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Abstract

The dependence between extreme rainfall and temperature is used to understand climatic
relationships, constrain model predictions and evaluate future changes to rainfall. Understanding
this deplf:ence, however, is limited by the fact that many areas worldwide lack gauged data,

particu

hort time scales. The advent of remote sensing allows a new insight into this
depenwuasi-globally. Here, we address whether remotely sensed daily rainfall and
temper@an be used in ungauged areas to understand extreme rainfall scaling with
temper Using the multi-sensor Tropical Rainfall Measuring Mission 3B42 (v7) rainfall
producﬂremotely sensed air temperature we examine the spatial homogeneity in remotely
sensed rainfall scaling with temperature and demonstrate that it replicates the spatial variation in
the scaﬁo

served in ground data. Finally, changes to duration and percentile are examined

showim the scaling response is climatologically sensitive.

Rainfa“ and air temperature correlations help build an understanding of climate interactions with
higher @ratures often related to greater variability in rainfall [Trenberth and Shea, 2005;
King et al., 2014]. Rainfall and temperature relationships aid model evaluation [Allen and
Ingran,gz; O’Gorman, 2012] and are used to understand the mechanics of extreme rainfall
generaﬁendermk and van Meijgaard, 2008; Berg et al., 2013; Wasko and Sharma, 2015;

Wasko

<

2016]. It has been shown that historical trends in rainfall correlate well with
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historical trends in temperature [Wentz et al., 2007; Lenderink et al., 2011; Westra and Sisson,

2011; Benestad, 2013; Lenderink and Attema, 2015].

As intense rainfall is the primary driver of catastrophic flooding, particularly in urban areas,
there is gjgnificant interest in looking at the dependence of extreme rainfall with air temperature
termed@@'

intensimnked to the atmospheric water vapor content which in turn is linked to temperature

[Seneviratne et al., 2012; Westra et al., 2014]. This is because extreme rainfall

therm@ﬂically through the Clausius-Clapeyron relationship [Allen and Ingram, 2002;
O’Gormnd Schneider, 2009]. Departures from the Clausius-Clapeyron relationship are
commw for example attributed to dynamic factors such as storm intensification and spatial
shifts i -scale circulation such as storm tracks [Trenberth et al., 2003]. Hence scaling
relatiog

are frequently used to postulate how rainfall extremes may change if temperatures

increas® iMad future climate [Berg et al., 2013; Lenderink and Attema, 2015; Molnar et al., 2015;

Wasko E 2015; Busuioc et al., 2016].

Rainfall-temperature scaling varies significantly with local climate [Mishra et al., 2012]. On a
global aulu,scaling is generally positive indicating larger rainfall intensities at higher
temper@, with negative scaling observed in tropical areas, indicating smaller rainfall
intenﬁ higher temperatures [Utsumi et al., 2011; Maeda et al., 2012]. Results show, in
genenedmimedasing scaling as the percentile considered becomes more extreme [Hardwick Jones
et al., 2010 3Busuioc et al., 2016], and decreasing scaling with increasing duration [Hardwick

Joneqzmo; Panthou et al., 2014; Wasko et al., 2015], although these results are climate
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specific, with decreases as the percentile increases shown locally [Shaw et al., 2011; Maeda et
al., 2012]. Negative scaling of rainfall at higher temperatures has been shown to correlate with
reductions in humidity [Hardwick Jones et al., 2010], particularly at longer durations [Wasko et
al., 25'.'5'],1! well as being related to dynamical effects due to orography [Drobinski et al.,
2016].@5@9i0ns, however, the negative scaling can be due to the fact that when less rainfall
= —

occurswis more sunlight, resulting in less soil moisture, and a higher surface air temperature
[Trenbg*th™and Shea, 2005]. Storm type [Berg et al., 2013; Molnar et al., 2015], season [Berg et
al., 20Q@; Masko and Sharma, 2014], and large-scale circulations [Blenkinsop et al., 2015] also
modul scaling relationship. This lack of generality is not surprising given the number of
factorsﬁnteract with rainfall [Tan and Shao, 2016] and the complex nature of feedbacks

betweeGipitation, evaporation, soil moisture and temperature which prevent universal cause

and efmationships to be described [Trenberth and Shea, 2005].

