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Abstract Rainfall is an important driver of erosion processes. The mean rainfall rate is often used to
account for the erosive impact of a particular climate. However, for some erosion processes, erosion rate is a
nonlinear function of rainfall, e.g., due to a threshold for erosion. When this is the case, it is important to
take into account the full distribution of rainfall, instead of just the mean. In light of this, we have
characterized the variability of daily rainfall over the Himalayan orogen using high spatial and temporal
resolution rainfall data sets. We ﬁnd signiﬁcant variations in rainfall variability over the Himalayan orogen,
with increasing rainfall variability to the west and north of the orogen. By taking into account variability of
rainfall in addition to mean rainfall rate, we ﬁnd a pattern of rainfall that, from a geomorphological
perspective, is signiﬁcantly different from mean rainfall rate alone. Using these ﬁndings, we argue that
short-term rainfall variability may help explain observed short and long-term erosion rates in the
Himalayan orogen.

Plain Language Summary An important topic in earth science is understanding how climate and
tectonic forces interact to shape the surface of the Earth. One of the main inﬂuences that climate has on the
Earth’s surface is to cause erosion by delivering water to landscapes as rain and snow. Wetter climates
should, in general, cause more erosion than drier climates, which is why the mean annual rainfall has traditionally been used as a measure of the erosive strength of climate. However, ﬁeld evidence seems to suggest that the effect of climate is more sophisticated than can be captured with the mean annual rainfall.
There is a considerable body of theory demonstrating that the intensity of rainfall, or storminess, is an
equally important aspect of how climate causes erosion. In light of this, we have characterized the
storminess in the Himalayan mountain range, a place with high erosion rates driven by rainfall. We show
that there is large variation in storminess from place to place in the Himalayas, and that this can help
explain observed rates of erosion, which do not match mean annual rainfall rates.

1. Introduction
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The discrete and episodic nature of erosion events can often be attributed to the intermittent, variable
nature of rainfall, one of the principle drivers of erosion. Rainfall plays a vital role in shaping landscapes;
many erosion processes require or are accelerated by the presence of water. It is for this reason that many
studies attempting to untangle the relationship between climate and erosion compare measured erosion
rates to mean rainfall rates and a derivative of it, speciﬁc stream power (a surrogate for ﬂuvial erosion which
is a function of rainfall rate, slope steepness, and channel width) [e.g., Burbank et al., 2003; Dadson et al.,
2003; Craddock et al., 2007; Burbank et al., 2012; Adlakha et al., 2013; Scherler et al., 2014; Hirschmiller et al.,
2014; Godard et al., 2014]. Implicit in this comparison is the assumption that the details of rainfall, such as
storm size and frequency, are unimportant, that more water yields more erosion. However, this only makes
sense if the instantaneous (single event timescale) erosion rate scales linearly with the instantaneous rainfall
rate. If the instantaneous erosion rate is instead a nonlinear function of the instantaneous rainfall rate or
there are thresholds below which no erosion takes place, the relationship between long-term water availability and erosion will be more complicated. Thresholds have been demonstrated or hypothesized in many
erosion processes including overland ﬂow on vegetated slopes [Horton, 1945], channel initiation [e.g.,
Dietrich et al., 1993; Prosser and Dietrich, 1995; Tucker and Slingerland, 1997], sediment entrainment in rivers
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[e.g., Wolman and Miller, 1960; Andermann et al., 2012], landsliding and mass wasting [e.g., Gabet et al.,
2004], and ﬂuvial erosion of gravel bed and bedrock rivers [e.g., Tucker and Bras, 2000; Lague, 2005; Beer and
Turowski, 2015]. Nonlinearities have also been proposed [e.g., Lague, 2005], though it can be difﬁcult to distinguish a nonlinearity from a threshold [DiBiase et al., 2010].
Erosion thresholds or nonlinear dependence on the instantaneous rainfall rate make it necessary to have
information about the magnitude and frequency of individual storms. A common surrogate for single
storms is the daily rainfall rate, because it is a natural timescale that is similar to the duration of individual
storms and reﬂects the frequency of many rainfall time series. Previous work has shown theoretically that in
the presence of erosion thresholds or nonlinear dependence on rainfall, long-term erosion rates will be sensitive to the variability of daily rainfall [e.g., Tucker and Bras, 2000; Tucker, 2004; Lague, 2005] with some evidence to support this claim [Snyder et al., 2003; DiBiase et al., 2010]. The general conclusion is that higher
variability will drive higher erosion rates. Although this work is with reference to erosion by bedrock rivers,
the same concepts apply to any erosion process with nonlinearities or thresholds that is driven by a highly
variable forcing such as rainfall.
If daily rainfall variability is a feature of rainfall that, in addition to the mean rainfall rate, modulates the
impact of rainfall on erosion rates, then it may help to explain the inconsistency between modern climate
and erosion rates in the Himalayan orogen. In the orogen interior, erosion rates inferred from thermochronological data increase across a topographic divide towards the Tibetan plateau despite decreasing mean
rainfall rates [Burbank et al., 2003; Thiede and Ehlers, 2013]. Here the topographic divide is deﬁned as the
average location of the major peaks in the orogen that form the southern edge of the Tibetan plateau. It is
this east west trending range of high peaks that creates a rain shadow to the north, and can be associated
with both the northwards increasing erosion rates and decreasing rainfall rates. Here we characterize the
daily variability of rainfall in the Himalayan orogen, and discuss the spatial patterns found, as well as the
implications for erosion processes driven by rainfall.
There are several established methods for characterizing the daily variability of rainfall. Extreme rainfall analyses describe the most intense days of rainfall, their frequency of occurrence, and magnitude. This has obvious value to human society, and has been applied to the Himalayan orogen [e.g., Bharti et al., 2016; Joshi
et al., 2014], where intense monsoon storms can cause signiﬁcant economic damage [Thayyen et al., 2013].
Here, we are not attempting an extreme value assessment of daily rainfall. Theoretical work accounting for
erosion thresholds and nonlinearities argues that it is not just extreme events that are potentially signiﬁcant,
but also the distribution of moderate magnitude events (e.g., annual maximum storm or even smaller,
depending on the erosion threshold) [Wolman and Miller, 1960; Tucker and Bras, 2000; Tucker, 2004; Snyder
et al., 2003; Lague, 2005, 2014]. Also, we do not wish to estimate future rainfall statistics, but rather to characterize the observed distribution of daily rainfall, and do so as succinctly as possible. Characterizing variability by ﬁtting a function to some empirical form of the distribution of daily rainfall is another established
technique. Whether the function is ﬁt to the empirical frequency distribution [e.g., May, 2004a; Suhaila et al.,
~o et al., 2010], or the concentration index [e.g., Martin-Vide,
2011], the normalized rainfall curve [e.g., Burguen
2004; Jiang et al., 2016; Caloiero, 2014] the result is the same: the actual form of the distribution of daily rainfall variability is summarized by a function with just a few parameters. In order to keep in line with previous
work on the importance of climatic variability on long-term landscape evolution [Tucker and Bras, 2000;
Tucker, 2004; Lague, 2005; Rossi et al., 2016], we ﬁt a mixture of gamma distributions to the empirical frequency distribution of daily rainfall.
In this study, we make use of two high spatial and temporal resolution gridded rainfall data sets. Several
studies have characterized the daily variability of rainfall using high spatial resolution gridded data sets
~o et al., 2010; Jiang et al., 2016], however, not over the Himalayan orogen. Several others
[e.g., Burguen
describe the distribution of Indian rainfall using similar methods to those employed in this study [Mooley,
1973; May, 2004a,b]. However, they make use of data sets with low spatial resolution and tend to focus on
rainfall patterns across the Indian subcontinent rather than the orogen. Prakash et al. [2015b] compute the
coefﬁcient of variation of monsoon rainfall, which is closely related to daily variability, using TMPA and other
high-resolution gridded data sets, however by restricting the analysis to India, they leave out much of the
Himalayan orogen. Finally, there are several studies comparing the frequency-magnitude distribution of
daily rainfall to erosion patterns in the Himalayas [e.g., Bookhagen and Burbank, 2010; Craddock et al., 2007;
Wulf et al., 2010, 2012]. However, these studies do so only from the perspective of extreme events and often
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only on the scale of single valleys. The previous studies of daily variability of Indian and Himalayan rainfall
are useful to corroborate our results where the different data sets overlap. However, they do not allow for a
careful assessment of daily variability over the entire Himalayan orogen, which is the goal of this study.

