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Short-duration extreme rainfall events are the main trigger of flash and pluvial floods in cities.
Depending on the local climate zone and urban fabric that affect meteorological variables such as
air temperature, humidity, and aerosol concentration, the built environment can either intensify
or reduce extreme rainfall intensity. This study examined how urbanization in a large metro
politan area characterized by open low-rise buildings, affected sub-daily extreme rainfall in
tensities over the period between 2000 and 2018. The research was conducted in the
metropolitan region of Phoenix, Arizona, which is supported by a large and dense rain-gauge
network (168 stations). The built area increased by 6% between 2001 and 2016 and the num
ber of residences by 300,000. Over the study period, sub-daily extreme rainfall intensities
intensified both in the urbanized area and in its rural surroundings but the intensification trend
within the built area was considerably larger (3 times larger). We calculated a negative trend in
aerosol concentration (− 0.005 AOD y− 1) but a positive trend in near-surface air temperature that
was considerably larger in the urban areas (0.15 ◦ C y− 1) as compared to the rural counterpart
(0.09 ◦ C y− 1) for the period between 2005 and 2018. Although built surfaces and open low-rise
buildings contributed to an increase in air temperature, they did not affect air humidity. Changes
in rainfall extremes approximately follow the Clausius–Clapeyron relation within the urban area
with an increase at a rate of 7% ◦ C− 1. These results demonstrate that the warming effect asso
ciated with a low-rise urban area can cause an intensification of sub-daily rainfall extremes that is
significantly larger than in nearby rural areas.

1. Introduction
Floods in cities are often caused by extreme rainfall events (Kundzewicz et al., 2014; Rosenzweig et al., 2018). Studies suggest that
large metropolitan areas can act as intensifiers of extreme rainfall (Kishtawal et al., 2010; Holst et al., 2016; Niyogi et al., 2017;
Shepherd et al., 2002; Singh et al., 2020; Yang et al., 2019a), leading to a greater extent and magnitude of floods (Huong and Pathirana,
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2013; Miller and Hutchins, 2017). An example of this is the flooding that occurred in Houston as a result of Hurricane Harvey, which
was greatly affected by the presence of the built environment (Zhang et al., 2018). Cities do not only modify the perviousness of the
surface or influence storm extent but can also enhance short-duration (sub-daily) extreme rainfall intensities (Li et al., 2020; Yang
et al., 2017b), which are the main triggers of urban pluvial floods (Hjelmstad et al., 2021).
The intensity of extreme urban rainfall can be affected by several factors, such as surface roughness, the presence of high-rise
buildings, urban heat islands (UHI), enhanced sensible heat, and aerosol concentration (Han et al., 2014; Shephard, 2005). An in
crease in surface roughness in a city in comparison to its surroundings is associated with a slowing of the air masses that are advected
toward the city, resulting in an enhanced surface moisture convergence that increases rainfall intensity (Debbage and Shepherd, 2019).
In dense urban areas, high-rise buildings may enhance updrafts (Miao et al., 2011) and can create urban moisture islands (Wang et al.,
2021), both of which can contribute to heavy rainfall. However, densely built areas can also lead to the dry island effect with unclear
implications for rainfall intensities (Yang et al., 2017a). As a result of the UHI, the lower atmosphere over urban areas can be less
stable, enhancing horizontal convergence and increasing the intensity of updraft and convective systems (Holst et al., 2016; Zhang
et al., 2017). According to the Clausius-Clapeyron (CC) relation, a saturated atmosphere can hold approximately 7% more moisture per
1 ◦ C increase in temperature (Lenderink and van Meijgaard, 2010; Molnar et al., 2015). Hence, assuming that the atmosphere is
saturated during extreme rainfall events (Ali and Mishra, 2017; Mishra et al., 2012; Pan et al., 2019), UHIs are expected to contribute
to an intensification of short-duration extremes (Wu et al., 2019). When aerosol concentrations are sufficiently high, they can act as a
source of cloud condensation nuclei on which water can condense, enhancing cloud formation and precipitation; however, too
elevated aerosols concentrations can also have the effect of slowing down the condensation of cloud water because smaller drops are
generated, thus lowering the chances of drop precipitation (Han et al., 2014). A better understanding of how the urban fabric and Local
Climate Zones (LCZ, Bechtel et al., 2015; Stewart and Oke, 2012; Wang et al., 2018) affect rainfall (e.g. Schmid and Niyogi, 2013; Zhu
et al., 2019) is therefore needed to shed light on the relationship between urbanization and the processes that control extreme rainfall
intensification.
Studies dealing with the intensification of urban rainfall usually rely on models rather than observations. The reason for this is that
quantifying trends in extreme rainfall in cities is usually not an easy task, as in many cases, there are either not enough meteorological
stations located within urban areas or the sample size is insufficient to conduct robust statistical analyses. In the past, just a few gauges
were available per city for such an analysis (e.g. Hand and Shepherd (2009) in their study on Oklahoma City), and only recently more

