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ABSTRACT

The relationship between extreme rainfall and temperature, known as temperature scaling, is widely used to understand changes
in rainfall characteristics under a warming climate. While most previous studies have focussed on fixed-duration intensities or
event totals, this study examines how different aspects of the rainfall temporal profile respond to temperature. Specifically, we
focus on temperature scaling of total event depth, maximum sub-hourly intensity and measures of profile concentration and
loading. Using both sub-hourly rain gauge data across Britain and 10-min output from a convection-permitting climate model
(CPM) for present and future climates over southern England and Wales, we analyse short-duration, summer rainstorms. Results
show that total rainfall depth increases with temperature, with higher quantiles approaching Clausius-Clapeyron (CC) scaling
rates of 6-7%°C~!. However, changes are unevenly distributed within the rainfall event temporal structure. Maximum sub-
hourly intensities scale more strongly than total event depth, with upper quantiles reaching 7-11%°C~1, indicating pronounced
intensification of short-duration rainfall extremes at high temperatures. Accumulation of 50% of the rainfall event volume was
found to occur over a shorter fraction of the storm duration and earlier in the storm duration, indicating rainfall events are more
concentrated and more front-loaded at higher temperatures, with both scaling at rates of 1-2%°C~. These results suggest that
future summer rainstorms will not only deliver greater overall rainfall in a warming climate, but also produce more intense and
earlier bursts of precipitation, heightening flash flood risk. Disregarding these temporal shifts may lead to underestimation of
flood hazards and misrepresentation of climate change impacts in hydrological modelling and infrastructure design.

1 | Introduction effective flood management and adaptation. A widely used diag-

nostic is the relationship between rainfall intensity and tempera-

Flash flooding poses a major societal risk, causing damage to
infrastructure, transport disruption and loss of life. Its impacts
are exacerbated by rapid onset and the potential to occur almost
anywhere, particularly in urban and rapid response catchments
(Jonkman 2005; Doocy et al. 2013; Hu et al. 2018; Archer and
Fowler 2021; Dale 2021). Anticipating how rainfall character-
istics will evolve under climate change is therefore critical for

ture, known as temperature scaling, which infers how rainfall
extremes may respond to warming. This approach builds on
the Clausius-Clapeyron (CC) relationship, which states that
the atmosphere's moisture-holding capacity increases by about
6-7% per 1°C rise in temperature (Trenberth 1999; Allen and
Ingram 2002). The effect of a warmer, wetter global atmosphere
on precipitation is complex and varies at different locations. In
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the UK, climate model projections indicate that winters will be
warmer and wetter and summers hotter and drier; however, de-
spite the overall summer drying trends, the rainfall that does
occur will show increased intensity of heavy summer rainfall
events (Intergovernmental Panel on Climate Change 2021;
Kendon et al. 2021; Met Office Hadley Centre 2022). To broaden
understanding of future rainfall, research efforts have investi-
gated the relationship of rainfall with temperature, where the
‘apparent scaling’ of rainfall with daily temperature variabil-
ity is used as a proxy for ‘climate scaling’ in a warmer future
(Fowler et al. 2021).

Empirical studies reveal, however, that apparent scaling is
highly variable. While some studies report CC-like increases
(Chan et al. 2015, 2016), others find super-CC (Kendon, Stratton,
et al. 2019; Ali, Fowler, et al. 2021; Ali, Peleg, and Fowler 2021;
Ali et al. 2022) and sub-CC (Ali et al. 2018; Pumo et al. 2019),
and even negative scaling (Hardwick Jones et al. 2010; Utsumi
et al. 2011; Ali and Mishra 2017; Kendon, Stratton, et al. 2019;
Ali et al. 2022). A peak-like relationship, with rainfall intensity
rising then declining beyond a temperature threshold, is also
common (Lenderink and van Meijgaard 2008; Hardwick Jones
et al. 2010; Wang et al. 2017; Pan et al. 2019; Pumo et al. 2019).
Such variation reflects differences in rainfall type, with strati-
form rainfall generally following CC scaling, whereas convec-
tive storms can exceed CC rates due to enhanced latent heating
and stronger updrafts (Trenberth et al. 2003; Lenderink and Van
Meijgaard 2010; Singleton and Toumi 2013). Apparent super-CC
scaling may also result from mixing storm types, as warmer
conditions favour more convective events (Berg et al. 2013; Da
Silva and Haerter 2025; Xie et al. 2025). Scaling rates also de-
pend on season (Lenderink and van Meijgaard 2008; Blenkinsop
et al. 2015; Pan et al. 2019; Pumo et al. 2019), weather type
(Blenkinsop et al. 2015; Magan et al. 2020), region (Utsumi
et al. 2011; Panthou et al. 2014; Ban et al. 2015; Molnar et al. 2015;
Prein et al. 2016; Peleg et al. 2018; Van de Vyver et al. 2019; Ali,
Fowler, et al. 2021; Ali, Peleg, and Fowler 2021) and urbanisa-
tion (Pan et al. 2019), which affect the occurrence and intensity
of convective activity.