The maJtmiy of studies that evaluate the scaling of extreme rainfall with temperature use gauged
point observations, or alternatively, aggregate point observations losing spatial variability
[Utsunw., 2011; Westra et al., 2014; Blenkinsop et al., 2015]. With the advent of rainfall
remotg it is now possible to extend scaling relationships and their related applications to
ungafas. However, as far as the authors are aware, the applications of remotely sensed
prodthreme rainfall scaling is limited, possibly due to the large data sets which are
requiremn extreme percentiles are investigated. Here, we focus on the multi-sensor Tropical

Rain%suring Mission (TRMM) 3B42 (v7) rainfall product based on observations of
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visible and infrared scanners as well as observations of multiple passive microwave sensors
[Kummerow et al., 1998; Huffman et al., 2007]. The TRMM satellite plays a key role within this
3B42 product which was launched in 1997 and provides a 3 hourly continuous and global
rainfé‘l‘l‘ﬂﬂﬁ'set. This 3B42 dataset is expected to be replaced by the Integrated Multi-satellitE
Retrie\ﬁm the Global Precipitation Measurement Mission (IMERG) [Hou et al., 2014]. The
abilit.yEM to measure rainfall at resolutions and in areas that previously could not be
measur@icholson et al., 2003; Bookhagen and Burbank, 2006] has allowed the creation of
unprecﬁjd data sets for forcing global land models [Sheffield et al., 2006], and the

calculag f design rainfall relationships in data sparse regions [Awadallah and Awadallah,
2013] ﬁse of 3B42 has been thoroughly tested in hydrology with rainfall amounts [Huffman
etal., E rainfall event timing [Libertino et al., 2016], and suitability for hydrological
modellmmlischonn et al., 2008; Su et al., 2008; Li et al., 2013; Zulkafli et al., 2014] all
evalgMM 3B42 correlates well with gauge products, although appearing to

und e extreme rainfall [Romilly and Gebremichael, 2011; Ward et al., 2011; Prasetia et
al., 20%3; Lo Conti et al., 2014] particularly when deep convection is present [Rasmussen et al.,
2013]. @eral it is found that TRMM 3B42 performs better at greater temporal [Lo Conti et

al., ;(ﬁhoa et al., 2014] and spatial aggregations [Fleming et al., 2011; Liu and Allan,

20177, Ver oceans [Tian and Peters-Lidard, 2010].
e —

Region global studies of precipitation sensitives with temperature have been performed

[Liu wn, 2012; O’Gorman, 2012] with sensitivities of up to 23%K™ observed [Liu et al.,
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2009]. The TRMM 3B42 rainfall product has also been used to relate annual rainfall [Lau and
Wu, 2011] and tropical cyclone activity [Lin et al., 2015] to sea surface temperatures. However,
as far as the authors are aware, a fine resolution pixel by pixel study of the rainfall-temperature
relatl“mkl'l'l'plln remotely sensed data remains to be performed. In this manuscript we compare the
scalingﬁMM 3B42 rainfall with ground observations to answer the question: can remote

_I I . . .
sensmg!complement ground observations for prediction of extreme rainfall scaling by providing

a quasi@l map of rainfall-temperature scaling? Following a comparison focusing on the

spatialeijjbution of scaling we assess the variability in scaling with duration and percentile on

a quasiﬁl scale.
2 Datacnethods

Remot%\sed rainfall is sourced from the Tropical Rainfall Monitoring Mission (TRMM)
3B4 oduct. The 3B42 algorithm [Huffman et al., 2007] converts remotely sensed
obseE to rainfall rates and consists of two separate steps. First, the TRMM Visible and
Infrare&anner (VIRS) and Microwave Imager (MI) observations are combined to produce
calibratj arameters. The next step uses these parameters to adjust a merged Infrared datasets
from VQ geostationary satellite platforms into rainfall rates. Finally, the adjusted merged
Infrangucts at a 0.25° spatial resolution are rescaled to match monthly ground observations
and 3-'_'time-steps centered on the synoptic UTC time are aggregated into daily

represe ons. These observations are accumulated to daily for the time period of 1998-2014

inch@here three-hourly observations are considered in this manuscript daily maximum
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three hourly observations are used. Unlike the polar orbiting Aqua satellite, TRMM is in a (near)
equatorial orbit. TRMM satellite orbit is in a constant plane relative to the sun covering the

latitudes between 50° north and 50° south which was subsequently the region over which this

stud\)'ﬂﬁg'pgrformed.