2. Data and Methods
2.1. Data
In recent years, several rainfall data sets spanning the entire Himalayan orogen have become available,
ranging from moderate to high temporal and spatial resolution. We use two, described below, that are
known to perform well in the Himalayan orogen [Andermann et al., 2011].
2.1.1. APHRODITE
Asian rainfall Highly Resolved Observational Data Integration Towards Evaluation of Water Resources, Monsoon Asia, Version 11—APHRO_MA_025deg_V1101R2 (referred to here as APHRODITE) is a distanceweighted interpolation of daily rainfall depths from between 5000 and 12,000 ground-based stations
(depending on the time period) spread throughout Asia over the period from 1951 to 2007. It is made available by the Research Institute for Humanity and Nature (RIHN) Japan and the Meteorological Research Institute of Japan Meteorological Agency (MRI/JMA). The data set has a spatial resolution of 0.258 3 0.258, and a
temporal resolution of 1 day [Yatagai et al., 2012]. Despite making use of an orographic correction algorithm, there are concerns with the accuracy of the data set due to the relatively small number of stations it
is interpolated from in the orogen. Particularly outside of Nepal and north of the main topographic divide.
Andermann et al. [2011] tested the accuracy of this data set in the Himalayan orogen and found it to be
good relative to other large-scale rainfall data sets available in the region. However, their analysis is potentially problematic because APHRODITE incorporates nearly all available station data, making it difﬁcult to
ﬁnd independent station time series against which to test the accuracy of APHRODITE.
2.1.2. TMPA
Tropical Rainfall Measuring Mission (TRMM) Multisatellite Precipitation Analysis (TMPA)—3B42 V7 (TMPA) is
a remotely sensed, gauge-adjusted, precipitation data set composed of measurements from several spaceborne instruments [Huffman et al., 2007] covering the globe from 508N to 508S and spanning from the
beginning of 1998 to mid-2015 available at 3 h, daily, and monthly resolution. The data set integrates infrared and microwave observations from multiple satellites as well as ground-based gauge data [Prakash et al.,
2015b]. We use the daily version of the product from 1998 to the end of 2013.
TMPA is known to have difﬁculties properly estimating the magnitude of rainfall in complex, steep terrain,
though the new version V7 has improved in this regard [Bharti et al., 2016]. Bharti et al. [2016] also ﬁnd that
TMPA V7 does a good job estimating the frequency of large storms, but has difﬁculty accurately measuring
their magnitude, commonly overestimating the storm magnitude below 3000 m and underestimating
above 3000 m. In general it is also known to overestimate rainfall magnitudes in the Indian subcontinent
[e.g., Prakash et al., 2015a]. Despite these shortcomings, TMPA outperforms all other available multisatellite
products in the region [Prakash et al., 2014].
2.1.3. Quality of the Data Sets
While recognizing that both gridded data sets have potential issues, they are also the best currently available with a daily resolution [Andermann et al., 2011; Prakash et al., 2014]. In addition their respective weaknesses and strengths are complementary. APHRODITE is interpolated from accurate ground data, but
suffers from a lack of stations. TMPA consists of measurements with a very high spatial resolution, but suffers from a lack of accuracy in the orogen. To mitigate the potential weaknesses of these data sets, we
restrict our interpretations to features observed in both data sets and on a scale larger than the scale of the
data set resolution.
2.2. Statistical Model
We deﬁne here the distribution of daily rainfall intensity to be the distribution of daily rainfall depths on
days with rainfall exceeding 0.5 mm (wet days). The mean of this statistical distribution is referred to as the
mean daily rainfall intensity (a). The mean rainfall rate including days with less than 0.5 mm of rainfall (wet
days and dry days) is referred as the daily rainfall amount (E½P).The relationship between the two means is
controlled by the ratio of wet days to the total number of days (k) such that E½P5ka. We refer to k as the
mean wet day frequency. In order to describe the distribution of daily rainfall intensity (ignoring days with
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less than 0.50 mm of rainfall), we use a PDF that can be ﬁt to the empirical distribution. We searched for a
model that is both simple (only a few, physically interpretable parameters) and ﬂexible (it can ﬁt well the
empirical distribution over a wide range of climates). With only two parameters, the gamma distribution
can ﬁt the empirical distribution from markedly different climates. It also has a long history of application in
modeling daily rainfall in general [e.g., Eagleson, 1978; Srikanthan and McMahon, 2001, and references
therein], and in the Indian monsoon region speciﬁcally [e.g., Mooley, 1973; Stephenson et al., 1999, and references therein; May, 2004a, and references therein; May, 2004b; Mueller and Thompson, 2013].
Due to the marked difference in daily rainfall intensity between the monsoon season and the dry season,
we follow Mueller and Thompson [2013] and model the two seasons separately, so that the annual distribution is a mixture of distributions composed of one gamma distribution for the wet season and a second for
the dry season, each weighted by the relative length of the associated season as shown in Figure 1. The
resulting PDF, fP ðpÞ, has seven parameters—two daily rainfall intensity distributions with three parameters
each and the length of the wet season.
fP ðpÞ5ð12xw Þ fd 1xw fw ;