Methodological choices further affect scaling estimates. Steeper
gradients are generally found for higher rainfall quantiles
(Lenderink and van Meijgaard 2008; Hardwick Jones et al. 2010;
Singleton and Toumi 2013; Park and Min 2017; Kendon, Stratton,
et al. 2019) and shorter accumulation periods (Lenderink and
van Meijgaard 2008; Hardwick Jones et al. 2010; Singleton and
Toumi 2013; Panthou et al. 2014; Park and Min 2017; Kendon,
Stratton, et al. 2019; Hundhausen et al. 2024). Data quality, gauge
pooling and spatial resolution also influence results (Molnar
et al. 2015; Ali, Fowler, et al. 2021; Ali, Peleg, and Fowler 2021;
Ali et al. 2022). High resolution convection-permitting models
(CPMs) better capture convective extremes than regional or
global models (Kendon, Stratton, et al. 2019). Statistical tech-
niques, such as binning versus quantile regression, introduce
additional variation (Ali et al. 2022). Dewpoint temperature is
now preferred over air temperature as a physically meaning-
ful predictor, since it directly represents atmospheric moisture
availability (Lenderink et al. 2011; Barbero et al. 2018; Ali,
Fowler, et al. 2021), being a measure of atmospheric moisture
translated to temperature through the CC relationship. In the
UK, ensemble climate model projections indicate an average

increase in dewpoint temperature of 2.5°C-4.0°C between base-
line (1981-2000) and future (2061-2080) simulations (Kendon,
Fosser, et al. 2019).

While early work focused on fixed-duration accumulations
(e.g., daily, hourly), recent studies have shifted to event-based
analyses, examining (near) continuous rainfall events separated
by dry intervals (Panthou et al. 2014; Molnar et al. 2015; Pan
et al. 2019; Najibi et al. 2022). This enables assessment of storm
characteristics, such as total depth, duration, and maximum in-
tensity, that are directly relevant for hydrological impacts, such
as flash flooding (Berg et al. 2013). For example, events with
concentrated temporal profiles, where much of the rainfall oc-
curs within a short time, have been linked to severe urban flood-
ing (Chen et al. 2015; Lana et al. 2020). Understanding event
profile change with temperature is therefore crucial for improv-
ing flood risk projections.

Recent work highlights that scaling affects not only storm to-
tals or peak intensities, but also rainfall timing within storms.
Wasko and Sharma (2015) found that the most intense fractions
of storms scale positively with temperature, while the weakest
fractions scale negatively. Subsequent studies in the UK and USA
reported similar behaviour (Fadhel et al. 2018; Hettiarachchi
et al. 2018). Visser et al. (2023) introduced the “D.,” metric, rep-
resenting the time within a storm by which 50% of the rainfall
has occurred, and showed that storms across Australia become
increasingly front-loaded with temperature increases. Global
satellite analyses further reveal that higher temperatures tend
to shorten, shrink and front-load low-latitude storms (Ghanghas
et al. 2024). Together, these results suggest that warming may
alter both the intensity and timing of rainfall within events, in-
creasing flash flood potential.

In the UK, summer rainfall is dominated by convective storms
(Blenkinsop et al. 2015; Rico-Ramirez et al. 2015), which are
more temperature-sensitive than stratiform systems (Lenderink
and Van Meijgaard 2010; Blenkinsop et al. 2015). Extreme sub-
daily intensities have been shown to be greatest in southern re-
gions during summer due to convective dominance (Blenkinsop
and Fowler 2014; Blenkinsop et al. 2015, 2017; Allan et al. 2016).
UKCP18 climate projections indicate average summer tempera-
tures could rise by up to 5.4°C by 2070 (Lowe et al. 2019), with
more frequent and intense downpours (Kendon et al. 2014; Met
Office Hadley Centre 2022).

This study investigates how key characteristics of summer short-
duration rainstorms: total depth, peak intensity, concentration
and temporal loading, scale with dewpoint temperature. We
analyse sub-hourly rain gauge data across Great Britain along-
side 10-min CPM output for southern England and Wales, com-
paring present (1997-2009) and future (~2100 RCP 8.5) climates.
By focussing on convective-type events, we provide new insight
into how rainfall temporal profiles may evolve under warming.
To our knowledge, this is the first study to examine profile-
based scaling metrics using both observed and CPM-simulated
rainfall in the UK, with direct implications for design storm esti-
mation and flash flood adaptation under climate change.

The remainder of this paper is organised as follows: Section 2
describes the study region, datasets, rainfall indices and
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methodology. Section 3 presents the results, followed with dis-
cussion and conclusions in Sections 4 and 5, respectively.

2 | Data and Methods
2.1 | Data

Rainfall events were identified using the method of
Hundhausen et al. (2025), defining independent events as
continuous rainfall >0.01mmh~! with a minimum depth of
5mm and duration >1h, separated by a minimum 7.5h ‘dry’
interval, termed the interarrival period, which has <1mm of
rainfall. Allowing this minimal amount of rainfall in the in-
terarrival period prevented the inclusion of long events with
a large dry fraction by discounting minor precipitation peaks
that were isolated from the main events (1 mm rainfall adjoin-
ing a main event was included within the event). Although
spatial independence was not enforced, this is unlikely to af-
fect results, as summer storms are small in scale and weakly
correlated beyond ~10km (Blenkinsop et al. 2017). Events
observed at multiple gauges may differ in characteristics,
thereby capturing spatial variability.

Sub-hourly rainfall data (5- and 15-min) from 1299 gauges
across Great Britain were obtained from the Environment
Agency, Natural Resources Wales (NRW) and the Scottish
Environment Protection Agency (SEPA), with records extend-
ing from 1962 to 2018 and additional data for 1009 gauges to
2020. The 5-min rainfall was resampled to 15-min rainfall
for analysis. All data underwent quality control following
Villalobos-Herrera et al. (2022). Quality-controlled datasets
substantially improve scaling robustness (Ali et al. 2022). Ali
et al. (2022) reported higher and more consistent scaling rates
for the Global Subdaily Rainfall (GSDR) data after quality
control, with all gauges showing positive scaling of the 99th
quantile (q99) hourly rainfall and over half exceeding CC
expectations.