The gther remotely sensed dataset used in this study was obtained through observations of the
Atmos?aie Infrared Sounder (AIRS) spectrometer mounted onboard the polar orbiting Aqua
satellit(.D}pite known sampling issues under clouds as infrared only samples clear sky
conditiWot necessarily consistent with rainfall events) [e.g Yue et al., 2013] the AIRS
temper@roduct was chosen for its long term consistency compared to other remotely sensed
producEecially at the quasi-global scale. AIRS observations were combined with

observatigrs from the Advanced Microwave Sounding Unit (AMSU) and the Humidity Sounder
for BramSB) resulting in a range of remotely sensed observations related to atmospheric
conditig hese remotely sensed observations were related to daily surface air temperature at a
global 1°x1° degree spatial resolution [AIRS Science Team/Joao Texeira, 2013] and were
obtain&l‘hmugh the NASA Goddard Earth Science Data and Information Services Centre (GES
DISC; @. 6). Each daily datafile covers a 24 hour period including an ascending and a
desc@atellite path with an equatorial crossing of 01:30 PM (day-time) and 01:30 AM
(nighwdemssdrespectively. In this study, the daily night-time surface air temperatures were used.

Night-time gmperatures are preferred as they are more spatially homogenous due to the absence

of co@duced by transpiration during the day.
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Due to differences in availability and data characteristics (temporal and spatial resolution) of
each dataset, compromises had to be made. The spatial resolution of the AIRS surface air
temperature is lowest but was resampled to match the TRMM 3B42 rainfall product. Daily and
three‘l'll!ﬂl'l'y'rainfall observations were matched to the coincident daily temperature observation
at the @I.I.Of interest and only days where the rainfall was non-zero were used. Ground

= —
observgtions of rainfall were obtained from the Global Historical Climatology Network (GHCN)
[Menn@, 2012, 2015]. All available data from ground stations with more than ten years of
data w d resulting in a total of 39632 stations. All non-zero rainfall days were matched to
their cqiggident temperature. The temperature used was from the nearest 1°x1° grid square from
the Beglarth gridded average daily temperature data set [Rohde et al., 2013a, 2013b;
Berkethh, 2015]. Although night-time temperatures may not correspond to the daily
averag%erature it has been shown scaling relationships are largely insensitive to diurnal
fluct s [Hardwick Jones et al., 2010; Wasko and Sharma, 2014]. Verification (not shown)
usin ature from the nearest 1°x1° grid square rather than at site gauge temperature was
perforrgtled_using point observations of temperature measured by Australia’s Bureau of

Meteor@. The scaling were found to be similar regardless of the temperature product used.

The raifall-temperature scaling was determined at each grid cell or gauge site using quantile
regresejemsp oenker and Bassett, 1978; Koenker, 2013; Wasko and Sharma, 2014] where the
rainfall wasJog-transformed [Lenderink and van Meijgaard, 2008; Hardwick Jones et al., 2010;

Utsu@, 2011]. The temperature range used was either below 24°C or above 24°C with
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scaling determined at each site for the range which contained the majority of the data. This is
because it has been shown that the rainfall-temperature relationship is generally positive below
24°C and negative above this temperature [Lenderink et al., 2011; Panthou et al., 2014; Westra
et al.,‘bﬂj’. Though reasons for this reversal are debated [Berg et al., 2009], the decrease in the
scaling&M% has been correlated with a reduction in relative humidity [Hardwick Jones et
al., ZBEM absolute humidity [Wasko et al., 2015], suggesting that moisture availability does

not en(@ increase with temperature, at least for interannual variability [Westra et al., 2014;

Drobirmal., 2016].

Author Manu
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Figure 1. Precipitation-temperature scaling for the 90" percentile. (a) Remotely sensed 3B42 data averaged using a
4° x 4° running median (b) Ground data (c) 4° x 4° degree median smooth of ground data over southern Africa (d)
3B42 scaling (black) and ground observations (red) plotted against longitude for box shown in (c). Fitted lines are

the result of local linear regression with 99% confidence intervals shaded.