(1)

where xw is the length of the wet season divided by 365, fw is the daily rainfall intensity distribution for the
wet season and fd for the dry season. The distribution for the wet season is,
fw ðpÞ5ð12kw Þ dðpÞ1kw gðbw ; cw ; pÞ;

(2)

where dðpÞ is the delta dirac function and gðbw ; cw ; pÞ is the gamma distribution,
gðbw ; cw ; pÞ5

bcww cw 21 2bw p
e
;
p
Cðcw Þ

(3)

where CðÞ is the gamma function, bw is the rate parameter, and cw is the shape parameter. The ﬁrst term of
equation (2) describes an atom of probability that the daily rainfall intensity is zero. The theoretical mean of
the gamma distribution can be expressed as E½x5cw =bw , which can be interpreted as the wet season
mean rainfall intensity aw.

35 N

A

D
C
B

25 N
B

C

D

Figure 1. (a) Map of the region of interest. (b), (c), and (d) Examples of ﬁtting the empirical distribution (black points). The plots correspond to the three black stars in Figure 1a. The
full PDF is shown as a solid line, the monsoon season PDF as a dashed line, and the dry season as a dash-dotted line. Note the fundamental change in shape of the monsoon PDF from
Figure 1b the southern band of high magnitude rainfall to Figure 1c the northern band, and Figure 1d the Tibetan plateau. The approximate location of the topographic divide is shown
by the smoothed 3000, 4000, and 5000 m contour lines.
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The dry season daily rainfall intensity distribution has the identical
form, where all parameters are
subscripted with d instead of w.
Because we are interested in the
ability of the rainfall to drive erosion, we will focus exclusively on
the wet season rainfall since it
delivers a majority of the annual
rainfall in much of the Himalayan
orogen. All future references to
the parameters of the gamma distribution refer to those from the
wet season distribution.
Figure 2. The effect of the gamma shape parameter and mean rainfall frequency on probability density functions (pdf) of daily rainfall intensity. The thick line shows a seasonal pdf
with a shape parameter of 1 and a mean wet day frequency of 0.5. The thin solid lines
show the effect of increasing or decreasing the mean wet day frequency k to 1 and 0.25,
respectively. The thin-dashed lines show the effect of increasing and decreasing the shape
parameter c across much of the observed range from 2 to 0.2. When either k or c are
decreased, the magnitude of storms for low relative frequencies (e.g., <1022 ) increases
though the total amount of rainfall does not.

In this model, the daily variability
is described by two different
parameters: the mean wet day
frequency k and the shape
parameter c. The ﬁrst describes
the likelihood of observing rainfall on a given day, with a lower
likelihood of rain implying higher daily variability. This is very similar to how daily rainfall variability is quantiﬁed
by Tucker and Bras [2000] or Rossi et al. [2016]. The second describes the variability of daily rainfall magnitude on
days that have rainfall, with lower values implying higher variability in daily rainfall magnitude. Figure 2 shows
how k and c separately affect the shape of the rainfall PDF. Knowing k, c, and a gives detailed information about
the probability structure of daily rainfall for a given season. This allows for the computation of how often and by
how much various geomorphic thresholds are expected to be exceeded in different climates. We can also use
this model to estimate other statistics, such as the mean maximum annual storm magnitude (Appendix A).
There are several other distributions that are commonly used for wet day rainfall, such as the stretched exponential distributions [e.g., Rossi et al., 2016], and we do not claim any strong theoretical reasons for using the
gamma distribution over others. We make use of it because it ﬁts the empirical distributions over the wide range
of climates found in the Himalayan orogen, though it is probable that other distributions could do so as well.
2.3. Data Fitting Techniques
We estimate the model parameters described in section 2.2 for the distribution of daily rainfall at each node
in both gridded data sets. To obtain estimates of the model parameters, we ﬁrst created seasonal distributions by ﬁtting a step function to the annual time series using the technique of Mueller and Thompson
[2013]. The ﬁtting of the step function is a simple method that provides an average start and end date for
the wet season at each grid point. The results we obtain agree well with other assessments of the onset of
the monsoon [Wang, 2002]. The seasonal mean wet day frequency was computed as the ratio of the number of days with more than 0.5 mm of rainfall to the total number of days in each season. We used maximum likelihood estimation to ﬁnd the seasonal shape and rate parameters (Figure 3).
To assess the signiﬁcance of our parameter estimation for the shape parameter and the rate parameter, we
used the Fisher information to estimate the standard error (Figures 4a–4d). While useful, this only informs
us about how probable the estimated parameters are under the assumption that the sample is gamma distributed. It does not inform us about how well the chosen gamma distribution ﬁt the data; the best ﬁtting
gamma distribution may still ﬁt poorly. To establish objectively the quality of the ﬁt to observed daily rainfall distributions, we calculated the coefﬁcient of determination, r2, of a linear regression of the theoretical
quantiles against the observed quantiles (Figures 4e and 4f) [M€
uller et al., 2014].
XN
ðp^i 2pi Þ2
r 2 512 Xi51
;
(4)
N
ðpi 2pi Þ2
i51
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Figure 3. (a and b) Gamma shape parameter, (c and d) mean wet day frequency, and (e and f) mean daily intensity for both APHRODITE
and TMPA. The cross sections in Figure 7 are shown in white in Figures 3c and 3d.

