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The National Capital Region of India (NCR Delhi) receives around 26 rainy days with majority of short
duration high intensity rainfall events. Yet, the city faces severe waterlogging during south-west monsoon, and shortage of water in other seasons due to rapid urbanization and changing hydrological Cow
patterns. In an uncertain scenario, where spatiotemporal variability of rainfall at local scale is not very
well understood, a location-speciBc robust model applicable for the megacity through interpretation of
parameter estimates will improve understanding of extreme rainfall pattern with duration. IdentiBcation
of the best-Bt statistical model for prediction of short duration extreme events is done and parameters of
the model are evaluated for different durations. The study Bnds that the 2-parameter gamma distribution
and 3-parameter generalized extreme value (GEV) predict similar return levels of extreme intensity for
short durations and short return periods. The shape parameter in GEV and shape and scale parameters in
gamma explain the extreme quantile in the distribution responsible for prediction of high magnitude
events. The more generic gamma model is robust and applicable at local scale, with pronounced shape
parameter variations across durations (1–11.534, 2–8.264, 3–6.609 h). It is concluded that the knowledge
of hourly variation in extreme rainfall events will help in informed decision making in this acutely
water-stressed region of the world.
Keywords. Gamma; GEV; IDF; shape parameter; urbanization; rainfall analysis.

1. Introduction
Extreme rainfall events have received attention in
recent times due to climate change and anthropogenic inCuences on the environment which is
expected to change the pattern of extreme rainfall
events. The changing extreme rainfall patterns
have been studied for different durations across
various climatic regions and at country scale
(Westra et al. 2014; Prein et al. 2017). In central
USA, it is found that more than 70% of the annual

rainfall occurs in\25% of rain days where rain day
is daily rainfall [ 12.7 mm/day (Groisman et al.
2012). In Canada, the predictions of extreme
rainfall are for different durations based on
Regional Climate Models and different emission
scenarios and they predict that current storm
designs of 10 yrs and 50 yrs will be exceeded in 5-yr
and 25-yr return period (Ganguli and Coulibaly
2019). Sub-daily extreme rainfall events have been
studied in UK (Darwish et al. 2018), Australia
(Guerreiro et al. 2018), and India (Ali and Mishra
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2018), and show that precipitation extreme is
sensitive to change in temperature. Water holding
capacity of air increases by 7% for every 1°C in
temperature, which in turn leads to more water
vapour in the atmosphere (Trenberth 2011). This
inCuences the increase in short duration rainfall
due to rise in temperature, more updrafts and
changes in the precipitation eDciency have also
been studied (Zhang et al. 2013). A model has been
developed for assessing tropical precipitation with
column water vapour (Muller et al. 2009). One
hour and 24-h annual maximum rainfall have been
compared across different climatic regions and it is
found that 1 h rainfall is due to convective processes and their pattern need to be studied further
(Barbero et al. 2019).
The India Meteorological Department (IMD)
deBnes heavy rainfall intensity as 64.5–124.4 mm
per day and very heavy rainfall as 124.5–
244.4 mm per day. The mean monsoon rainfall
has not changed significantly over the last
100 yrs in India; however, multiple locations have
shown an increase in the occurrence of heavy
rainfall events of [ 70 mm/day (Sinha Ray and
Srivastava 2000), and very heavy rainfall events
with more than 125 mm/day has shown increasing trend in the last 50 yrs (Goswami et al.
2006). The outliers in extreme events distribution
are not very rare in some regions and may occur
with no speciBc spatial pattern as seen in the
Indo-Gangetic region (Bhatla et al. 2019). The
urban regions experience more frequent intense
rainfall as compared to rural areas (Kishtawal
et al. 2010), and intensity duration frequency
(IDF) curves have been developed using global
climate models or GCMs for Mumbai (Rana et al.
2012), and Bangalore (Mondal and Mujumdar
2015). There is need to study rainfall variability
at Bner scale both spatially and temporally for
arid and semi-arid urban regions, as many of
India’s 52 cities with more than one million
population (Census of India 2011) are in semiarid and arid region and extreme events are
expected to rise due to climate change (Guhathakurta et al. 2015).
Extreme rainfall events have been studied since
early 20th century in a probabilistic manner
treating rainfall as an independent random variable using extreme value distributions (EVD). The
theory found popularity initially in the Beld of
analysis of rainfall and Cood extremes (Kottegoda
and Rosso 2008). The extreme rainfall event analysis is described by extreme value theorem initially

