauge data, and does not appear to be associated with known natural variations. This
finding suggests that subhourly rainfall extremes may be increasing substantially faster than
those on more widely reported time scales.

C
limate change is expected to change the
intensity and frequency of heavy rain-
fall across the world (1–3) by increasing
humidity and changing the large-scale
atmospheric circulation and convective

dynamics of storms (4). Despite advances in
understanding the effects of a warming climate
on rainfall extremes at daily (or longer) scales,
according to the sixth report of the Inter-
governmental Panel on Climate Change (IPCC),
there is very low confidence about changes
in short-duration (subdaily) extreme precip-
itation, which is often responsible for destruc-
tive natural hazards like flash floods, landslides,
and debris flows in both urban and rural areas
(5–7). Improved knowledge of changes in heavy,
short-duration rainfall is vital for effective
climate adaptation (6–8) and to reduce the
vulnerability of cities (6).
Current studies have shown upward trends in

extreme rainfall at daily scales in many places
around the globe and suggest typical increases
similar to theClausius-Clapeyron rate of ~7%K–1

(1, 8–11). Super–Clausius-Clapeyron scaling
(>7% K−1) is reported for subdaily rainfall ex-
tremes in some regions like Australia (1, 12, 13),
Germany (14), Netherlands (15–17), South
Korea (18), and Hong Kong (19). However, it
is uncertain whether these observed scaling
rates can be used as a basis for projecting
future changes to rainfall extremes because
this approach does not explicitly include other
contributing factors such as changes in atmo-
spheric stability, storm structural dynamics
(20), and large-scale circulation (4, 17, 21).
A growing number of studies have examined

trends at subdaily and/or subhourly scales using
gauge stations during the past decades in
various regions across the globe. Although

these studies reported positive trends in sub-
daily rainfall extremes at some locations in
North America (22, 23), Australia (1, 2, 7, 24–30),
Europe (31–33), Southeast Asia (34), and parts
of China (35), most stations (within a network)
showed weak or no trends, probably because
of their questionable representativeness in
sampling short-duration (subdaily or subhourly)
rainfall extremes. These extremes often take
place over small areas (e.g., subkilometer)
and time (e.g., subhourly) scales that are rarely
resolved by gauge networks. The sixth report
of the IPCC considered this issue to be one of
the main limitations in determining reliable
trends in short-duration rainfall extremes
(36). For example, Lengfeld et al. (36) showed
that only 17.3% of hourly heavy precipitation
events in Germany from 2001 to 2018 were
captured by the gauge network, whereas 81.8%
of daily events were observed.
Regional climate models (RCMs) can predict

subdaily rainfall extremes. A few RCM-based
studies showed them intensifying over North
America (37) and Sweden (38). However, sub-
daily rainfall extremes are poorly simulated
in RCMs, owing to parameterizing convection
rather than explicitly simulating it. Convection-
permitting models (CPMs) overcome this limi-
tation and have been run in a few regions
(39, 40). However, there are large uncertain-
ties in the fidelity and evaluation of CPMs be-
cause of the lack of reliable observations, the
spatiotemporal scalemismatch between simu-
lated and observed data, and the reliance of
these models on parameterization of micro-
scale processes (41, 42). Similar concerns apply
to high-resolution reanalysis datasets (43).
The limitations mentioned above suggest

that more spatially and temporally complete
observational data are required to investigate
hourly or shorter-duration high-impact rainfall
events. Satellite-based precipitation products
can provide precipitation estimationwith global
coverage at reasonably high spatiotemporal
resolution. However, observations in these
products have large spatiotemporal gaps that

are filled by sophisticated interpolation tech-
niques combinedwith observations from cloud
top temperatures that are converted to precipi-
tation estimates, leading to large biases in heavy
precipitation (44). Thus, short-duration rain-
fall extremes are not satisfactorily captured by
current satellite products.
The gap between rain-gauge networks,

satellite observations, and climate models can
be filled by weather-radar data, which provide
precipitation measurements at high spatio-
temporal resolution (36). However, these datasets
are subject to uncertainties and inhomogeneity
causedbyhardwareupgrades, calibration,main-
tenance, attenuation, ground clutter, beamblock-
ing, and/or merging different sensors to cover
a larger area, whichmakes their application to
trend analysis challenging (36).
Here, we follow a new approach to over-

come these limitations and useweather radars
to gain higher confidence in changes of short-
duration rainfall extremes. We used satellite-
calibrated observations from three ground-based
radars (Wollongong, Terrey Hills, and New-
castle) covering the greater Sydney, Australia,
region (45) to study trends in rainfall extremes
down to the 10-min scale over the past two
decades. Figure 1, A to C, shows the locations
of the three radars and their fields of view
while observing the same events at a particu-
lar time. Using multiple overlapping radars
enabled us to limit the data inconsistency
issue in the datasets and increase the signal-
to-noise ratio.
By using an object-based approach, rain