Fig. 1. A map showing the extent of the Phoenix metropolitan region (border with blue line) and its surroundings. Colors in the rural areas show the
elevation changes (grayish colour scales) while the colors within the urban domain represent the Local Climate Zones (numbers within the legend of
each LCZ indicate its relative contribution to the total urban area). Red triangles mark the locations of the 10-min rain-gauges (141) and green plus
symbols mark the locations of the stations with also temperature sensors (27) showing the 168 rain-gauges used. (For interpretation of the references
to colour in this figure legend, the reader is referred to the web version of this article.)
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data is becoming available. Some examples are the analysis of urban rainfall conducted in the cities of Barcelona (23 rain gauges, Lana
et al., 2020), Graz (22 rain gauges, Maier et al., 2020), Beijing (42 gauges, Yang et al., 2021) and Seoul (34 rain gauges, Yoon and Lee,
2017). A more detailed description of urban rainfall monitoring can be found in Cristiano et al. (2017).
Here, we addressed the question of intensification of extreme rainfall in an open low-rise metropolitan area using observations from
a uniquely dense network of stations, which consists of 111 rain gauges covering the urban area of Phoenix, AZ and an additional 57
stations in the immediate rural surroundings. The first goal of this study is to investigate whether the built environment intensified
extreme rainfall when compared to the rural counterpart in the last two decades. As we found an intensification, we examined if urban
heat islands and/or aerosol concentrations contributed to the intensification of rainfall and whether there is any change of humidity in
the urban area that could explain the observed changes in extreme rainfall.
2. Study area
The study area, located in Arizona (southwestern United States), consists of the urban agglomeration of Phoenix and its sur
roundings (Fig. 1). The urban area (4778 km2) is comprised of several incorporated cities and is generally flat with some hilly terrain
(mean elevation of 423 m and standard deviation of 115 m). The topography of the surroundings varies from mountains in the
northeast reaching elevations of 2250 m to flat desert in the southwest with an elevation as low as 250 m (Fig. 1). The climate in the
study area is classified as arid (BWh in the Köppen-Geiger Climate classes), meaning it is generally hot and has low precipitation
throughout the year (Beck et al., 2018). There are two distinct rainfall seasons in the study area. The North American monsoon (Adams
and Comrie, 1997) typically occurs from July through September and is characterized by heavy convective rainfall and summer
thunderstorms that last less than 3 h. The second rainfall season occurs in the winter from December through March with frontal
system storms of lower-intensity but longer duration (Mascaro, 2017).
CONUS-wide LCZ map elaborated by Demuzere et al. (2020a, 2020b), were used for the characterization of the urban surface cover.
The Phoenix urban area is largely built (57% of the area) with 88% of it being open low-rise buildings and the rest being large low-rise
buildings (LCZ 6 and 8, respectively, Fig. 1).
The metropolitan area has been one of the fastest-growing in the USA; its population increased from 2.9 million to 4.1 million
residents between 2001 and 2019 (MAG, 2020). By examining impervious surface maps obtained from the National Land Cover
Dataset (NLCD, Homer et al., 2004; Yang et al., 2018), one can see that the increase in population is also reflected in an increase in built
area. The oldest NLCD 2001 dataset and the newest NLCD 2016 dataset (Fig. 2) provide an estimate of impervious cover between 0%