J. Earth Syst. Sci. (2021)130:16
by Gumbel (1935) and Gnedenko (1943). Over
the years, it extended to assessment of other climate variables, namely, annual maximum temperatures (Waylen et al. 2012), meteorological
extremes (Fawcett and Green 2018), air pollution
episodes, with various pollutants as indicators
(Sharma et al. 1999; Ercelebl and Toros 2009). The
Annual Maxima Series (AMS) model is commonly
used for analysis of hydrological extremes and has
been used for rainfall events of 5–1440 min duration in Trondheim, Norway to develop IDF curves
(Hailegeorgis and Alfredsen 2017).
In modelling extreme rainfall events, the gamma
distribution has been widely used as its shape
reveals the extreme rainfall characteristics (Groisman et al. 1999; Watterson 2005). The gamma
distribution is linked more to the physical processes which cause extreme events through the
moisture equation to explain the rainfall intensities
(Martinez-Villalobos and Neelin 2018). The
gamma distribution two parameters, shape and
scale where the rainfall pattern change has been
explained with constant shape parameter and
varying scale parameter (Wilby and Wigley 2002).
The shape parameter represents the shape of the
gamma distribution itself, and interprets skew to
the right, thick tails and extreme intensity magnitude (Husak et al. 2007), while the scale factor
interprets the changes in extremes. The model
parameters of EVD, gamma and lognormal distributions are determined using maximum likelihood
estimation (MLE) method (Wilks 2002; Kottegoda
and Rosso 2008). The 3-parameter GEV has also
gained prominence (Koutsoyiannis 2004) as the
shape parameter of the GEV inCuences the nature
of extremes as it describes the tail behaviour of
the distribution (Papalexiou et al. 2013; Ragulina
and Reitan 2017).
The objective of this study is to develop a
stochastic rainfall model to evaluate changes in
extremes through characteristic parameters of the
best-Bt EVD based on which the IDF curves may
be updated. While developing the extreme rainfall
model at city scale, the aim is to consider variability across time scales (duration in hours) and
rainfall depths. A location speciBc, robust yet
simple model is needed by practitioners, which
may be applied in similar climatic regions as Delhi.
The remaining paper has the following sections,
site description (2), methodology including
discussion on models of EVD, parameter estimation, model selection techniques (3), results and
discussion (4) and conclusions (5).
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2. Site description
The study is on the extreme rainfall behaviour in
the city of Delhi, where the monsoon rain starts in
late June and lasts till the end of September. Delhi
is located on 28.6°N latitude and 77.2°E longitude,
at an altitude of 216 m above mean sea level. The
satellite towns of Gurgaon, Faridabad, Noida, and
Ghaziabad in the immediate vicinity of the
National Capital Territory (NCT) of Delhi have
similar climate like Delhi (Bgure 1). The population density in this urban region varies from 5000
to 15,000 per km2 (Gupta and Nair 2010), the
Bgure shows the expansion of urban Delhi NCT
and nearby satellite towns of National Capital
Region (NCR) by 2018. Unlike Delhi, the other
smaller cities in the NCR region do not have
enough data resources of short duration hourly
rainfall and the upgradation of storm water drainage system has not kept pace with the rapid
urbanization (loss of green cover) in the region
(Paul and Nagendra 2015). The rainfall extreme
distribution pattern using Delhi’s AMS may be
applicable for the highly urbanized local region, as
the F test conducted on the annual rainfalls of the
neighbouring rainfall stations in the NCR region
show goodness of agreement, except for the
southern-most region of Bhiwadi, which is not
urbanized at present.

The city of Delhi has an average annual rainfall
of 790 mm, with average monsoon rainfall of
650 mm recorded between June and September,
with July and August being the wettest months.
Summer temperatures range from 25° to 45°C and
winter temperatures range from 5 to 22°C, and
Delhi region receives some winter rainfall due to
western disturbances too. Hourly rainfall has been
extracted from the autographic (standard recording rain gauge SRRG) rainfall series collected from
India Meteorological Department (IMD), recorded
at Safdarjung Station (IMD station number 42181
as shown in Bgure 1), representative of the city
region for the period 1969–2014, as hourly record is
available from the year 1969 onwards; hence, the
chosen period of study is 1969–2014. During the
period 1986–1989, Delhi had a daily mean rainfall
of 11.7 mm day1 and one day maximum of
159 mm, the Weibull and gamma distribution has
been used to assess the rainfall pattern during this
period (Stephenson et al. 2002).