DEAL ET AL.

RAINFALL VARIABILITY IN THE HIMALAYAS

4009

Water Resources Research

10.1002/2016WR020030

A

B

APHRODITE

TMPA

Relative standard error of shape parameter (%)

0.0

2.5

5.0

7.5

10.0

12.5

15.0

C

APHRODITE
Relative standard error of mean intensity (%)

D

TMPA
0.0

2.5

5.0

7.5

10.0

12.5

15.0

E

F

APHRODITE

TMPA
r2 of quantile-quantile regression

0.80

0.85

0.90

0.95

1.00

G

H

APHRODITE

TMPA
Length of monsoon season (days)

40

60

80

100

120

140

160

I

J

APHRODITE

TMPA
Wet day sample size

0

1000

2000

3000

4000

5000

6000

7000

8000

K

APHRODITE
Gamma shape parameter

L

APHRODITE
-45

-30

-15

0

15

30

45

Mean wet day frequency

Figure 4. (a and b) Relative standard error for the shape parameter estimate, (c and d) relative standard error for mean daily intensity, (e and f) coefﬁcient of determination, (g and h)
estimate length of monsoon season, and (i and j) data set sample size for both APHRODITE and TMPA. (k and l) The percent difference between the ﬁrst and last 15 years of the
APHRODITE data set for the shape parameter and mean wet day frequency, respectively.
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where N is the number of quantiles, pi is the theoretical quantile, pi is the observed quantile, and p^i is the
mean of the theoretical quantiles. The closer r2 is to one, the better the ﬁt. We use all quantiles and, to be
conservative, we reject all ﬁts where r 2 < 0:90.