The observed rainfall events were paired with temperature
data from ERAS5-Land reanalysis (Copernicus Climate Change
Service (C3S) 2019) at 0.25° resolution and hourly frequency. For
each event, 2m air and dewpoint temperatures were extracted
at 1 and 3h prior to onset; within the dry interarrival period, to
avoid precipitation-induced cooling and humidity biases. ERAS5-
Land provides a reliable representation of near-surface mois-
ture conditions over the UK (Ali, Peleg, and Fowler 2021). This
paper presents results from dewpoint temperature (although
results from air temperature are included in the Supporting
Information Section S3).

Modelled events are obtained from the 1.5km convection-
permitting version of the Met Office Unified Model (MetUM)
(Kendon et al. 2012, 2014), developed under the CONVective
EXtremes (CONVEX) project. The CPM explicitly represents
deep convection and reproduces the dynamical structures and
life cycles of convective storms (Kendon et al. 2012, 2014; Chan
et al. 2014) more realistically than convection-parameterized
regional models, which tend to overproduce light rainfall
(Stephens et al. 2010; Wilkinson et al. 2013).

The CONVEX CPM domain covers southern England and Wales
and is driven by a 12-km regional climate model (RCM) version
of the MetUM covering Europe, nested within a 60-km global cli-
mate model (GCM) (Kendon et al. 2014). Simulations span 13-year
present (1997-2009) and future (~2100, under RCP 8.5) summer
(JJA) periods. Outputs include 10-min rainfall, 1.5m hourly air
temperature and 3-h specific humidity. No significant tempera-
ture trends were detected within each 13-year time-slice.

Rainfall events and their paired air temperature and specific hu-
midity were extracted from the CPM time-slices, using the same
event definition as for observations. Dewpoint temperature was
computed from air temperature and specific humidity using
equations for saturated vapour pressure, partial vapour pressure
and relative humidity following Bolton (1980), Lawrence (2005)
and Cai (2019) (see Supporting Information Section S1).
Previous analyses of sub-daily rainfall scaling in the UK to date,
have used both observational (Blenkinsop et al. 2015) and the
CONVEX CPM data (Chan et al. 2015, 2016), but focussed on
fixed duration rainfall intensities or total event rainfall; here we
focus on full rainfall events and their temporal characteristics.

2.2 | Pooling Criteria

A spatial pooling scheme was applied to ensure sufficient sam-
ple sizes for robust scaling analysis, noting that pooled results
tend to yield slightly lower scaling rates than single sites due
to spatial averaging of local dynamics. Previous comparisons
show pooled scaling rates are typically 0.2 to 0.3%°C~! lower
than single-site estimates, with regional pooling shifting results
from super-CC to predominantly CC behaviour (Ali, Fowler,
et al. 2021; Ali et al. 2022).

Two pooling strategies were used for the rain gauge data: (1) a
single nationwide pooling (“all-raingauges”) and (2) regional and
elevation-based subsets to capture climate variability and avoid
artificially steepened scaling from combining gauges with dif-
fering precipitation mechanisms (Visser et al. 2021) or flattened
scaling curves due to differing dewpoint regimes (Ali, Fowler,
et al. 2021). Regional pooling followed the UK extreme hourly
rainfall regions defined by Darwish et al. (2021) (Figure 1).
Western regions, dominated by frontal and orographic rainfall
and enhanced oceanic moisture advection, contrast with the
more convective regimes of the south and east (Hand et al. 2004;
Jones et al. 2014; Blenkinsop et al. 2017; Darwish et al. 2018,
2021). Elevation from the Ordnance Survey Terrain 50 digital
terrain model was used to separate gauges above and below
400m above sea level as high altitudes have lower dewpoint
than lower altitudes (Ali, Fowler, et al. 2021).

Modelled events were analysed for the full CONVEX domain within
southern England and Wales (areas overlying the ocean, Ireland
and France were excluded) and west-east regional subdivision.
Sensitivity tests repeated the rain gauge scaling using only gauges
within the model domain and overlapping years (1997-2009). As
regional and temporal subsets produced similar patterns, only re-
sults for the full model domain and national rain gauge pooling
are presented here. Model scaling was also evaluated for the future
simulations to assess the persistence of present-day relationships.
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2.3 | Scaling Calculation

Four properties of the rainfall event were analysed: total depth,
maximum sub-hourly intensity, D (a measure of rainfall timing
within the event duration), and PW, (a measure of rainfall con-
centration over the event duration). Table 1 describes the statistics
calculated for each rainfall event, with a schematic illustration
provided in Figure 2. The depth and maximum intensity were

calculated for the original rainfall profile, while the PW., and
D, values were calculated from the profile normalised over 100
time steps.

Scaling analysis was performed for precipitation events with
dewpoint temperatures above 5°C, to remove anomalous outli-
ers. The outlier events were not regionally clustered and corre-
sponded to freezing or near-freezing conditions.

Raingauge region:
Centre-east
North-east
North-west
South-east
o South-west

e High (>400m)
[J CPM domain

o e o o

0 100 200 km
| I

.| © OpenStreetMap
contributors. Data is
available under the
Open Database License
(openstreetmap.org/
copyright).

FIGURE1 | Rain gauge pooling groups reflecting British rainfall characteristics shown by the five Darwish et al. (2021) regions in different co-
lours, excluding rain gauges above 400 mAOD which are shown in orange. The CONVEX CPM model domain is indicated by the purple rectangle,
although areas overlying the ocean, Ireland and France were excluded from analysis. [Colour figure can be viewed at wileyonlinelibrary.com]

TABLE 1 | Results analysis metrics.