3. Methodology
The AMS of historical record is checked for trend
pattern and stationarity before any statistical
analysis is carried out. The non-parametric Mann
Kendal test is conducted to determine the trend in

Figure 1. Changes in urban growth during 2000–2018 in NCT Delhi and nearby satellite towns of Delhi NCR. Inset shows the
location of Delhi within India.
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the different hourly rainfall series under consideration (1, 2, 3, 6, 12, 24 h). The advantage of nonparametric tests is that no assumption about the
statistical distribution is needed (Hailegeorgis and
Alfredsen 2017). The trend pattern and stationarity are assessed for the AMS, to rule out nonstationarity in the extreme hydrologic series.
Once no monotonic trend has been established in
the AMS, the procedure for frequency analysis is
followed to identify and estimate the best-Bt
extreme value model from amongst a few candidate
distributions. The most suitable distribution is
chosen using goodness-of-Bt tests and the parameters of the distributions are estimated using maximum likelihood estimate (MLE). The parameter
characteristics obtained from MLE will be applied
to different duration extreme events and IDF
curves will be updated. The overview of the
proposed framework is presented in Bgure 2.
3.1 Modelling continuous extreme value
distributions (EVD)
The continuous univariate statistical distributions
used for hydrologic extreme event analysis are
Gumbel, GEV, gamma, Pearson type III, log
Pearson type III and lognormal distributions,
which may be 2-parameter or 3-parameter distributions (Kottegoda and Rosso 2008). The 3-

parameter GEV is the most widely used whose
generic cumulative distribution function (cdf) is
given by:
8
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where the three parameters of the GEV are deBned
as l = location parameter, r = scale parameter,
n = shape parameter and x is the independent
rainfall intensity variable. When the shape factor
(n) is zero, the distribution reduces to 2-parameter
distribution Gumbel which is the most common
EV1 distribution.
The probability density function (pdf) equations
of GEV, gamma and lognormal used to estimate
the quantiles are given in Appendix 1.
The hourly rainfall extreme event can be a result
of many complex physical processes which may not
always be explained by the GEV distribution or its
simpler version, the Gumbel. Other parametric
distributions like gamma and lognormal can also
represent heavy tailed distribution and have
been applied to extremes of hydrologic, meteorological and climatic records (Kottegoda and Rosso
2008). Since the extremes are a result of several
meteorological and geographical eAects, their

Figure 2. Proposed framework for the extreme rainfall analysis.
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contribution in generating the extremes may have
a multiplicative or exponential eAect. The parameters of the lognormal explain the multiplicative
eAect more appropriately, while the exponential
eAects are better explained by the gamma distribution parameters than GEV. Records of short
duration rainfalls are limited all over the world,
most hourly records of rainfall extreme events have
observations \100, thus, there are uncertainties
involved in assessing the probability distribution
of this natural phenomena. Attempt is made to
interpret these phenomena with the help of
parameters of various statistical distributions.

3.2 Parameter estimation
The classic parameter estimation methods commonly used are the maximum likelihood estimation (MLE) method, the method of moments
(MOM), the probability weighed moments
method (PWM), also called as the method of Lmoments (Hosking 2018). The MLE method is
the most eDcient method for gamma distribution,
Brst described by Thom (1958); Wilks (2002);
and Aksoy (2000), for Gumbel and GEV distributions (Smith and Naylor 1987). Therefore, it is
chosen for estimating the parameters of all the
three chosen distributions. It is known to provide
good parameter estimates with minimum variance for sample size [ 25 (Nadarajah and Choi
2007; Boudrissa et al. 2017), and MOM is considered a poor estimator of parameters specially
for small values of shape factor in case of gamma
(Wilks 2002; Husak et al. 2007). Performance of
the chosen parameter estimation method is
extremely important as erratic parameter estimates impact the extreme quantiles the most,
and the probabilistic assessment of upper tail is
crucial. In the MLE method, the likelihood
function L(h) where h represents the vector of
unknown parameters ðl; r; nÞ is maximized taking
m partial derivatives of L(h), where m represents
the number of parameters and equating of each of
the m partial derivatives to zero and estimating
the parameter value. The parameters of the
GEV, gamma and lognormal distributions are
estimated using MLE on R software package.
The maximum likelihood function of any pdf is
L(h) given by (Kottegoda and Rosso 2008):
Lðl; r; n; x i ; . . .x n Þ ¼

n
Y
i¼1

f ðhx i jl; r; niÞ:

ð2Þ

3.3 Goodness-of-Bt tests
Two goodness-of-Bt tests have been performed in
this study. The standard statistical non-parametric
goodness-of-Bt tests includes Chi-square (v2), and
Kolmogorov–Smirnov (KS) tests, while, Akaike
Information Criteria (AIC) is an information test.
The goodness-of-Bt tests are used to determine the
variation between the observed samples and theoretical distribution at a speciBed critical value at
the chosen level of significance; however, they may
not clearly reveal any one distribution to be superior in comparison to the other distributions. AIC,
which is an information criterion and introduced in
hydrological studies for the past two decades, may
be used to choose the best-Bt statistical model,
when conventional KS and v2 tests may not reveal
the best-Bt distribution (Laio et al. 2009). Lastly
the index of agreement method is used to determine the agreement between the predicted value
and the observed record. The model uncertainty is
narrowed down by performing these various criteria. With increased software capabilities, it is
possible to carry out the different best-Bt model
selection tests using different robust criteria. A
detailed explanation of AIC and index of agreement method is given in Appendix 2.
3.4 Return period
Once the distribution is chosen, the magnitude of
extreme intensity (return levels) at recurrence
interval needs to be assessed in order to develop the
station IDF. The magnitude (ZT) and return period
(T) of extreme event in the standard generic
function form for 3-parameter and 2-parameter
distributions are listed (Huard et al. 2010) below:
8
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4. Results and discussion
Most of the extreme rainfall events occur in duration of 6 hrs or less as extracted from the station
rainfall data, and short duration (1–3 h) high
intensity rainfalls are the most common
(Bgure 3a). The scatter plot of rainfall depth above
30 mm reveals that majority of the extreme rainfall
of different durations lie within 30–80 mm
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Figure 3. Extreme events in Delhi (rainfall depth taken as[30 mm): (a) duration frequency plot; and (b) scatter plot of rainfall
depth and duration.

Figure 4. Empirical tests for goodness-of-Bt for 2-parameter and 3-parameter distributions along with corresponding threshold
values: (a) d values of KS test and (b) Chi-square values for lognormal, gamma and GEV distributions.

(Bgure 3b), this is expected in the semi-arid region
of Delhi. Hydrological frequency analysis is carried
out to understand and estimate design values of
extreme events for future, so the validity of the
stationarity assumption needs to be ascertained.
Mann–Kendall tests are carried out on the AMS for
different durations to rule out non-stationarity in
the data and it was found that the stationarity
assumption is valid for the extreme events as no
monotonic trend is detected.
4.1 Model selection and parameter estimation
The statistical models used in the study are lognormal, gamma and GEV, and the three distributions are evaluated using various goodness-of-Bt
tests. The comparison among the lognormal,
gamma and GEV are shown with KS (d values) and
v2 values (Bgure 4a and b).

However, the best-Bt cannot be discerned
through these tests as all values are below the
threshold limits as can be seen from the Bgures.
The AIC method is considered robust as it
minimizes the negative log likelihood value and
brings out the distinction between the three chosen
distributions very clearly. The AIC graphs are
plotted for short, medium, and long duration separately. AIC values are minimum for gamma distribution, with AIC values for lognormal is a close
second. The AIC chooses gamma as best-Bt for the
short durations 1, 3 and 24 h (Bgure 5a and b).
AIC values for 3 parameter GEV is higher for these
durations.
The best-Bt model is chosen based on AIC, where
gamma emerges as the most appropriate distribution for 1, 3 and 24 h, while the 3-parameter GEV
is appropriate for 4 and 6 h. The most appropriate
theoretical models of gamma and GEV are then
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Figure 5. AIC values for rainfall events of: (a) short duration; (b) medium duration; and (c) long duration.