Fig. 2. A map of the Phoenix metropolitan region with the % of imperviousness reported for the year 2001 (blackish colour scale) and the % of
imperviousness that was added by 2016 (purplish colour scale). Hexagons represent the locations of the 16 temperature stations within the urban
domain and in its close surroundings.
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(non-developed) and 100% (highly urban) and demonstrate that, during these 15 years, the average imperviousness increased from
16% to 24% with a substantial increase in the built area (Fig. 2).
A few long-term rainfall records (Shepherd, 2006) and numerical modeling (Yang et al., 2019a) have shown evidence of urban
influences on rainfall intensity in and around the city. Georgescu et al. (2009b) used a numerical model to demonstrate how ur
banization enhanced rainfall intensity in Phoenix between the 1970s and the early 21st century. They found that the increase in
rainfall intensity is a result of enhancement of local convection, despite the fact that evapotranspiration, and therefore rainfall
recycling, is reduced [Georgescu et al., 2012 further confirm this]. Moreover, further intensification of extreme daily rainfall in
tensities is expected toward the end of the century due to future urban development and climate change (Georgescu et al., 2021).
3. Data and methods
3.1. Rainfall, temperature and aerosols observations
Rainfall and temperature (air and dew point) data were obtained from the stations belonging to the Flood Control District of
Maricopa County’s Automated Local Evaluation in Real-Time (ALERT). The Phoenix metropolitan area and its surrounding areas have
357 stations with tipping buckets and 40 stations with temperature and humidity sensors. Some of the sensors archived measurements
as far back as 1982, but most began operating in the late 1990s. In the following, only a short description of the monitoring network is
provided as further details are described in Mascaro (2017).
The tipping buckets gauges, Hydrolynx model 5050P, measured rainfall at 1 mm per tip with a measurement error between 2% and
5% depending on the rainfall intensity. Rainfall data are processed and stored at 10 min resolution following the method presented in
Mascaro et al. (2013) and Mascaro (2020) have been recently used it to compute rainfall extremes (Mascaro, 2020). For quality
control, we removed missing data and high rainfall intensities (greater than 120 mm h− 1) if no rainfall was recorded in the preceding
and following hour. We selected only stations within the elevation range of 300 m and 650 m to minimize the influence of orographic
effects on rainfall intensity. Further, we only considered stations that had at least 15 years of complete annual rainfall records between
2000 and 2018. After quality control and selection, we were left with 111 stations in the urban area and 57 in the rural area (Fig. 1).
Near-surface air temperature (simply referred to as temperature hereafter) and dew point temperature are measured with the
Vaisala HMP155 probe every 15 min. The estimated error in measurements is 0.4 ◦ C for temperature and 3.6 ◦ C for dew point tem
perature. The inverse distance weighting method was used to interpolate the temperature data from the 40 weather ALERT stations to
each rain gauge.
The aerosol optical depth (AOD) measured at wavelength 550 nm is used as a proxy for the aerosol load in the atmosphere
(Choudhury et al., 2020). The MODIS satellite sensors provide a global picture of AOD (Remer et al., 2008) at monthly resolution. AOD
estimates were obtained from the NASA Earth Observations archives for TERRA/MODIS over the study area (a single grid cell of 0.1◦ ×
0.1◦ , centered over Phoenix) for the period from March 2000 to February 2021.
3.2. Trend detection
Trends in extreme rainfall intensity were computed based on the annual maxima series. We fitted a simple linear regression and
used the Theil-Sen slope estimation method to compute the trend. Afterward, we used the Mann-Kendall test to detect whether the
trend is significant (Kendall, 1948; Mann, 1945), which is a common method for detecting trends in time series (Fatichi et al., 2009;
Morin, 2011). Annual maxima values for the 10-minute time interval were obtained by simply extracting the maximum intensity value
in each calendar year. We extracted the 1-hour duration annual maxima rainfall intensity values using a rolling average of six