3. Results
The three estimated parameters, mean intensity, mean frequency, and wet day variability (^a w ; ^k w , and ^m w
respectively) are shown in Figure 3. Other aspects of the data analysis are shown in Figure 4. The standard
error is low, with most estimates having less than 10% relative standard error (Figures 4a–4d). We note that
the coefﬁcient of determination (r2) measuring the quality of the ﬁt is for the most part above the 0.9
threshold we chose, though there are some poor ﬁts on the Tibetan plateau, particularly in the west.
Rejected ﬁts are shown in Figure 3 as shaded regions. Also shown in Figure 4 is the length of the monsoon
season as computed by ﬁtting a step function to the annual rainfall time series, and the number of monsoon season wet day samples in each data set (Figures 4g–4l). The abrupt change in the length of the monsoon season in the western edge of the Himalayan orogen (348N, 758E) is associated with the breakdown of
the dry season/monsoon season model due to the inﬂuence of signiﬁcant winter rainfall. This results in a
poor ﬁt of the statistical model to empirical rainfall distributions and the low r2 values in the region.
3.1. Spatial Distribution of the Gamma Shape Parameter
As discussed previously, the variability of daily rainfall is described by both the shape parameter and the
mean wet day frequency. We ﬁnd in this case that the range in the shape parameter is more signiﬁcant
than the range in the wet day frequency. Overall, the observed range of gamma shape parameter is
between 0.1 and 4, with the majority of the values falling between 0.2 and 2. The range from 0.1 to 4 represents nearly an order of magnitude change in the size of the 99th percentile storm for a given mean rainfall
amount, signalling a signiﬁcant change in the variability of daily rainfall across the Himalayan orogen.
The spatial distribution of the gamma shape parameter, shown in Figures 3a and 3b, are qualitatively similar
for both data sets across the Himalayan arc, though the range of values is smaller in the TMPA data set. The
TMPA data set also exhibits higher wet day variability in western India, the southwestern edge of the
Tibetan plateau and Pakistan. This may be due to the fact that the very low magnitude and frequency of
rainfall in these areas allows them to be disproportionally affected by measurement errors.
Although the previous studies that measure the gamma shape parameter in a comparable manner do not
focus on Himalayan rainfall and have a much coarser resolution, the general trends in shape parameters
match well between all studies. May [2004a] and [2004b] shows large shape parameters along the Himalayan mountain front and May [2004b] and Mooley [1973] show small shape parameters in northwestern India
and Pakistan, all observations which match our estimates well. More speciﬁcally, the magnitudes of the
measured shape parameters from this study are very similar to May [2004a] and in particular, the reanalysis
data set from May [2004b].
3.2. Spatial Distribution of Mean Wet Day Frequencies
The pattern of mean wet day frequencies, seen in Figures 3c and 3d, is broadly similar between the two
data sets, though there are notable differences in the far western reaches of the range. The TMPA data set
has in general higher wet day frequencies, though the frequencies are high overall in both data sets during
the monsoon. The TMPA data set may exhibit higher frequencies because it is an areal measurement rather
than a point measurement [Del Jesus et al., 2015]. In both data sets, frequencies are much higher closer to
the bay of Bengal, the source of moisture for monsoonal rainfall, and fall off westward in the foreland basin.
In contrast, wet day frequencies remain high for several thousand kilometers along the Himalayan mountain front where high relief has been shown to drive frequent rainfall [Bookhagen and Burbank, 2006]. Overall the estimated monsoon intensities and frequencies match well with previous analyses using large
ground station data sets [Stephenson et al., 1999; May, 2004a, 2004b], and high spatial resolution remotely
sensed data sets [Bookhagen and Burbank, 2006, 2010].
3.3. Spatial Distribution of Mean Storm Intensities
The mean rainfall intensities for the two data sets (Figures 3e and 3f) again have similar general trends,
exhibiting high mean rainfall along the Himalayan mountain front. They also both measure low rainfall in
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the Tibetan plateau and Pakistan. However, TMPA has higher magnitudes of daily rainfall intensity in general (note the different scale bars). The APHRODITE intensities are in agreement with estimates of intensity
from three other studies, two using ground station data [Stephenson et al., 1999; May, 2004a] (4 and 89 years
long, respectively), and a third using a reanalysis data set [May, 2004b]. The TMPA intensities agree well
with intensities measured by GPCP, another satellite data set [May, 2004b].
3.4. Stationarity
Malik et al. [2016] demonstrate secular nonstationarity in daily rainfall in the Indian subcontinent. The main
data set that they rely on for their analysis is derived from the same source as the APHRODITE data set we use
here. Though their analysis of long-term trends is considerably more sophisticated, it is not surprising that we
also ﬁnd similar trends. Figures 4k and 4l show the difference in the shape parameter and the mean wet day
frequency between the ﬁrst 15 years (cF ; kF ) and the last 15 years (cL ; kL ) of the APHRODITE data set such that
diffðcÞ5ðcF 2cL Þ=cL and diffðkÞ5ðkF 2kL Þ=kL . There is a notable decrease in both the shape parameter and
mean wet day frequency toward the present in the western Tibetan plateau (increase in variability), though
this largely corresponds to regions where the statistical model we use does not work well, and therefore may
be suspect. There is also a signiﬁcant increase in the shape parameter in northern Nepal and Bhutan and moderate decrease in the shape parameter in southern Nepal. This implies that the pattern we observe in Nepal of
a band of low variability in the north has increased in strength towards the present. The changes in variability
implied by the observed shift in the mean wet day frequency and shape parameter match the changes in the
distribution of rainfall across quantiles observed by Malik et al. [2016]. Though the number and distribution of
stations from which the APHRODITE data are interpolated from has changed over the decades, and this may
be partly responsible for the observed nonstationarity. Regardless, the main spatial trends in rainfall variability
which we discuss in this study are observed in throughout the APHRODITE data set, even if their magnitudes
shift, as well as in the TMPA data. One perspective is that the nonstationarity can be viewed as part of the variability, and we do not ﬁnd it problematic that we implicitly include it in our measurement of daily variability.
We are interested in the patterns of daily variability over periods of hundreds to thousands of years, which
encompasses variation in measures of daily variability such as the shape parameter and mean wet day frequency which undoubtedly occur over decades and centuries.
3.5. Correlations Between Intensity, Frequency, and Shape Parameter
There is a strong negative correlation between the mean rainfall intensity and variability as measured by
the frequency and the shape parameter. This is not surprising, because the shape parameter is related
to the mean storm intensity via the scale parameter (a5cw =bw ), and the mean wet day frequency is related
to the mean rainfall intensity via the mean daily rainfall amount (E½P5ak). These negative correlations are
shown in Figure 5. We have only shown the results from the TRMM data. The trends for the APHRODITE
data are even stronger (steeper slopes and higher r2 values) however, because the data are interpolated,
there is the risk the observed correlations result in part from the interpolation.
We collapse the trends between mean rainfall intensity and mean wet day frequency at different elevations
(Figure 5a) by normalizing both the intensity and the frequency for each elevation range by the mean value
for that elevation range (Figure 5b). The result is a nondimensional relationship between the mean intensity
and mean wet day frequency that is valid at all elevations in the Himalayan orogen (12k / ab ). The positive
correlation between the shape factor and mean intensity (Figure 5c) reﬂects a negative correlation between
intensity and variability because increasing the shape parameter reduces the variability. We also collapse
the trends at different elevations (Figure 5d), giving c / ab . Notably, the slope b between all elevations is
similar with the exception of elevations below 500 m, which includes much of the foreland basin and exhibits a weak relationship between mean intensity and variability. Given that both the shape parameter and
the wet day frequency are strongly correlated with the mean intensity, it is not surprising that they are correlated with one another as well. Again we can collapse the trends at different elevation (Figure 5f), yielding
a relationship of the form c / ð12kÞb .
These empirical relationships can potentially be used to relate the variability and intensity of rainfall to the
mean annual rainfall amount at different elevations in a landscape evolution model of a monsoon dominated orogen. This is useful because it allows for the distribution of daily rainfall to be reconstructed with
an estimate of the mean annual rainfall and estimates for the slopes (b) of the trends between intensity and
variability.
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Figure 5. For the TMPA data set, (a) correlations between the mean wet day frequency and the mean rainfall intensity with trends ﬁt to
the data sorted by elevation. (b) The same, except the mean intensity and mean wet day frequency have been normalized by the mean
value for each elevation range, collapsing the trends (normalized frequency – ð12kÞ=ð12ko Þ where ko is the mean value for each elevation
range). (c) The correlation between the shape factor and the mean intensity, (b) which can be again collapsed by normalizing the mean
intensity as in Figure 5b. (e and f) The same for the shape factor and the mean wet day frequency. In Figure 5f, the mean wet day
frequency has been normalized as in Figure 5b.