Statistic

Description

Depth (mm)
Duration-50, or D, (%)

The total event rainfall depth (volume of event).

Proportion of event duration elapsed when 50% of the total rainfall has occurred

(Visser et al. 2023). Smaller values indicate front-loaded storms, where more
rainfall occurs early in the event, while larger values indicate back-loaded
storms, with more rainfall occurring later. For example, a D, of 10% represents
a strongly front-loaded storm, while 90% denotes a back-loaded storm.

Intensity maximum (mm/time-step)

The maximum rainfall intensity across all time-steps of the event. For rain

gauge data, the time-step is 15min; for the CONVEX CPM data it is 10 min.

Peakwidth-50, or PW, (%)

The shortest proportion of the event duration during which 50% of the total rainfall

occurs (M. Hundhausen, pers. comm.). This metric quantifies rainfall concentration.
Smaller values indicate a more concentrated burst within the event, while larger
values mean rainfall is more spread-out. For example, a PW, of 10% means that
half of the total rainfall occurs within 10% of the event duration, that is, a highly
concentrated burst, whereas PW, of 50% indicates fairly uniform rainfall across
the event, while PW,, of 90% suggests significant rainfall in the early and late part
of the event with gradual rainfall in-between, such as a double-peaked event.

Normalised cumulative profile (—)

Event time series, for which the cumulative rainfall and event
duration were each normalised to a value of 1.0.
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FIGURE2 | Schematic of analysis metrics for rainfall events: Event depth, maximum intensity, peakwidth-50 (PW, ) and duration-50 (D). This

is an imaginary profile, but it would have a D, of 94% and PW,  of 5%. [Colour figure can be viewed at wileyonlinelibrary.com]|

Three different scaling techniques were evaluated: equal-width
binning (Lenderink and van Meijgaard 2008), equal-number bin-
ning (Hardwick Jones et al. 2010), and quantile regression (Wasko
and Sharma 2014). In both binning methods a linear relationship
between rainfall quantiles and temperature bins is fitted using
ordinary least squares. Equal-width binning divides the tempera-
ture range into overlapping 2°C windows at 1°C intervals, to re-
duce sensitivity to arbitrary bin boundaries (Lenderink and Van
Meijgaard 2010). Bins containing fewer than 100 samples were
excluded to avoid instability in scaling gradients. Equal-number
binning maintains constant sample size per bin but has variable
temperature windows. Both binning approaches were imple-
mented using Python's sklearn linear regression model (Pedregosa
et al. 2011). Quantile regression fits a linear relation directly to the
full dataset without binning. It minimises absolute, rather than
squared, errors and applies asymmetric penalties for over- and
underprediction, making it less sensitive to outliers and sample
size (Wasko and Sharma 2014). The quantile regression approach
was implemented using Python's Statsmodels quantreg function
(Skipper and Perktold 2010).

The linear regression was applied to the log-transformed values
of each rainfall metric at a given quantile, for example:

log(q99) = a + T (@)

where q99 is the 99th (or other) quantile of either rainfall
depth, maximum intensity, PW,  or D, a is the regression in-
tercept, 8 the regression slope and T is dewpoint temperature
or air temperature. The scaling factor was estimated using an
exponential transformation of the regression slope coefficient,
for example:

989 _ 100 # (exp(p) — 1) ®)

oT

For rainfall depth and maximum intensity, quantiles represent
event magnitude, with the 50th, 95th and 99th percentiles calcu-
lated to capture increasingly extreme events. For PW, and D,
quantiles describe event shape so are evaluated across the range

of percentiles at regular intervals: the 10th, 30th, 50th, 70th and
90th percentiles, to assess how different temporal profile shapes
scale with temperature.

Previous studies have shown that mixing events of different du-
rations (Visser et al. 2021; Najibi et al. 2022), or rainfall types
(Berg and Haerter 2013) can influence scaling rates. Although
this study selects only summer events, some statistical mixing
of stratiform and convective rainfall may remain (Da Silva and
Haerter 2025). However, Hand et al. (2004) showed that all UK
extreme rainfall events of <5h are predominantly convective.
Thus, to minimise the effects of such mixing, events were classi-
fied into three duration categories:

« <3h (predominantly convective);
« 3-6h (mixed convective and stratiform);

« 6-24h (largely non-convective).

Events exceeding 24 h were excluded as they are unlikely to be
primarily convective.

3 | Results
3.1 | Overview of Scaling
3.11 | Frequency of Rainfall Events

Because the CPM is driven by RCM and GCM boundary con-
ditions, its simulated rainfall arises from physically-based pro-
cesses that reproduce the climatological statistics of a given
period rather than individual observed events. To evaluate real-
ism, the frequency of simulated CONVEX CPM rainfall events
was compared with observations. Although the CPM produces
a greater total number of events (as all land grid cells are in-
cluded), the present-day simulated event frequency per grid
cell is approximately 86% of the observed frequency per gauge
(Table 2). In the future time-slice, event frequency declines
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markedly to about 50% of the present-day value, indicating lon-
ger dry intervals between summer rainfall events—consistent
with projections of a warmer and drier UK summer climate
(Kendon et al. 2014).

Changes in event frequency with temperature were examined
using histograms for five equal-number temperature bins.
Figure 3 shows event frequency as a function of dewpoint

TABLE2 | Frequency ofrainfall events from rain gauge observations
(1997-2009) and CONVEX CPM simulations for the present-day (1997-
2009) and future (~2100, RCP 8.5) 13-year periods.

temperature. In both observations and the CPM present-day
simulation, the proportion of short-duration events increases
with temperature; a pattern also evident in the future simu-
lation. This relationship occurs across all event profile types
(front-, centre- and back-loaded) but is most pronounced for
front-loaded storms.