consecutive 10-minute time steps. All the rainfall measuring stations retained for the analysis were individually tested for trend.
Detecting whether a clear trend in extreme rainfall exists or not often requires long-term records (e.g. several decades; Morin, 2011;
Farris et al., 2021). Detecting statistically significant trends in time series over 15 to 20 years (as in this study) is unlikely even when
strong changes exist (Prosdocimi et al., 2014). To overcome this issue, we used an areal model that pools information across stations in
the urban and rural regions. As a result, the statistical evidence of changes in extreme rainfall intensities is enhanced.
We used the areal model suggested by Prosdocimi et al. (2019). As a first step, we fitted a regression model using log-transformed
annual maxima values with time as a covariate at each station. Then we used a Bayesian framework to estimate the area-specific trend
signal and significance of the test statistic (Students’ T-distribution with 2 degrees of freedom). Details on the model parameters and
calibration procedure are presented in Prosdocimi et al. (2019), and in the R package by Prosdocimi and Dupont (2019).
In addition to extreme rainfall, trends were also calculated for temperature and AOD. We chose eight stations that measured the
temperature within the urban area and eight stations that measured the temperature outside the urban area (Fig. 2) to calculate
temperature trends. The analysis was based on the annual mean temperatures between 2005 and 2018 using linear regression and the
Mann-Kendall test. We also analyzed the temperature trends during extreme rainfalls, which we defined as the average temperature 12
h before the occurrence of the annual maximum 10-min rainfall. Averaging the temperature 12 h before the extreme rainfall event is
sufficient to represent the atmosphere thermodynamic during the development of the rainfall since most storms in the region last less
than 2 h (Mascaro, 2017), and it is long enough to minimize the cooling effect of the strongest downdrafts. Using the same meth
odology, the trend for the mean annual AOD was calculated for the period between 2005 and 2020.
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3.3. Extreme rainfall and temperature relation
To test the hypothesis of a CC relationship in the urban domain, the scaling rate between short-duration extreme rainfall intensities
and temperature was calculated separately for the rural and urban areas. We calculated two sets of scaling rates for each station, one
using temperature and the other one using dew point temperature (the latter was found to be more robust for analyzing rainfall scaling
with a warming climate, as it filters humidity limitations, e.g. Ali and Mishra, 2017; Ali et al., 2021). Below we explain the computation
of the scaling rate using temperature; the same procedure was used for dew point temperature unless stated otherwise. For more
information on the method, see Ali et al. (2021) and references therein.
First, we classified all wet hours (rainfall intensity ≥ 0.1 mm h− 1) and associated temperatures at each rainfall station using the
inverse distance weighting method to interpolate from the temperature observations. To minimize biases in the scaling rates caused
either by elevation differences between the rainfall and temperature stations or by an excessive distance between them, we only chose
rainfall stations that were within 3 km from the nearest temperature station. Thus, this analysis was limited to 38 rainfall stations, 20 of
which are located within the urban area and 18 outside.
We then filtered the rainfall data to include only measurements where the temperature was greater than 4 ◦ C (0 ◦ C for dew point
temperature) to eliminate any probability of solid precipitation in the data. Using fixed intervals of temperature (2 ◦ C), we binned the
rainfall data and calculated the 99th percentile (P99) of rainfall for each temperature bin. Only bins with at least 50 rainfall obser
vations were included in the analysis. To eliminate biases in the scaling rate due to humidity limitations in the atmospheric column,
which can be often observed at high temperatures above 25 ◦ C (Peleg et al., 2018), we fitted a linear regression on the logarithm of P99
and the mean temperature of each bin (T) from the first bin to the last bin before the breaking point (i.e. the bin with the highest P99):
(1)