3.6. General Along and Across Strike Trends in Variability
We observe large-scale trends in the shape parameter and mean wet day frequency both across and along
the east-west strike of the orogen. These trends are shown in Figures 6a–6d, separated by elevation. We
show only the TRMM data for the same reasons as before. The APHRODITE data show the same trends, with
the difference that the variation in the shape parameter is much larger and the mean wet day frequencies
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Figure 6. The average trends in the TMPA data along strike of the orogen from 758E to 958E of (a) the shape parameter, (b) the mean wet day frequency, (c) the mean maximum annual
daily rainfall, and (d) the standard deviation of the max. annual daily rainfall. Shape parameters with r 2 < 0:9 has been left out of analysis. (e and f) The same respectively from 258N to
358N. In Figure 6d, the data has been smoothed by taking the running mean with a window size of 3.

somewhat lower. Along strike from east to west, both the shape parameters (Figure 6a) and the mean wet
day frequencies (Figure 6c) increase at all elevations above 500 m. Below 500 m, both the shape parameter
and the mean wet day frequency are relatively constant. At moderate and high elevations (500–4500 m),
the shape parameter reaches peak values at around 858E, after which it decreases again, but even at these
elevations, the shape parameters in the east are still larger than in the west. Because increases in either the
mean wet day frequency or the shape parameter imply a decrease in rainfall variability, it can be seen that
the variability is highest in the west and decreases to the east with a low in variability at around 858E at
some elevations. Similar trends exist across strike. At all elevations both shape parameter and mean wet
day frequency decrease to the north (Figures 6b and 6d, respectively). Therefore, in general the variability
of daily rainfall during the monsoon is lowest in the east and the south of the orogen, and increases both
northward and westward. This is opposite to the pattern of rainfall mean and intensity, which is
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unsurprising, given the strong negative correlation between daily intensity and both the shape parameter
and mean wet day frequency.
The mean rainfall amount and intensity decrease toward the west from the source of moisture, the bay of
Bengal, in the east. However, because of the increasing rainfall variability at elevations above 500 m (as
shown by both the frequency and shape parameter), the magnitude of the average maximum annual daily
rainfall is nearly constant at those elevations (Figure 6e). At elevations above 4500 m, the magnitude of the
average maximum annual daily rainfall increases toward the west from a minimum at around 838E. Wulf
et al. [2016] found a bias in the TMPA data that causes rainfall to be overestimated in the dry, high relief
regions in the west of the orogen. This bias could potentially cause the trend seen here. However, the APHRODITE data, which will not be inﬂuenced by this bias, exhibits the same trend. In fact, in the APHRODITE
data, the average maximum annual daily rainfall magnitude increases slightly for all elevations above 500 m
rather than remaining constant.
Figures 6g and 6h show the standard deviation of the maximum annual daily rainfall as a percent of the
maximum annual daily rainfall. It is relatively constant from east to west, perhaps increasing slightly in the
west, however from south to north it can be seen to increase modestly. This means that in the orogen interior, storms with return times longer than a year can be larger with respect to the mean rainfall intensity
than in the south, reﬂecting the higher variability in the north and highlighting that big storms are likely to
be very signiﬁcant in the relatively dry orogen interior.