systems in the gridded radar data are considered
as moving objects (see the highlighted objects
in Fig. 1, A to C). This approach enabled us to
locate and observe the peak intensity of storms
for every time step, which is not possible using
point-based datasets. The object-based method
used in this study is called method of object-
based diagnostic evaluation (MODE), which has
been previously used over Wollongong radar
in another study to investigate the climatology
of rain systems near Sydney (46). Using this
technique over two radar- and satellite-based
precipitation products over the eastern United
States showed that the object-based properties
of the storms are not dependent on the ob-
servational platform (44, 47). By using this
technique, the spatial maximum intensity
of the detected objects (hereafter, object max-
imum intensity) for each time step have been
extracted and are paired with their year of
occurrence. A 95% quantile regression has
been applied over the paired data (for each
radar separately) to target the trend of the
spatial maximum rain rate of the extreme
storms.
We also repeated the quantile regression

analysis over the objects captured simultane-
ously by both the TerreyHills andWollongong
radars to identify any effect of different radar
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Fig. 1. The locations of the selected weather radar and AWS rain gauges
that captured an event on 16 December 2015 at 02:06:00 UTC. (A to
C) Fields of view of the Wollongong (A), Terrey Hills (B), and Newcastle (C) radars
while observing the event. In (A), the bottom solid circle shows the Wollongong
radar field of view, and the middle and top dashed circles show the relative
locations of the Terrey Hills and Newcastle radar fields of view, which are shown
in (B) and (C). The highlighted rainfall patterns are objects that were detected

using the object-detection technique. The detected objects in the Wollongong
(A) and Terrey Hills (B) radars are matched with the total interest value of 1
(see supplementary methods for more details). The numbers in the magnified
view from (C) represent the AWS rain gauges. An example of the maximum
intensity of an object is shown in the 3D view of the detected object in Terrey Hills
radar (B) at the bottom left. An example of a matched object is shown at the
bottom right.
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hardware and location on the calculated trends
in the previous step. For this purpose, we used
an object-matching technique to isolate the
objects that are observed in two radars at each
time step. By using this technique, an object
from the Terrey Hills radar dataset is matched
with its counterpart in the Wollongong radar
dataset at each time step if they have similar
properties (here location and area; see supple-
mentary methods for more details).
In the next step, all rainfall data from 1999

to 2017 (including wet and dry data) from nine
high-resolution (1 min) automatic weather
stations (AWSs) are resampled to subhourly
(10 min), hourly, and daily time scales. The 99
and 99.9% quantile regressions are fitted
over the data from each year to investigate the
trend of rainfall extremes from a point-based
perspective. We repeated the same procedure
for the same period over Wollongong radar
data and sampled at the locations of AWS rain
gauges to directly compare the radar to other
platforms. Note that the 95% quantile is tar-
geting low rainfall intensities in the point-based
approach because wet and dry records were
included (see supplementary methods). Hence,
we have selected 99 and 99.9% quantiles to
target the extremes. Note that to compare the
rate of change between the radars and gauge
stations and estimate a rate of change inde-
pendent of an observational platform, we nor-
malized the results by dividing them by the
average of the data for each radar and gauge
station.
Figure 2 presents the time series and linear

trends of the annual extreme (95% quantile
across all objects) maximum rain rate seen in
the object for each radar separately and for

the matched objects in the Terrey Hills and
Wollongong radars. There are positive trends
in all radar datasets that are statistically sig-
nificant at the 0.05 level. The radars thus cor-
roborate each other and suggest an upward
trend of at least 2% per year since 1997 (ac-
celerating to up to 8% more recently) in the
maximum intensity. The actual trends look
strongest for the most extreme values, and
any approach or instrument that is reaching
farther out on the distribution tail encounters
stronger trends. For example, trends are even
stronger, and very similar, in the matched
objects in both the Wollongong and Terrey
Hills datasets. This is related to the matching
process that often excludes small-scale nonex-
treme storms with shallow vertical structures
because a pair of matched objects is detected
at different distances from the radars and dif-
ferent altitudes (fig. S6) and often includes
well-developed and more extreme storms. Sim-
ilar results have also been found using the 90%
quantile of data (see fig. S1).
Figure 3 shows the detected trends of sub-

hourly (10 min), hourly, and daily extreme
(99%) and very extreme (99.9%) rainfall from
a point-based perspective using nine AWS rain
gauges (orange) and the Wollongong radar
data (blue) at the locations of the AWS rain
gauges by applying the quantile regression
technique. The trends that are not statisti-
cally significant are shown in gray. Figure 3A
indicates that most AWS rain gauges (six out
of nine) show robust upward trends in very
extreme rainfall (99.9%) at a subhourly reso-
lution (10 min) with a rate of up to 2% per
year. These trends are even more clear in the
Wollongong radar data, because all the selected