logP99 = α + βT

Then, we estimated the scaling ∂P99
∂T using an exponential transformation of the regression coefficient (β) given by (Ali et al., 2021):
(
)
∂P99
= 100 eβ − 1
∂T

(2)

Fig. 3. Trends in maximum annual 10-min rainfall intensity [mm h− 1 y− 1] between 2000 and 2018 computed with a simple linear regression. Red
colors represent a negative trend while blue colors represent positive trends. The magnitude of the regression is also expressed by the symbol size.
The mean values of the trends are summarized in the inset table (in brackets – the number of stations the value is computed for). Black dots mark
stations with statistically significant regression (at 5% level). (For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)
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In addition to the scaling analysis, we also correlated the intensity of the UHI with the diurnal timing of heavy rainfall. The eight
urban stations and eight rural stations described in the previous section were used to calculate the diurnal cycle of the UHI as the
difference between the mean urban and mean rural temperatures in each hour. We then used the stations located in the urban area to
compute the percentage of occurrence of heavy rainfall intensity in each hour of the day. Heavy rainfall for this analysis is defined as
rainfall exceeding the 90th percentile (P90).
3.4. Urban humidity analysis
In cases where the atmospheric moisture is not sufficient to saturate the air column, the intensity of short-duration extreme rainfall
is not enhanced with increasing temperatures (Hardwick Jones et al., 2010). We extracted the information of the 99th percentile of
dew point temperature (DPT99) against T using the same binning strategy as the one used to extract the P99-T relation, and plotted the
DPT99-T relation for eight ground stations representing the urban area and eight ground stations representing the rural area (see Fig. 2
for the location of the stations). We then located the point of inflection where DPT99 deviates from the 1:1 relationship between the
two variables (Lenderink and van Meijgaard, 2010). The lower the temperature of the inflection point is, the more moisture-limitations
are controlling the scaling of rainfall extreme with temperature entailing sub-CC rates rather than CC rates (e.g. Peleg et al., 2018).
Urban and rural inflection points were detected and used as a proxy to determine whether the urban area exerts any control on the
amount of humidity.
4. Results
4.1. Trends in rainfall extremes
Both in urban and rural areas, the majority of rainfall stations show a positive trend in extreme annual rainfall when computed with
a simple linear regression, but the trends of annual maximum 10-min rainfall (Fig. 3) are larger than those at hourly scale (Fig. S1). On
both the 10-min and hourly scales, there is a positive hotspot in the center of the urban area, as well as two negative hotspots, one in the
urban area and one in the western rural area (Fig. 3 and Fig. S1). Slopes calculated with the Theil-Sen estimation method, have a
similar magnitude to those obtained with the linear regression for the annual maximum 10-min rainfall (Fig. S2) and at the hourly scale
(Fig. S3). Only 9 out of 168 rainfall stations showed statistically significant trends (at 5% level) at the 10-min scale and only 16 at the
hourly scale. Nevertheless, the differences in the non-significant trends between the urban and rural areas are large enough (0.58 mm
h− 1 y− 1 in the urban area versus 0.07 mm h− 1 y− 1 in the rural area, for the 10-min scale) to imply that extreme annual rainfall is
intensifying at a higher rate in the urban area. For trends in extreme annual rainfall at the hourly scale, the pattern is similar, but with a
smaller magnitude difference between the two regions (0.2 mm h− 1 y− 1 for the urban area versus 0.12 mm h− 1 y− 1 for the rural area).
Results of the trend analysis of the pooled data in the urban and rural areas statistically support the findings that extreme rainfall is
intensifying at a larger rate in the urban domain compared to the rural area (Table 1). On both the 10-min and hourly scales, higher
intensification rates were found in urban areas than in rural areas (positive trends in all cases), but the trends are only statistically
significant in the urban area.
4.2. Extreme rainfall-temperature relationships
Both the 10-min and hourly scaling rates of P99 with T (Fig. 4a) are around the expected CC rate (i.e. 7% ◦ C− 1). In the rural and
urban areas, the scaling rates are similar with medians (and standard deviations) of 6.1(0.93)% ◦ C− 1 and 6.3(1.24)% ◦ C− 1 at the 10min scale, and medians of 6.4(1.14)% ◦ C− 1 and 7.2(1.09)% ◦ C− 1 at the hourly scale, respectively. P99 scaling rates using DPT are
higher than those obtained with T (Fig. 4b). However, also in this case, the differences between urban and rural scaling rates are small
and very close to the expected CC rate [6.7(1.9)% ◦ C− 1 and 7.7(1.78)% ◦ C− 1 for the 10-min scale and 8.9(1.35)% ◦ C− 1 and 9.2(2.13)%
◦ − 1
C for the hourly scale; rural and urban, respectively]. A two-sample Kolmogorov-Smirnov test was used to compare the scaling rates
between the urban and rural areas and a significant difference (at 5% significance level) was only found in the hourly P99-T relation.
4.3. Trends in temperature and aerosols
An increase in temperatures was observed in both rural and urban areas (Fig. 5a). Using a 5-year moving window, the average
temperature was found to remain relatively unchanged between 2000 and 2005 but it increases thereafter. The trend in annual
temperature between 2005 and 2018 was higher in the urban area (0.15 ◦ C y− 1) than in the rural area (0.09 ◦ C y− 1). Mann-Kendall test
Table 1
Regional trends [mm h−
Region
Urban
Rural

1

y− 1] in annual maximum 10-min and hourly rainfall intensity in urban and rural regions.
Duration