3 Co of TRMM scaling with ground observations

The scmor the 90™ percentile using all non-zero 3B42 rainfall days is presented in Figure 1a.
A runnfng njedian on a moving 4° x 4° grid has been used to smooth out variability. The raw
resultswwe the smoothed results are presented in Figure S1. There is large spatial
inhom(g'ty with negative scaling not constrained to the equatorial regions. For example,
Australig’swest coast exhibits negative rainfall scaling, where average ground temperatures are
higher,ﬁxhibits positive scaling on the east coast where average ground temperatures are
lower. CaD areas of the Middle East, Europe and Central America show negative scaling also.
There 0 be positive scaling in regions of greater elevation, generally associated with lower

average ground temperatures, such as the Himalayas. North America has a negative scaling on

the we_!. coast and a positive scaling in the center of its land mass.

Here \/\Qi nterested in whether these patterns are similar to those in the ground observations.
Figu;gmesents the 90™ percentile scaling for all the gauge data sites using all available data.
Figur?'a'!‘p!esents a replicate of Figure 1b using only data post 1998 to better match the date
range 53842 rainfall. For the durations considered here, the correspondence between Figure

1b a@e S2 suggests the different sampling duration does not bias the scaling in the ground
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observations. We proceed with Figure 1b which uses the entire time series of each gauge and
provides a greater number of comparison sites, despite less consistent sampling. Despite the
large amount of sub-grid variability the scaling in the southern hemisphere matches very well. It
appe&l"'l'ﬂ'!'ﬂwe continents of South America, Africa and Australia the change in scaling on the
east co@m negative to positive (west to east) has been captured. In particular, the narrow
- —

region g:‘p_ositive scaling along the east coast of South America and Australia present in the
ground@vations is replicated as is the higher scaling in the central U.S., Eastern Asia and in
particuvj)und the Korean Peninsula. There appears to be reasonable agreement in North
Ameriﬂ: lower scaling along the west coast and the local negative scaling around the Gulf

of MexiCo. However, in Europe the direction of the scaling is not replicated with positive ground

observEcaling and negative remotely sensed scaling.

The abgtgf 3B42 scaling to capture the ground scaling spatial inhomogeneity is presented in
Figué Figure 1d. Regions of central and southern Africa are well known as data sparse
regions. In this area the scaling changes direction from negative to positive in a west to east
directi&l.-Using the same 0.25° x 0.25° 3B42 data grid Figure 1c presents a running 4° x 4°
mediar@th on the ground observation scaling presented in Figure 1b. The median is
deterrmﬂor a grid cell if there are five or more gauge sites within the cell. There is mutual
agreemqomisgbtveen this spatial variation and the one presented for the 3B42 data in Figure 1a.
This is confymed by plotting the scaling against longitude. Figure 1d presents a fitted local linear

regr%r the 3B42 data (black) and the ground observations (red) for the box presented in
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Figure 1c. The shading represents the computed 99" percentile confidence limits. For both the

remotely sensed and ground observations, the scaling transitions from positive to negative, east
to west. Although the absolute magnitude does not match, the results are similar, and the spatial
varial'l'llﬂ'l?!aptured by the 3B42 data. Similar results are presented for South America (Brazil)

and In ure S3.

12
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Figure 2. (a) Comparison of 90th percentile scaling of 3B42 and ground observations for three locations. Triangles
are 3B42 data, circles are ground observations. Fitted lines are a local linear regression. (b) Histogram of scaling for
a single 0.25° x 0.25° grid cell centered on 151.125°, -33.825°. The red line is the scaling for the 3B42 data

observed at that grid cell.

The sc three sites whose details are summarized in Table S1 is presented in Figure 2a.
BrodﬂlEking the sites are located in far east of southern Canada (yellow), central France
(green) gngnorth eastern Australia (purple). The 90™ percentile is determined at each degree
Celsius uSIng a two degree temperature window for both the 3B42 (triangles) and ground
(circlew‘@ervations. The fitted lines are a local linear regression (LOESS) and the 3B42 data is
from tm cell containing the ground observation site. The Canadian site is an example of
where @aling is well replicated by the remote sensed data. Although there is more variability
in the Wata (a result of less data being available), the temperature ranges are similar and the
trenciggmlemmacreasing temperature is similar to that in the ground observations. We can be

confj t the scaling determined from the remotely sensed data is representative of the

scaling determined from ground observations.