3.1.2 | Comparison of Scaling Techniques
Although equal-width binning and quantile regression are more

sensitive to temperature ranges with limited sample sizes (see
Supporting Information Section S2), the overall regression slopes

Number Number of  Events per for all three methods are broadly consistent (Figure 4 panels (a)
of rainfall gauges or gauge or and (b)). Consequently, results are presented using the equal-
events grid cells grid cell width binning approach to enable discussion of the detail of the
- quantile’s behaviour. Additionally, scaling rates are consistently
Rain gauge 55,505 361 153.8 higher with dewpoint than with air temperature for precipitation
observations events of equivalent duration (Figure 4 panels (c) and (d)).
CPM 6,077,291 45,787 132.7
present-day The largest variations in scaling occur between the three storm
duration groups. Events lasting <3h and 3-6h have similar
CPM future 3,121,118 45,787 682 scaling rates, whereas 6-24h events show markedly lower
(a)
Front-loaded Centre-loaded Back-loaded
6000
9 —
& 4000 ]
> —= i
PP =
* 2000 i =
EIE.;‘%:‘:I:: E‘;‘EE—
0 : : : - : .
0 10 20 0 10 20 0 10 20
Event duration (hours)
— 811°C — 10-12°C — 11-13°C —— 12-15°C 14-22 °C
(b)
Front-loaded Centre-loaded Back-loaded
100000
80000 ;
N i
& 60000 r
%
“g’- 40000 5
= = —= N
20000 % = Tg%
0 — ——— :
0 10 20 0 10 20 0 10 20
Event duration (hours)
— 8-10°C — 9-12°C — 11-13°C — 12-14°C 13-22°C
FIGURE 3 | Event duration frequency for observed (panel (a)) and CONVEX CPM present-day (panel (b)) profiles with dewpoint temperature

using five equal-number temperature bins. Histogram colours indicate their temperature bins from cool (purple) to warm (yellow), illustrating that

warmer temperature conditions are associated with a higher frequency of short-duration events. [Colour figure can be viewed at wileyonlinelibrary.

com]
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FIGURE 4 | Rainfall depth scaling slopes for events of <3h, 3-6h and 6-24h duration. The upper-left panel (a) compares observational scaling

with dewpoint temperature results using equal-width (EW) binning (black), equal-number (EN) binning (blue) and quantile regression (QR) (red).

The lower-left panel (c) compares observational results for scaling with air temperature (black) and dewpoint temperature (green). The right-hand
panels (b) and (d) show corresponding results for the CONVEX CPM present-day simulation. [Colour figure can be viewed at wileyonlinelibrary.com]

scaling (Figure 4, all panels). Reduced scaling for longer du-
ration events has been widely reported (Haerter et al. 2010;
Hardwick Jones et al. 2010; Panthou et al. 2014) and may re-
flect their smaller convective component as several studies
have found lower scaling for stratiform compared with con-
vective rainfall (Berg et al. 2013; Molnar et al. 2015; Park
and Min 2017), though the difference is minimal for the UK
(Blenkinsop et al. 2015). However, other studies argue that ap-
parent high scaling rates result not from physical differences
but from the statistical mixing of rainfall types as conditions
shift from predominantly stratiform to convective with in-
creasing temperatures (Haerter and Berg 2009; Da Silva and
Haerter 2025).

Results in Section 3.2 focus on events of <3h, which are most
strongly convective. Scaling is shown for 3-h pre-event dewpoint
temperature, although similar rates were obtained using 1-h
pre-event dewpoint temperature (not shown) and air tempera-
ture (see Supporting Information Section S3).

3.2 | Scaling of Rainfall Event Characteristics
With Dewpoint Temperature

Results are presented for observations using the all-raingauges
(nationwide) pooling, and for the CPM domain (southern
England and Wales) under present-day and future climates,
showing scaling of rainfall event characteristics with dewpoint
temperature.

Figure 5 panels (a), (c) and (e) show scaling of total event depth
with dewpoint temperature. Observations exhibit sub-CC
scaling at the median and approximately CC scaling at higher
quantiles. The CPM shows similar behaviour for both time-
slices, although present-day scaling is slightly higher. The ob-
servations do not cover as wide a range of rainfall depths as the
CPM and samples are sparse in the upper depth range, hence
the highest observational quantiles may be underestimated due
to limited sample size. In contrast, the CPM future simulation
shows a downturn in scaling at ~19°C consistent with the peak-
like behaviour reported by Chan et al. (2015) for 1-h rainfall.
While downturns in air temperature scaling are typically linked
to moisture limitations (Prein et al. 2016), the use of dewpoint
temperature suggests that other factors, such as mesoscale cir-
culation, vertical instability or wind shear, may constrain rain-
fall at high temperatures (Lenderink et al. 2011; Blenkinsop
et al. 2015).