Posterior mean of trend

Significant trend

10 min
1h
10 min
1h

0.53
0.6
0.18
0.2

Yes
Yes
No
No
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Fig. 4. Box-plots of 10-min and hourly extreme rainfall intensity (99th percentile, P99) scaling with temperature for the rain-gauges located in
urban (red, 20 stations) and rural (blue, 18 stations) areas. The scaling is computed with air temperature (a) and with dew point temperature (b).
The dashed line represents the theoretical ≈7% ◦ C− 1 extreme rainfall intensification rate obtained from the Clausius–Clapeyron relation. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

results indicate that both trends are statistically significant (p-values are <0.01 and 0.02, respectively). Also, urban temperature in
creases during extreme rainfalls are higher (0.26 ◦ C y− 1) than rural temperature increases (0.14 ◦ C y− 1) although neither trend is
statistically significant (p-values of 0.27 and 0.66, respectively).
The DPT99 and T values are similar in both the urban and rural areas, with the inflection point located at 16 ◦ C (Fig. 5b). At three of
the temperature bins, the DPT in the rural area is greater than in the urban area (at the bin of 15–17 ◦ C: DPT99 is greater by 0.4 ◦ C;
21–23 ◦ C: by 0.8 ◦ C; and 23–25 ◦ C: by 0.4 ◦ C). Since the difference in DPT99 is small and not seen in all temperature bins, it remains
inconclusive if humidity is suppressed over the urban domain when compared to the rural areas during these extreme events.
Aerosol concentrations decreased in the study area (Fig. 5c). We found that, similar to the trends in temperature, the AOD remained
stable from 2000 to 2005, but subsequently decreased. The AOD trend between 2005 and 2018 is − 0.005 AOD y− 1, and it is statis
tically significant with a p-value <0.01.
The diurnal cycles of UHI and heavy rainfall occurrences are presented in Fig. 6. UHI intensity is lowest at 8 am (less than 0.1 ◦ C)
and steadily increases to its maximum intensity of 0.9 ◦ C at 8 pm. Heavy rainfall intensities are less common during low UHI intensity
(6 am to 10 am, 15.3% of P > P90 occurrences) than during high UHI intensity (6 pm to 10 pm, 29.5%). Maximum UHI intensity occurs
at the same time as the highest frequency of rainfall events above the P90.
5. Discussion and implications
In the last two decades, both the urban area and rural surroundings of the Phoenix metropolitan region have experienced on
average an increase in sub-daily extreme rainfall (Fig. 3 and Table 1), but the increase has been considerably larger in the urban area.
An extreme precipitation intensification in urban areas larger than their surroundings has been also reported in other cities (e.g. Shastri
et al., 2015; Yang et al., 2021; Yoon and Lee, 2017). The dense rain-gauge network used in our study area, however, enables a robust
statistical analysis of extreme rainfall trends that is unique and goes beyond the existing results presented in previous studies.
Intensification of sub-daily extreme rainfall intensities is positively correlated with (and likely mostly driven by) increasing
temperatures (Fig. 4). The Phoenix metropolitan region showed a higher temperature trend in the urban area than in the rural sur
roundings for both the annual temperature (Fig. 5a) and the 12-hour average temperature prior to extreme rainfall events. This is most
likely the result of the development of a UHI (Manoli et al., 2019) triggered by the massive urbanization of the city over the past two
decades (Debbage and Shepherd, 2015; Yang et al., 2019a), as the UHI did not occur in the early 2000s (Georgescu et al., 2011). Most
heavy rainfall intensities also occur at the same time as the maximum UHI (Fig. 6). We can rule out influences from aerosols and
humidity on extreme rainfall intensification because AOD exhibited a negative trend during the last two decades (Fig. 5c), and we did
not find evidence in the analyzed dataset that air humidity is suppressed or enhanced over the Phoenix urban area (Fig. 5b). One aspect
we have not explored is how changes in land use affect local convection and rainfall, and in particular how changes in irrigation
patterns inside and outside the city affect these processes. In the last 30 years of the 20th century, surface energy budgets in Phoenix
region have changed considerably as a result of changes in irrigation patterns (Georgescu et al., 2008, 2009a), which have affected
rainfall recycling, intensification, and distribution (Georgescu et al., 2009b; Yang et al., 2019b). However, the total irrigated areas for
agriculture in Arizona have declined only slightly since the turn of the 21st century, which is the study period considered here (Elias
et al., 2016). Plus, a recent modeling study by Yang et al. (2019b) showed that urban irrigation has not significantly modified rainfall
accumulations but has changed its spatial distribution.
There was no significant difference in rainfall scaling rates between urban and rural areas, which are both following expectations
from the CC relationship (Fig. 4). This is an indication that thermodynamic controls related to the increase in air temperature rather
than atmospheric dynamic controls related to changes in surface roughness, convection potential, or moisture convergence are the
7
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Fig. 5. (a) Annual mean temperature of the urban (light red squares) and rural (light blue diamonds) climate stations presented in Fig. 2. Dark red squares and dark blue diamonds represent the average
annual mean temperature for the urban and rural areas (respectively). The dashed blue and red lines represent the 5-year moving window average. Thick blue (urban) and red (rural) lines are the linear
trends (α is the slope) computed for the period 2005–2018. (b) 99th percentile dew point temperature (DPT99) – air temperature (T) plot for the same climate stations (light red - urban, light blue rural). Dark symbols represent the urban (red) and rural (blue) averages for each temperature bin. (c) Monthly Aerosol Optical Depth (AOD) estimates over the Phoenix metropolitan area (gray dots).
The dashed blue line represents the 5-year moving window average for the mean annual AOD (blue diamonds). The thick blue line is the linear trend (α is the slope) computed for the period 2005–2020.
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 6. The diurnal cycle of UHI. The size of the symbols shows the diurnal distribution of the occurrences of rainfall intensity (P) above the 90th
percentile (P90).