pixels (at the AWS locations) are showing
statistically significant positive trends. These
10-min trend results are in agreement with
what we have observed in the trend of object
maximum intensity. However, fewer stations
(both in radar and AWS data) show robust
positive trends in hourly accumulations, es-
pecially in AWS data (Fig. 3B). Note that a
daily trend analysis for the 99.9% quantile is
not possible because the maximum number of
available daily data in a year is less than 1000.
The observed trends in the extreme rainfall
(99%) are weaker in subhourly accumulations
(Fig. 3C) but stronger and clearer in hourly
accumulations (Fig. 3D). However, this signal
becomes less clear in daily accumulations, for
which most of the stations do not show robust
upward trends (Fig. 3E). Note that a possible
reason for steeper observed trends in radars is
that radars observe higher-level precipitation,
andwhen the storms get stronger, theymay be
lofting precipitation higher, so the fraction
reaching the ground might decrease a bit,
causing the higher trend. Conversely, gauge
records are sensitive to winds, which are more
severe during heavy rainfall and cause gauge
undercatch, possibly resulting in an under-
estimation of trends in gauge instruments. This
may explain all or some of the differences in
trend magnitudes.
We also investigated the relationships be-

tween climate indices [i.e., El Niño–Southern
Oscillation (ENSO), Indian Ocean Dipole (IOD),
and Southern Annular Mode (SAM)] and object
maximum intensity in another study (46) (using
Wollongong radar data and a multivariate ap-
proach), and the results did not show any link
between intensity and any of the modes in this

Ayat et al., Science 378, 655–659 (2022) 11 November 2022 3 of 5

Fig. 2. Annual 95% quantile of the object maximum intensity trend in
the radar datasets. (A) The 95% quantile time series of annual rainfall. The
dashed lines are the 95% quantile regression fitted over the data matched with
their years of occurrence. The values on the y axis are normalized based on
the 95% quantile of the entire dataset of each radar. (B) Calculated slope of

changes using the quantile regression analysis. All the calculated trends are
significant at the level of 0.05. Blue, Wollongong radar; orange, Newcastle
radar; green, Terrey Hills radar; purple, objects in Terrey Hills that are matched
with their Wollongong counterparts; brown, objects in Wollongong that are
matched with their Terrey Hills counterparts.
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region. Similar findingswere also reportedusing
point-based approaches for short-duration accu-
mulations of (hourly and/or subhourly) rainfall
extremes in Australia (1) and eastern Australia
(2), suggesting that these trends are not a part
of natural variability.
The high rate of change found here (at least

20% per decade) has not been reported in pre-
vious studies in this region or other parts of
the world. Although we find positive trends at
gauge stations as examined in previous studies,
the rates of change, except at one station, are

much smaller than 20% per decade. This shows
that the trends in gauge stations are much
noisier and more uncertain than those in
weather radars because so many storms are
missed or unrepresentatively sampled by the
gauges (36).
It is interesting that the observed positive

trends in subhourly rainfall extremes gradually
decline at longer accumulation intervals, sug-
gesting that even in places with little trend
in daily rainfall extremes, there may still be
increasing risks of flash floods due to the

intensification of subhourly rainfall extremes.
This result is consistent with Kendon et al.
(40), who showed that changes in 10-min and
hourly precipitation emerge before changes in
daily precipitation in a CPM simulation over
the southern United Kingdom. Thus, there is
observational evidence that suggests that the
surprising trend reported here may be occur-
ring in many parts of the world, and it is qual-
itatively consistent with model predictions
in warmer atmospheres (37, 38).
Although understanding the changes in

rainfall extremes globally has been inhibited
by a lack of data (4), this study shows that
weather radar data could be a valuable means
toward overcoming the existing limitations by
using the analysis framework introduced here.
Better spatial coverage and resolution of weather
radar data provide potential opportunities to
study storm trends using more details such as
changes in different storm types and proper-
ties other than intensity and frequency (i.e.,
size, shape, translation speed, and so on). In
addition, by using the object-based approach
and object-matching technique presented in
this study, CPMs can be better evaluated
through simulations of recent trends so that
there is a higher confidence in their future
projections.
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Fig. 3. Rainfall extreme trends using the
point-based approach. (A to E) Extreme
[99%; (A) and (B)] and very extreme [99.9%;
(C) to (E)] rainfall intensity changes using
nine AWS rain gauges and radar data (at each
station’s location, St1 to St9) at subhourly
[10 min; (A) and (C)], hourly [(B) and (D)],
and daily (E) time scales. The data represented
by the orange and blue bars are significant
at the level of 0.05; the data represented
by the gray bars are not significant. The
calculated change at each station is the
normalized slope of the fitted line based on
the associated quantile of the entire data.
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A hard rain is falling
Short-duration, extreme rainfall can cause dangerous flash flooding, threatening life, infrastructure and the landscape.
Studies of this type of event have focused mainly on daily rain totals, not considering how precipitation might vary on
shorter time scales. Ayat et al. analyzed subhourly rainfall extremes near Sydney, Australia, over 20 years and found
that they are increasing much faster than those over longer periods. Better understanding of such extremes is vital for
effective climate adaptation and to reduce the vulnerability of populated regions. —HJS
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