Btted on the hourly observed rainfall series (AMS),
using the index of agreement (d) method (Bgure 6).
The d value is high for each hourly series
pointing to appropriateness of choosing the gamma
and GEV to represent the extreme intensity rainfall pattern for various durations. By choosing the
most appropriate model using robust methodology
and comparing with observed AMS, the model
selection uncertainty is reduced. The gamma distribution has the lowest AIC value, amongst the
three statistical distributions as it loses the least
information between the theoretical and observed
distributions (this is as per the AIC, shared in
Appendix 2). So, it is adopted as the best performing statistical model. Probability distribution
of moisture accumulation has been modelled using
gamma distribution (Martinez-Villalobos and
Neelin 2019). Since moisture accumulation in the
atmosphere, inCuences rainfall intensity and
duration (Muller et al. 2009), so any change in the
shape and scale parameters of the gamma distribution used for probability modelling of rainfall
will indicate change in moisture accumulation in
the air. Thus, gamma distribution is best suited
model for developing IDF curves. However, IDF
curves are generated using both the gamma and

GEV distributions, to understand the difference in
IDF curve behaviour between the two models.
The parameters of the gamma and GEV distribution are assessed using MLE as it is statistically
eDcient and provides parameter estimates with
minimum variance (Ayyub and McCuen 2011).
The location parameter is not considered to be a
good measure of variability and in this study, the
short duration storms are studied at local scale;
hence, the shape and scale parameters of the
gamma distribution and shape parameter of the
GEV are analyzed to understand the variability in
extreme events of short durations (Katz et al.
2002).
Two sets of IDF curves are developed using
gamma and GEV parameters and equation (7) is
used for the estimation of extreme intensities for
durations 1–24 h corresponding to recurrence
periods 2–200 yrs (Bgure 7a and b). The IDF
curves for GEV and gamma are similar till return
period of 25 yrs, the return magnitudes of intensity
vs. duration being similar, the gamma distribution
is discussed further.
Table 1 shows the parameter values of gamma
and its comparison with GEV regarding their
shape factor. The shape parameter of gamma
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Figure 6. Observed rainfall record – predicted vs. observed for rainfall events of: (a) short duration, (b) medium duration, and
(c) long duration (index of agreement test results are also shown).

varies distinctly from hour to hour; hence, the
temporal variations at local scale are best described by gamma distribution. However, from the
GEV shape factor (columns 3 and 4 of table 1) no
insightful conclusion can be drawn as the values are
not distinguishable across durations.
The current stormwater drainage designs in the
NCR uses 20 mm/h intensity for short duration as
the standard, which is exceeded as seen from the
IDF curves, thus conclusively providing evidence

on why waterlogging happens so often in the
megacity.
4.2 Development of IDF curves
GEV model based IDF curves predict extreme
intensity values on the higher side than the gamma
distribution at higher recurrence period (25 yrs
and higher) due to the third parameter (shape
factor inclusion in addition to location and scale
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Figure 7. IDF curves for Delhi city region using: (a) GEV and (b) gamma.

Table 1. Parameters of gamma distribution along with comparison of shape parameter with
GEV.
Gamma
Duration
(h)
(1)
1
3
6
24

Scale factor
(b)

Shape factor
(a)

GEV
Shape factor
(n)

Observed mean
hourly intensity
(mm/h)

(2)
3.435
3.126
3.762
0.604

(3)
11.534
6.609
3.252
6.813

(4)
–0.094
0.026
–0.029
0.039

(5)
39.62
20.66
12.23
4.11

factor) in the distribution. The shape factor is a
strong determinant of thick tails and skew of the
prediction model to the right and both gamma and
GEV models explain this behaviour through the
shape factor, as can be seen from the histogram and
gamma and GEV curve Bts (Bgure 8).
In the absence of a clearly superior GEV distribution, the more intuitive and interpretable parameters
of gamma characterize the extreme events of 25 yrs
return period and lower return periods most adequately. The shape and scale factors of the gamma
distribution are used to model continuous univariate
variables, which always have positive values. The
stakeholders like smaller municipalities in the NCR
region need to plan city drainage at local scale (NCR
Planning Board 2016) for which they need reliable
analysis of extreme events. The parameter estimates
of gamma distribution are studied in detail for the
short duration storms (1 and 3 h) as they occur more
frequently in Delhi NCR (Bgure 3). The gamma