Figure 5 panels (b), (d) and (f) present results for maximum
event intensity, defined as the highest sub-hourly rainfall within
an event. Rain gauges use 15-min data, while CPM outputs
are at 10-min resolution; although this could allow higher rain
gauge intensities in theory, the smaller observational sample
limits the upper range. Scaling patterns are similar to those for
event depth but with consistently higher rates, particularly in
the CPM present-day simulation, where upper quantiles show
clear super-CC behaviour. These findings indicate that warming
exerts a stronger influence on maximum rainfall intensity than
on total event depth.
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FIGURE 5

| Scaling of rainfall event total depth (panels (a), (c), (¢)) and maximum intensity (panels (b), (d), (f)) with 3-h pre-event dewpoint tem-

perature for observations and CONVEX CPM present-day and future climates. Individual rainfall events are shown as grey points. Coloured markers
denote fitted 50th, 95th and 99th quantiles for each equal-width temperature bin, with corresponding regression lines shown in matching colours.
95% uncertainty ranges between the 2.75 and 97.5 percentiles have been calculated using bootstrapping and lowess fitting, and are shown as paler
shading of each quantile's colour. [Colour figure can be viewed at wileyonlinelibrary.com]

An indication of uncertainty is shown using bootstrapping to
calculate 95% confidence intervals for the quantile points. The
bootstrapping took 1000 samples with replacement from each
temperature bin and fitted a Lowess line to their 2.5 and 97.5
percentiles. The interval between each pair of Lowess lines is
shaded in Figure 5. The results show greater uncertainty for
the gauge events than for the model events, especially at higher
quantiles and higher temperatures. This is most likely due to
having fewer events, but it is interesting that there is a hint of
a peak at about 19°C, followed by a reduction in gradient of the
uncertainty range that is not so readily apparent from just the
quantile points, which potentially suggests some support for the
peak structure seen in the model scaling.

Scaling of rainfall event profile concentration with temperature
was assessed using the PW, ; metric (Table 1) with results shown
in Figure 6 panels (a), (c) and (). Negative scaling of PW., with

dewpoint temperature indicates that 50% of rainfall occurs
over a shorter proportion of the event at higher temperatures,
implying more temporally concentrated storms. This pattern
aligns with the increase in maximum intensity under warming,
though PW, reflects behaviour across a longer fraction of the
event duration. Scaling in the CPM present-day and future cli-
mates is slightly weaker than in observations; likely reflecting
model limitations in fully resolving convective processes.

Scaling of rainfall event profile loading with temperature was
assessed using the D, metric (Table 1), with results shown in
Figure 6 panels (b), (d) and (f). For observations, negative scal-
ing of D, with dewpoint temperature shows that 50% of event
total depth occurs earlier at higher temperatures, indicating in-
creasingly front-loaded events. The effect is stronger for lower
quantiles; this suggests that already front-loaded events become
notably more so with warming, while back-loaded events loading

8of 15
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shifts earlier but the change is smaller. The CPM reproduces
this general pattern for <3h back-loaded events, though with
slightly weaker slopes. However, CPM < 3h front-loaded events
show weak positive scaling, inconsistent with observations.
This inconsistency is only seen for <3h events—for longer-
duration CPM events D., shows negative scaling, which are
likewise more strongly negative for lower D, (e.g., CPM 3-6h
scaling (not shown) of 1.2, =1.9, —1.6, —1.2 and —0.8%°C~" for
q10 to q90, respectively). The discrepancy at shorter durations
suggest the CPM may not initiate intense rainfall rapidly enough
at event onset, resulting in higher D, values and a systematic
bias that warrants further investigation.

The 95% uncertainty ranges from bootstrapping are indicated
by the shaded intervals in Figure 6. Again, the uncertainty
is greater at higher quantiles and higher temperatures, espe-
cially for D.,. Usually, the gauge data has wider uncertainty
ranges than the model; however, it is noted that the model
present day (Figure 6 panel (d)) shows some spurious values at
the highest temperatures due to the available samples. Whilst
the trend of the scaling is visually clear (e.g., clear downwards
trends overall can be seen for both PW,, and D,), the uncer-
tainty ranges highlight the difficulty of relying on summary
regression slope values, which can be affected by sample num-
bers in the different temperature bins, especially the first and
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last. This may partly explain the lack of a clear pattern in the
regression slope gradients at different quantiles when the re-
gression slope absolute values are very small (e.g., see Figure 6
panel (d), where slope values increase and decrease from the
10th to 90th quantile).

The relationship between rainfall profile shape and temperature
is illustrated in Figure 7 using normalised cumulative rainfall
plots. All <3h events were grouped into 2°C dewpoint bins, and
the median profile for each bin was plotted. Colder events (pur-
ple) show a slower rise in cumulative rainfall, reaching D later
and indicating more back-loaded profiles. In contrast, warmer
events (green to yellow) rise more rapidly, reaching D, earlier
and indicating increasingly front-loaded profiles. Differences
in PW,, with temperature are subtler: colder events display
more uniform, near-straight line profiles, indicating less con-
centrated rainfall, while warmer events exhibit greater curva-
ture in the event profile, where rainfall is concentrated. These
temperature-dependent changes are more pronounced in ob-
servations than in the model simulations; the modelled profiles
are more uniform, suggesting the CPM underrepresents the ob-
served warming-related shift in profile shape.

4 | Discussion

Current UK flood estimation guidance accounts for climate
change through uniform uplift factors applied to rainfall or flow
(Llywodraeth Cymru/Welsh Government 2021; Ministry of
Housing et al. 2023; Scottish Environment Protection Agency/
Buidheann Dion. Arainneachd na h-Alba 2024), but does not
yet consider how the temporal structure of rainfall events may
change. This study analyses the scaling of rainfall profile met-
rics with dewpoint temperature to assess how event intensity
and timing may evolve within the warmer climate projected
for both dry bulb and dewpoint temperature (Kendon, Fosser,
et al. 2019). Results show that storm profiles vary systematically
with temperature.