4. Discussion
4.1. Rainfall Variability and Erosion Rates
The relative importance and impact of the intensity and variability of daily rainfall will depend on the details
of the erosion regime in question, with emphasis on the kind and magnitude of erosion threshold or nonlinearity considered. For an erosion threshold associated with a minimum storm size or a nonlinearity which disproportionally weights larger storms, higher variability rainfall will lead to higher erosion rates. This is thought
to be the case for erosion occurring in mountainous bedrock rivers [Tucker and Bras, 2000; Tucker, 2004; Snyder
et al., 2003; Lague, 2005; DiBiase and Whipple, 2011]. River erosion is far from the only erosion process occurring in the Himalayan orogen, but it is generally considered to be one of the most signiﬁcant in active orogens
[e.g., Whipple, 2004; Molnar, 2001], especially considering the minor inﬂuence of glaciers and glacial erosion in
central Nepal. Due to the complexity of hydrological processes, it is challenging to link daily rainfall distributions to daily streamﬂow distributions. Empirical work investigating the drivers of daily streamﬂow ﬁnd a number environmental controls, including the evapotranspiration rate and aridity index [Rossi et al., 2016].
Importantly, they ﬁnd a positive correlation between the wet day frequency and streamﬂow variability, and to
a lesser extent between rainfall variability (i.e., the shape parameter) and streamﬂow variability. Using numerical simulations, another study found that the shape parameter of daily rainfall could have a signiﬁcant impact
on streamﬂow variability when the shape parameter is less than 0.5 [M€
uller et al., 2014].
4.2. Relevance to the Himalayan Orogen
One of the more striking features of the spatial distribution of the shape parameter and the wet day frequency in Figure 3 is the 1000 km long arc along the crest of the Himalayan orogen, particularly strong in
Nepal. This band appears in both data sets, and corresponds with the northern most of the two bands of
high magnitude rainfall described by Anders et al. [2006] and Bookhagen and Burbank [2006]. The large
shape parameter and high wet day frequency imply that the northern band of high magnitude rainfall is
characterized by low variability rainfall. In contrast, the southern band possesses moderate to high variability along its length. Therefore the two bands of rainfall, while similar in mean intensity of daily rainfall, overall rainfall amount, and topographic setting, differ greatly in the frequency and magnitude of rainfall during
the monsoon. This is supported by Bookhagen and Burbank [2010] who use both the frequency of lightning
strikes (a feature of extreme rainfall events) and the intensity of rainfall during extreme events to characterize the magnitude of extreme events and ﬁnd a maximum of extreme events along the front of the Himalayan arc, over the southern rainfall band.
4.2.1. Patterns of Variability and Long-Term Erosion Rates
The band of low rainfall variability may help to explain the inconsistency between measured long-term erosion rates and rainfall rates in the region. Burbank et al. [2003] and Thiede and Ehlers [2013] showed that in
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central Nepal, erosion rates increase north of the band of high magnitude rainfall. It can be seen that mean
erosion rate increases even as the mean rainfall rate decreases. Erosion rates inferred from cooling ages
peak close to the topographic divide, well north of the highest mean rainfall rates. If the region is in
dynamic equilibrium, we expect the erosion rate to be set by the uplift rate rather than climate. However,
the speciﬁc stream power should still reﬂect the erosion rate. In this region the speciﬁc stream power still
decreases northward (albeit more slowly that rainfall) [Burbank et al., 2003]. This implies that steeper slopes
and narrower channels can make up only partially for the decreasing rainfall. Increasing rainfall variability
could explain some of the discrepancy between erosion rates and rainfall rates. Figure 7a shows a representative cross section over the topographic divide in this region. The rainfall variability increases rapidly as the
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Figure 7. Representative cross sections orthogonal to the strike of the orogen showing the patterns of daily rainfall mean and variability
across the topographic divide. Cross sections are aligned relative to the location of the northern rainfall peak. The lines show the average
value across the section, and the shaded regions show the range. The mean daily rainfall rate is shown in blue, the mean maximum annual
storm is shown in solid yellow, the estimated maximum annual storm is shown in dashed yellow, the ratio of the daily mean to the annual
max. Storm is shown in red, the gamma shape parameter is shown in purple and the mean wet day frequency is shown in green. Vertical
bars show peak of erosion rate (as inferred from cooling ages) and mean rainfall rate (gray and blue resp.). Estimated erosion rates over
the last 2 million years obtained from a 1-D inversion of thermochronological data taken from Thiede and Ehlers [2013] are shown with the
dashed black line. Average maximum topography shown as solid black line.
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mean rainfall rate decreases across the topographic divide, as demonstrated by the observed decrease in
the shape parameter and mean wet day frequency. The observed increase in rainfall variability, in conjunction with narrowing channels and steepening slopes, is consistent with a peak erosion rate on the topographic divide despite signiﬁcantly decreasing mean rainfall rate. As further support for this, both steeper
slopes and higher rainfall variability are expected to enhance other important erosion processes, such as
landsliding [Gabet et al., 2004].
Increasing rainfall variability means that while the total amount of rainfall decreases sharply across the topographic divide, the size of large storms will decreases more slowly. The solid yellow line in Figures 7a and
7b show the average maximum annual storm size, and it can be seen that it does not track with the mean
daily rainfall rate, and does decrease more slowly across the divide. More than that, the east-west striking
band of very low variability associated with the northern band of high rainfall results in the large storms in
this region being exceptionally small given the high rainfall rate. The ratio of the mean maximum annual
storm to the mean daily rainfall rate can be used as another measure of rainfall variability. Shown as the
solid red line in Figure 7, we see that it is consistent with the measured changes in the shape parameter
and mean wet day frequency. It is very low over the northern band of high magnitude rainfall, and highest
over the Tibetan plateau. Figures 7c and 7d show another representative cross section further to the west
near the end of the arc of low variability. The same pattern holds for this cross section as well, with increasing variability across the topographic divide, reﬂected both in the ratio of the maximum annual storm to
the daily mean rainfall as well as the shape parameter and wet day frequency. In this cross section, the rise
in topography from south to north is gentler, as are the gradients in the erosion rate, mean daily rainfall,
mean wet day frequency, and the shape parameter.
We put forth the idea of rainfall variability resolving the inconsistency between long-term erosion rate and
rainfall rate only as a possibility. The theoretical arguments provide a basis for this theory, and the APHRODITE data support it. However, it is not possible to rule out that the modern climate is a poor representation
of past climate. However, the current climatic regime results from moisture laden air brought by the Indian
monsoon colliding with high relief topography (the southern edge of the Tibetan plateau) [Bookhagen and
Burbank, 2006]. Both the plateau and the Indian monsoon are estimated to have existed in their current
form for the last 8 million years [Zhisheng et al., 2001]. Though the strength of the monsoon has changed
through time, this implies that the current climate should be roughly representative of climatic forcing in
the region over the last few million years, and lends credence to the idea that the Himalayan orogen is in
dynamic equilibrium.
A further concern is that the way that rainfall drives erosion rates across the landscape is not perfectly
understood. So we must restrict ourselves to a qualitative assessment of the patterns of rainfall variability
and mean. It is not clear how to assess whether the magnitude of increase in variability is sufﬁcient to offset
the magnitude of decrease in mean rainfall. Additionally, the TMPA data (Figures 7b and 7d) only broadly
match the pattern observed in the APHRODITE data set (Figures 7a and 7c). The rise in variability observed
in the TMPA data occurs further north than in the APHRODITE data, and is not coincident with the peak in
the erosion rate. Further, the TMPA data do not resolve the northern rainfall maximum, making it more difﬁcult to compare the peak in erosion to rainfall. Due to this, in the Nepal swath (Figure 7b) the TMPA data do
not support the theory that increasing rainfall variability offsets decreasing rainfall mean (though they do in
swath Figure 7d). Additionally the elevation is an important parameter in the interpolation scheme of the
APHRODITE data, making swath proﬁles with the APHRODITE data suspect.
One point in support of the theory comes from a data set derived from the TMPA 2B31 data that has much
higher spatial resolution that the ones we used here Bookhagen and Burbank [2006, 2010]; Bookhagen
[2010]; and Olen et al. [2016]. The TMPA-derived data resolve the northern peak in rainfall magnitude and
low in variability in a very similar location to the APHRODITE data (B. Bookhagen, personal communication).
This lends support to the APHRODITE data. So, while we ﬁnd the data presented here is suggestive that rainfall variability may be a key parameter inﬂuencing the erosion efﬁciency of rainfall in the Himalayan orogen,
we conclude that better data, which may become available in the future, are necessary to conﬁrm or refute
this hypothesis.
4.2.2. Patterns of Variability and Short-Term Erosion Rates
Olen et al. [2016] conducted an analysis of the empirical relationships between vegetation density, precipitation rates, and short-term denudation rates in the Himalayan orogen. They ﬁnd a strikingly clear negative
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correlation between vegetation density and the variability of measured denudation rates within a single
basin. The lower the vegetation density, the higher the variation in measured denudation rates. They point
out the logic in this; vegetation tends to stabilize soils, increasing the resistance to erosion. Basins with low
vegetation density should be more vulnerable to substantial surface erosion during large rainstorms than
those with high vegetation density. The erosion caused by large rainstorms will likely not be evenly distributed across the basin for a variety of reasons including localized high intensity rainfall, nonuniformly distributed vegetation, and different antecedent conditions on different hillslopes. This will lead to more episodic,
localized erosion events, and consequently, more variation in denudation rates measured within a single
basin or region.
It is also logical that rainfall variability would inﬂuence this trend by increasing the size and frequency of
large storms in regions with high rainfall variability relative to those with low variability. Olen et al. [2016]
therefore also compare rainfall variability to denudation variability and vegetation density. However, while
they observe vegetation density to increase and denudation variability to decrease from west to east along
the strike of the orogen, they ﬁnd rainfall variability trends in the opposite sense, increasing from west to
east. Olen et al. [2016] use the number of times per year that extreme events occur as a measure of variability, where extreme events are deﬁned by them as events above the 90th percentile. This does not match
the decrease in denudation variability from west to east, and they conclude that the inﬂuence of increasingly dense vegetation toward the east is so strong as to erase any effects of increasing rainfall variability
on denudation variability. While we agree completely with their explanation of how vegetation density and
rainfall variability are likely to inﬂuence the variation in measured denudation rates, we offer different perspective on the trend of variability. This is based on the observation that the shape parameter and mean
wet day frequency decrease from east to west, implying an increase variability from east to west rather
than west to east.
The potential problem with using the number of events above the 90th percentile as a measure of daily
rainfall variability is that there is not a standard relationship between the magnitude of the 90th percentile
event and the mean rainfall intensity. This is determined by the shape parameter of the distribution and
varies from region to region. Figure 8 shows the mean magnitude of events above the 90th percentile as a
function of the shape parameter. As the shape parameter falls below one, the average magnitude of
extreme events approaches 10 times the mean rainfall intensity, but above one, it is only about 2–3 times
the mean. Therefore, right where there are the most frequent extreme events, in central Nepal, is where
those extreme events will be the least intense. This is an important point, because from geomorphological
perspective, it is not just the frequency of large storms that is important, but also their magnitude. The
shape parameter and mean wet day frequency can be used to measure the magnitude of these storms relative to the mean rainfall intensity in an unbiased way that allows for comparison between regions with signiﬁcantly different mean rainfall intensities (such as central Nepal and the Tibetan plateau).
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Figure 8. The change in the mean magnitude of daily rainfall above the
90th percentile as a function of the shape parameter. When the shape
parameter is less than 0.5, the average intensity of storms above the 90th
percentile is 5 to 10 times the mean rainfall intensity. For shape parameters above one, the average intensity of storms above the 90th percentile
is only about 2–3 times the mean rainfall intensity.