Howecentral regions in Europe the scaling is not well captured. The site in France
presenﬂgreen is one such example. The remote sensing data predicts negative scaling while
the grand gata scales positively. The remotely sensed data does not span a large enough
temper@ange to make conclusions on the scaling and there are an insufficient number of

obse&. This site illustrates the difficulty in capturing the scaling exhibited by ground
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observations with limited remotely sensed data. The final station, located in Australia, presents
an example of the scaling reversal. Both the 3B42 rainfall and ground observations show a
reversal in scaling around 24°C. The peak point temperature is well represented in the 3B42 data,
howéVl'l,'m@ amount of data post reversal is simply not enough to determine the scaling past this
point. @ﬁi.tuation the ground data suggests a reversal and intuitively we expect similar
behawgr in the 3B42 data, but without this prior knowledge the reversal would be difficult to

visually*idontify.

RainfaWbility also presents difficulties in the comparison of 3B42 scaling with ground
observationy Figure 2b presents the scaling for a single 0.25° x 0.25° TRMM cell (centered on
151.1223.82?) for Sydney, Australia. This location is chosen as it has the single largest
numbe ound observations within it - a total of 78 gauge stations. The scaling for all the
stationsmin the grid cell is presented as a histogram and the single 3B42 scaling observation
IS prese red vertical line. It is not possible to capture the large variability in the scaling
measured by the ground observations as the 3B42 observations are over a larger spatial scale.
The S#qaanng clearly lies within the range of expected values, but, if we consider the
possib@at only one site in this sample was available for evaluation, a close match between

the 3B42 scaling and ground observations would be unlikely.

4 Sensﬁ' of TRMM scaling to duration and percentile

<C
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We present a quasi-global assessment of the change in scaling with decreasing duration. Using
3B42 data, the difference between the 3 hour and 24 hour scaling for the 90" percentile is
presented in Figure 3. In the tropics, a region generally experiencing a larger proportion of
convé‘d‘lﬂ'!vents [Zipser et al., 2006], there is an increase in the scaling for the 3 hour duration
when (Qﬁad to the 24 hour duration, with the magnitude of this increase greater closer to the
| | A
equato! In the subtropics and temperate regions there is a small decrease in the scaling.
Howe\(r,j magnitude of this decrease is very small and rarely greater than 0.02 (or 2%), in

contrasttfje increases in the tropical regions where the magnitude of the increase is much

higher.:
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Figure 3. Three hour scaling minus 24 hour scaling for the 90th percentile. Results have been smoothed using a 4° x

4° running median.

To assess more extreme percentiles there is a need to accumulate the data. Similar to previous
studie‘s'?n-ﬂ!l'ls field, data is accumulated from a spatial region, in this case from a 0.25° x 0.25°
grid to ° grid, effectively increasing our data at each scaling evaluation grid cell 16 fold.
- —
The vawm of the aggregation is presented in Figure S1. The scaling determined from the 1°
x 1° grfd, Wwith a 4° x 4° running median smoother is presented in Figure S1c. The original 0.25°
X O.ZS‘mscaling (Figure S1b) and that obtained from the 1° x 1° degree grid (Figure S1c) are
similarﬁite being obtained from different resolutions. For example, the transition of scaling
from negative to positive in an easterly direction on the east coasts of South America, Africa and
Austragaptured. Despite a loss in resolution across Asia due to the aggregation, there is now
a slighMater scaling in Europe which better matches the ground observations. This confirms
that a f data, in particular, a lack of temperature range in the remotely sensed data, is at
leas responsible for not capturing the rainfall scaling of ground observations. Most

importSntIy, the close agreement between the two different grid sizes confirms that the scaling

determ@om the aggregated data is representative and can be used for calculating more

extretenti les.