Scaling of rainfall event total depth (~6-8%°C~!) and maxi-
mum intensity (x7-11%°C~!) show both increase with dew-
point temperature, with stronger scaling for maximum
intensity, indicating that future storms will produce greater
volumes and sharper peaks. Scaling rates are highest for ex-
treme quantiles, suggesting that the most severe events will
intensify most strongly—consistent with previous findings
(Lenderink and Van Meijgaard 2010; Panthou et al. 2014;
Molnar et al. 2015; Ali, Fowler, et al. 2021; Ali, Peleg, and
Fowler 2021). Other studies considering maximum intensity
within a temporal profile are few, but a study of Australian
rain gauge data (Wasko and Sharma 2015) similarly found
maximum intensity increased with dewpoint and dry bulb
air temperature, while a study of a sample of rain gauges in
north-west England (Fadhel et al. 2018) also found maximum
intensity increased with dry bulb air temperature (dewpoint
was not analysed). PW,, scaling shows that at higher tem-
peratures, 50% of event rainfall occurs within a shorter pro-
portion of the storm duration, suggesting that storm rainfall
will become more concentrated in a warmer future. This is
consistent with the increase in maximum intensity, although
scaling magnitudes are smaller (x1-2%°C™') for PW,, than
for maximum intensity (¢4-11%°C~!). This indicates that fu-
ture storms will not only have sharper peaks, but the majority
of the rainfall will be compressed into a shorter timeframe,
producing highly intense rainfall bursts within the storm.
Furthermore, D, scaling shows that events also become in-
creasingly front-loaded at warmer temperatures, though
changes in event timing (~1-2%°C~1) are weaker than changes
in magnitude. Analysis of rain gauge data in Australia with
dry bulb and dewpoint temperature (Visser et al. 2023) simi-
larly indicated a decrease in D,. The changes in event timing
are clearer in observations than in the CPM, likely reflecting
model limitations in simulating early convective initiation. It
is noted that the scaling values obtained here are dependent
on the regions and events analysed. Event mixing effects and
sample-size constraints remain challenges for scaling stud-
ies, as pooling data across space and duration can dilute local
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effects (e.g., see Supporting Information Section S3 for results
using further regional subdivision).

The CPM reproduces observed scaling patterns reasonably well
for rainfall depth, maximum intensity and concentration, pro-
viding some confidence in its projections. It shows similar scal-
ing to observations for D, in longer-duration events, although
it cannot reproduce observed D, scaling for short-duration,
front-loaded events at high temperatures. The CPM future sim-
ulations show weaker scaling than present-day, suggesting that
rainfall-temperature relationships may not scale linearly under
long-term warming. This may reflect physical limits imposed
by atmospheric moisture and stability, or internal constraints
within the model system.

The projected increases in rainfall depth, intensity and concen-
tration imply a higher flash flood potential (Doswell et al. 1996).
Larger rainfall volumes delivered in a shorter timeframe could
increase flood depth, velocity and hazard, particularly in urban
and rapid-response catchments (Dale 2021). Conversely, the
greater front-loading of storms has contrasting implications: the
shorter time to peak intensity reduces flood warning lead times
thus increasing flood risk; however, several previous studies
have indicated that front-loaded rainfall profiles generally lead
to lower hydrograph peaks than back-loaded profiles thus reduc-
ing flood risk (Dullo et al. 2017; Chen et al. 2018; Hettiarachchi
et al. 2018; Cheng et al. 2020; Mei et al. 2020; Yuan et al. 2022).
If rainfall is front-loaded then much of the peak rainfall is lost to
soil infiltration, depression filling and vegetation interception,
whereas for backloaded rainfall, by the time the peak rainfall
occurs these storages have already been filled, thus higher run-
off rates can occur (Hettiarachchi et al. 2018; Yuan et al. 2022).
Other factors will also modulate flood risk. Warmer tempera-
tures will increase soil moisture evaporation leading to drier
catchments, potentially lowering flood risk in rural catchments,
although not in urban areas with limited storage; however, large
rainfall events can still overwhelm soil infiltration capacity
(Wasko et al. 2021), with this risk increasing for future events
with greater volume and intensity. Given that flash-flooding al-
ready presents significant danger to life (Jonkman 2005; Doocy
et al. 2013; Hu et al. 2018; Archer and Fowler 2021; Dale 2021),
further work on understanding how rainfall dynamics interact
with antecedent conditions is crucial.

Beyond flooding, changes in rainfall profile shape have broader
implications. More intense bursts can increase soil erosion
(Wang et al. 2022). ‘First-flush’ pollution, which relates to the
pollutant load transported in the initial runoff volume from
urban surfaces (Gao et al. 2023), may cause more severe effects
if more intense and front-loaded storms cause rapid mobilisation
even earlier in the storm, while receiving river levels are rela-
tively low, although this may be mitigated by future increased
storm depth offering more dilution potential. Greater rainfall
depths, intensities and concentrations may more frequently
overwhelm urban drainage systems and cause more sewer over-
flows without additional adaptation.

The limitations of this investigation include constraints on the
thresholds, parameters and variables used to select the rainfall

events and corresponding temperatures. Whilst some sensitiv-
ity testing has been undertaken, there are still numerous vari-
ations that could be explored in future studies. For example, a
universal interarrival period of 7.5h was applied to all gauges
and the model, as in Hundhausen et al. (2025), with this thresh-
old considered reasonable as it is approximately the mid-point
of the range of interarrival periods determined for the quality-
controlled rainfall dataset in Villalobos Herrera et al. (2023).
However, it would be useful for further work to be undertaken
considering other interarrival periods; in particular, shorter
times would be likely to introduce additional events as a single
convective storm cell will usually pass over a rain gauge in less
than an hour, assuming some advection, so multiple cells may
have come and gone within the interarrival period. However,
the advantage of additional events needs to be balanced against
the difficulty of ensuring independent events. The ERA-5-Land
0.25° resolution grid is relatively coarse for some areas, such as
close to the coast, mountains or urban areas. Work is contin-
ually ongoing to improve reanalysis datasets; therefore, future
work may be able to undertake this analysis with more locally
nuanced dewpoint temperature variables. This will aid the com-
parison with the CPM which, having a finer grid resolution, bet-
ter represents coastal, mountain and urban effects.