As Figure 6 shows, these measures of variability point to an increase in variability from
the east to the west and from the south to
the north of the orogen. This is more consistent with the patterns of denudation variability and vegetation density observed by Olen
et al. [2016]. Moving along the orogen from
east to west, the mean annual rainfall drops,
as does the mean rainfall intensity and the
vegetation density. At the same time the variability of rainfall and the variability in denudation increase. As Figure 6c shows, the
maximum annual storm magnitude does not
change along strike for most elevations,
because of increasing rainfall variability. As a
result, large storms become more extreme
relative the mean rainfall intensity. It is
unsurprising that the most episodic erosion
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is observed in the west. However, whether the denudation variability increases to the west because of
increasingly signiﬁcant large storms, or because of decreasing vegetation density or both is less clear.
We point out however, that our conclusions are based on monsoon rainfall only, while they analyze annual
precipitation. Winter precipitation increases to the east along strike. As a result, monsoon rainfall is less representative of the annual precipitation patterns in the east as compared to the west. Further, the existence
of winter precipitation and spring snowmelt could decrease the variability of delivery water to the
ecosystem.

5. Conclusions
In this study, we have made a careful characterization of the distribution of rainfall in the Himalayan orogen.
We ﬁnd a consistent pattern appearing with the gamma shape parameter, mean wet day frequency, and
mean rainfall intensity in many places along the Himalayan arc, particularly in Nepal. We observe moderate
rainfall variability in the foreland basin up to and including the southern band of high magnitude rainfall.
This is where the biggest storms are taking place during the monsoon as the moist air coming from the bay
of Bengal collides with the ﬁrst rapid rise in topography and relief [Bookhagen and Burbank, 2006]. Although
a signiﬁcant amount of moisture makes it past the initial mountain front to collide with the second steep
rise in topography and relief near the topographic divide and form the northern band of high magnitude
rainfall, the storms there are not as intense. Instead a more frequent, more moderate rainfall regime is
observed. This is reﬂected in the rainfall variability which begins to drop rapidly starting at the southern
band moving north, and reaches a low right at or directly north of the northern band. Further into the orogen from the northern band, mean rainfall amount decreases rapidly while variability increases due to both
the mean wet day frequency and the shape parameter. In general the plateau directly behind the mountains possesses moderate to high rainfall variability. Similarly, while the mean monsoonal rainfall amount
and intensity decrease along strike from east to west, the rainfall variability increases. As a result, the magnitude of moderate to large storms remains constant along the strike of the orogen above 500 m elevation.
These two trends point to monsoonal rainfall having a larger geomorphic impact in the north and the west
of the orogen than the mean rainfall intensity and amount suggest. This demonstrates the potential importance of rainfall variability in understanding the relationship between erosion and climate.

Appendix A: Mean Maximum Annual Storm
We can use the statistical model to predict the average maximum annual storm. We obtain this from the
mean of the probability distribution of the maximum annual storm magnitude. This is equivalent to the
probability of exceeding a given storm size p over the course of a year, which is the joint probability of
exceeding p on each day of the year. Rainfall is assumed to be independent from day to day, so Fmax ðpÞ is
the probability to exceed a storm size of p on a given day raised to the power n, where n is the number of
rainy days per year. Therefore, Fmax ðpÞ5Pr½x  pn 5FðpÞn , where FðpÞ5Cðc; bpÞ is the cumulative distribution function of the gamma distribution and Cð; Þ is the regularized upper incomplete gamma function.
We assume that the monsoon season will always contribute the largest storm of the year, so the average
maximum annual storm is Pmax 5E½Cðcw ; bw pÞnw , where nw 5kw xw  365 is the mean number of rainy days
in the monsoon season.
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