The avlremedtes for the 99™ and 99.9" percentile scaling compared to the 90™ percentile are
presentEFigure 4. The differences appear local climate specific. For example, in Australia,

incr@ seen throughout the continent with the exception of the eastern sea board. This
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spatial variation appears similar to the pattern of scaling presented in Figure 1a. Those areas with

positive scaling show a decrease with increasing percentile, while those areas that had a negative

scaling show an increase. This pattern intensifies as the percentile considered becomes more

extreH*'l'FIﬂure 4b). The results are consistent with Maeda et al., [2012] who found reduced

negati\Qing when considering more extreme percentiles. As event type can have significant
H A A A .

effectsgn the scaling obtained [Molnar et al., 2015], it has been suggested this may be the result

of mor@istent sampling of a particular type of meteorological event or weather system at the

most eme percentiles [Shaw et al., 2011],

Author Manu
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180

Figquence from 90th percentile scaling. (a) 99th percentile (b) 99.9th percentile. Results have been

smootm a 4° x 4° running median.

5 Dich] and conclusions
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The dependence between rainfall and temperature is exploited for many applications from
constraining models to evaluating rainfall changes for a future climate. Here we present a quasi-
global assessment of extreme rainfall percentile scaling with temperature. Several regions show
that ﬂ'd'lﬂl'g@ spatial inhomogeneity in the scaling relationship in ground observations is
remark@all captured by the relatively short record of TRMM 3B42 rainfall measurements.
- —
As grosrlld_observations are often unavailable, this is encouraging, and suggests that remotely
sensed@ll-temperature relationships may be used where ground observations are
unavai%Despite these promising results there are several regions where discrepancies
remain xample, the remotely sensed data underestimates the scaling throughout regions of
Europeﬁmp;ovements were shown when the remotely sensed data was accumulated to a larger
spatialg possibly due to the larger sample size resulting in a better capture of temperature
variabiMowever, due to differences in the spatial scale of the ground observations and
rem ensed data, internal satellite pixel variability will inevitably result in mismatches when
Sing [ re considered. As the spatial variation of the ground observation scaling, even at

sub-grig scale, is large, ground observations will likely continue to be used preferentially. This is

particu@rue where multiple gauge observations can be used to obtain robust scaling

estimEpth et al., 2015].

The sefeisidty of the rainfall scaling to duration was presented by comparing the maximum three
hourly TRg\/I rainfall scaling to the accumulated daily rainfall scaling. The scaling increased in

tropi{as but decreased in regions outside the tropics. However, the magnitude of the
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decrease was much less than the increase observed in the tropical areas. To assess more extreme
percentiles aggregation was performed. Validation against the original 3B42 rainfall resolution
showed that aggregation did not deteriorate the quality of the scaling prediction, and even
imprU*U'l'l'*n some areas due to greater data availability. It was found, in general, where strong
positiv@ng exists, a decrease in the scaling with increasing extreme percentile is observed,

but an gncrease in the scaling is observed in regions of negative scaling.

Given @ong dependence between rainfall and temperature and the ability to estimate the
scalinwonship at extreme percentiles using remotely sensed TRMM 3B42 rainfall, rainfall-
temper@ relationships can be developed in data spare regions. These relationships can then
be use(cvestigate climate interactions and form the basis for understanding how rainfall

responwhanges in temperature in regions that previously could not be investigated.
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Figure Captions

Figure 1. Precipitation-temperature scaling for the 90th percentile. (a) Remotely sensed 3B42
data averaged using a 4° x 4° running median (b) Ground data (c) 4° x 4° degree median smooth
of groulg:ata over southern Africa (d) 3B42 scaling (black) and ground observations (red)

plotted

longitude for box shown in (c). Fitted lines are the result of local linear regression
with 984 confidence intervals shaded.

Figure®. (a)Comparison of 90th percentile scaling of 3B42 and ground observations for three
Iocatiowangles are 3B42 data, circles are ground observations. Fitted lines are a local linear
regres@) Histogram of scaling for a single 0.25° x 0.25° grid cell centered on 151.125°, -

33.825& red line is the scaling for the 3B42 data observed at that grid cell.

Figuremee hour scaling minus 24 hour scaling for the 90th percentile. Results have been
smoot ing a 4° x 4° running median.
Figure 4. Difference from 90th percentile scaling. (a) 99th percentile (b) 99.9th percentile.

Resultm been smoothed using a 4° x 4° running median.
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