main contributing factors for the observed three-fold increase in annual maximum 10-min and hourly rainfall intensity over the
Phoenix urban area when compared to the rural surrounding (Table 1). Similarity of rainfall extreme scaling rates between urban and
rural areas are in line with the findings of a few other studies: Mishra et al. (2012) for US cities, Ali and Mishra (2017) for Indian cities,
and Pan et al. (2019) for cities in south China. However, our analysis differs from such studies as we used data from multiple stations to
compare rainfall scaling rates in a single metropolitan area, while previous studies only analyzed rainfall scaling rates using a single or
a few stations per city.
The Phoenix metropolitan region is located in a dry climate and is mainly characterized by open low-rise buildings (LCZ 6, Fig. 1).
The results of our analysis are likely to be valid in other cities located in semi-arid climates that are characterized by similar urban
fabrics, such as other metropolitan areas in the southwest US, but their transferability to different urban settings and climatic regions
remains a subject for future enquiries.
Assuming that the scaling rate of extreme rainfall with temperature in urban areas will follow the CC rate, as it seems to occur in
large parts of the globe when humidity limitations are filtered out (Ali et al., 2018, 2021), and considering the changes in temperature
due to climate change and urbanization, it is theoretically possible to extrapolate the magnitude of changes in sub-daily extreme
rainfall intensities in cities in the future. This also implies that rainfall extremes will intensify more in cities with larger UHI effects,
even though the relation between mean UHI and UHI during extreme rainfall might be more complex than found here. This simple
scaling with temperature assumption might not hold if the humidity in the future becomes a strong limiting factor – especially at very
high temperatures, if the aerosols load increases considerably, and if global warming impacts the large-scale circulation (Fowler et al.,
2021; Peleg et al., 2018), strongly modifying rainfall patterns. In cities with high aerosol emissions, high-rise buildings (LCZ 4) with
enhanced convection, and compact high- to mid-rise buildings (LCZ 1 and 2) that can act as a barrier to humidity transport, deviations
from the CC scaling rate could occur or are at least expected. Further research is needed to better understand how local climate zones
affect rainfall scaling rates and extreme rainfall intensification. However, such a simple relation between temperature and rainfall
extremes can be used as a first-order approximation of “expected changes” in local rainfall extremes at short durations as those are
anyhow characterized by a very large stochastic uncertainty (Fatichi et al., 2016; Peleg et al., 2019).
6. Conclusions
We used 168 rain gauges and 40 temperature sensors to analyze the changes in extreme rainfall intensities in the Phoenix
metropolitan area. In the urban area, rainfall extremes intensify at a much higher rate than its rural surroundings. The scaling rate
between sub-daily extreme rainfall intensity and temperature was found to roughly follow the theoretical Clausius-Clapeyron scaling
rate of 7% ◦ C− 1 in the urban and rural areas. For this reason, we concluded that the enhanced rainfall intensity is a consequence of the
larger increase in air temperature in the city, which has increased significantly more than in the rural areas in the last two decades
likely because of urbanization. Other than the change in urban temperature, we have not noticed any considerable changes in humidity
or increase in aerosol levels that would affect dynamic storm properties. Based on the observed rainfall scaling rate, a simple
extrapolation of the intensification of sub-daily extreme rainfall intensities would be possible based on thermodynamic arguments in
similar urban fabrics and climates for various warming and urban heat island scenarios. However, this represents only a first-order
approximation of changes in rainfall extremes and more analyses are needed to understand if different urban morphologies can
impart a signature on storm dynamics and rainfall extremes.
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