Overall, these findings emphasise that future storm hazards
cannot be represented solely by uniform uplift factors on rain-
fall totals. Changes in rainfall temporal structure—particularly
increased intensity, concentration and front-loading—should
be explicitly integrated into design storm guidance and flood
modelling to ensure effective adaption to a warming climate. It
is emphasised that this study only considers summer, convec-
tive rainfall and further research would be required to assess
changes in winter rainfall profiles.

5 | Conclusions

This study demonstrates that the temporal profiles of short-
duration (< 3h) rainfall events respond systematically to tem-
perature, with warmer conditions producing storms of greater
depth, maximum intensity, concentration and front-loading.
However, this increase may not increase indefinitely; weaker
scaling gradients in the future CPM simulations suggest pos-
sible physical or model-imposed limits. Physically, storm in-
tensification has natural constraints—such as limits to how
concentrated a rainfall event can become, while model lim-
itations may also contribute, particularly the CPM's reduced
ability to capture rapid convective initiation, as indicated by
the D, results.

These findings have clear implications for flood risk assess-
ment. Current UK practice typically applies climate change
uplift factors to rainfall totals without accounting for changes
in temporal structure. Our results indicate that future design
storms should reflect not only higher total depths, but also more
intense, concentrated, and front-loaded profiles. Ignoring these
temporal changes could underestimate flood hazards and mis-
represent climate change impacts in hydrological modelling and
infrastructure planning.
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Supporting Information

Additional supporting information can be found online in the
Supporting Information section. Figure S1: Three methods for scaling
of rainfall profile D, with 3-h pre-event air temperature for observa-
tions rainfall events of 0-3h duration (upper panels) and 3-6h duration
(lower panels). Upper panels show typical results for equal-width bins
(panel (a)), equal-number bins (panel (b)) and quantile regression (panel
(c)). Lower panels illustrate key features, showing peaks and troughs
for equal-width bins (panel (d)), smoother quantiles over smaller range
for equal-number bins (panel (e)), and curvature of quantile regression
due to limited sample range at low temperature (panel (f)). Figure S2:
Scaling of rainfall event depth with 3-h pre-event air temperature for
all-raingauges, regional rain gauges and CPM present-day and future
climates. Rainfall events are shown as grey points, with fitted quan-
tiles shown of 50%, 95% and 99% for each equal-width bin in coloured
points and regression lines for each set of quantiles in correspondingly
coloured lines. Figure S3: Scaling of rainfall event depth with 3-h pre-
event dewpoint temperature for all-raingauges, regional rain gauges
and CPM present-day and future climates. Rainfall events are shown as
grey points, with fitted quantiles shown of 50%, 95% and 99% for each

equal-width bin in coloured points and regression lines for each set of
quantiles in correspondingly coloured lines. Figure S4: Scaling of rain-
fall event maximum intensity with 3-h pre-event air temperature for
all-raingauges, regional rain gauges and CPM present-day and future
climates. Rainfall events are shown as grey points, with fitted quan-
tiles shown of 50%, 95% and 99% for each equal-width bin in coloured
points and regression lines for each set of quantiles in correspondingly
coloured lines. Figure S5: Scaling of rainfall event maximum intensity
with 3-h pre-event dewpoint temperature for all-raingauges, regional
rain gauges and CPM present-day and future climates. Rainfall events
are shown as grey points, with fitted quantiles shown of 50%, 95% and
99% for each equal-width bin in coloured points and regression lines
for each set of quantiles in correspondingly coloured lines. Figure S6:
Scaling of rainfall event PW, with 3-h pre-event air temperature for
all-raingauges, regional rain gauges and CPM present-day and future
climates. Rainfall events are shown as grey points, with fitted quantiles
shown from 10% to 90% at regular 20% intervals for each equal-width
bin in coloured points and regression lines for each set of quantiles in
correspondingly coloured lines. Figure S7: Scaling of rainfall event
PW,, with 3-h pre-event dewpoint temperature for all-raingauges, re-
gional rain gauges and CPM present-day and future climates. Rainfall
events are shown as grey points, with fitted quantiles shown from 10%
to 90% at regular 20% intervals for each equal-width bin in coloured
points and regression lines for each set of quantiles in correspondingly
coloured lines. Figure S8: Scaling of rainfall event D,, with 3-h pre-
event air temperature for all-raingauges, regional rain gauges and CPM
present-day and future climates. Rainfall events are shown as grey
points, with fitted quantiles shown from 10% to 90% at regular 20% in-
tervals for each equal-width bin in coloured points and regression lines
for each set of quantiles in correspondingly coloured lines. Figure S9:
Scaling of rainfall event D, with 3-h pre-event dewpoint temperature
for all-raingauges, regional rain gauges and CPM present-day and future
climates. Rainfall events are shown as grey points, with fitted quantiles
shown from 10% to 90% at regular 20% intervals for each equal-width
bin in coloured points and regression lines for each set of quantiles in
correspondingly coloured lines.
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