distribution plot of 1 and 3 h has been carried out to
bring out the role of scale and shape factors in
explaining the extreme events (Bgure 9).
4.3 Interpretation of the gamma distribution
parameters
The parameters of the distribution incorporate
conBdence intervals through mean squared error
(MSE) values, which provide reliable analysis of
dry and wet regimes in addition to providing an
analysis of the current regime. The upper tail is
thicker for 1 h events, signifying more likelihood of
extreme events at high recurrence intervals. The
1-h distribution has higher mean intensity (black
line, a = 11.534, b = 3.435) than the 3-h distribution (black line, a = 6.609, b = 3.126), so it has
higher shape factor than that of 3 h. Both dry and
wet regimes can be explained through combinations of shape and scale factors in gamma
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Figure 8. Histogram along with gamma and GEV plots for various hours: (a) short duration, (b) medium duration and (c) long
duration.

Figure 9. Gamma distribution shape (a) and scale (b) parameters with conBdence interval (MSE) explained for 1 h and 3 h
rainfall durations.

distribution. In case of 1-h rainfall plot, dry regime
(red dashed line) with lower shape factor
(a = 9.018) will indicate lower mean intensity, but
more likelihood of extreme events through fatter
upper tail; because, lower shape factor combines

with higher scale factor (b = 4.201). Similarly, the
wet regime (blue dashed line) can be explained
with higher shape factor (a = 14.05) and lower
scale factor (b = 2.669). The importance of the dry
regime lies in fact that as the 1 h extreme event
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Figure 10. Gamma distribution shape (a) and scale (b) parameters of extreme rainfall for megacity of Delhi.

becomes large, there are fewer such events which
will occur during the rainy season as rainfall
intensity is related to moisture accumulation in the
atmosphere.
The 3-h storm parameter estimates are also shown
for the dry and wet regimes. This reliable uncertainty
bounds provided in the estimation helps in understanding the prediction uncertainty associated with
localized convective storms. The clear description of
hourly extreme intensities with distribution is not
evident from the shape factor of GEV distribution as
its magnitude is very small (± 0.040) in comparison
to parameters of gamma. Similar to Martinez-Villalobos and Neelin (2019), our study also Bnds that
the shift in the rainfall temporal pattern can be better
explained through gamma distribution. The robust
estimation of parameters is important, as these are
characteristics of the local climatic region. As evident
from Bgure 9, the highest shape factor has been estimated for 1-h rainfall, which is the most frequent
duration in the semi-arid region.
The 1 h and 3 h durations are important in cities
as road drainage network and central business
districts are known to face Coods (waterlogging)
with short duration rainfall events, which leads to
economic losses. The gamma model may be applied
for planning in smaller towns and cities of the
national capital region of Delhi, hence, this
research study focuses on its applicability in detail.
For gamma distribution the shape factor can be
used for the entire local region as has been done for
Israel (Ben-Gai et al. 1998). Interpretation of shape
and scale factors jointly allow rainfall regimes of
any duration to be predicted using gamma distribution and has been attempted for Dhaka,

Bangladesh, where it rains heavily during summer
monsoon (Alam et al. 2018). The entire framework
of parameter estimates for different durations of
rainfall for the megacity is developed which shows
that the 4 h and 6 h rainfalls are the most inconsistent as the scale factor is dominant in these
durations, so extreme magnitudes (with high
recurrence interval) may be expected in the future
for these durations. An understanding of variability in extreme rainfall at a Bner time scale in semiarid regions of North India at city level through the
shape and scale parameters of the model is expected to contribute to understanding extreme rainfall
intensity of short duration rainfall events. The
entire range of shape and scale factors is plotted for
different hourly intensities (Bgure 10).
The rainfall intensity distribution is generally a
function of physical climate conditions and average
duration of rainfall (Martinez-Villalobos and Neelin 2019) is represented through the shape and scale
factor of gamma distribution (Bgure 10). An integrated stochastic approach to understand the
rainfall pattern will contribute in water conservation at local level (including rejuvenation of lost
lakes) for cities in semi-arid regions.
5. Conclusions
Studies carried at regional scale are not enough to
understand the local rainfall patterns, however,
short duration rainfall analysis at local scale are
limited across the globe. Frequency analyses of
extreme rainfall events of 1–48-h durations were
carried out in Delhi. Using GEV and Gamma distribution, IDF curves of 2–200-yr return periods
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have been generated. Since the GEV distribution
did not prove to be distinctly superior to the
gamma distribution based on goodness-of-Bt tests,
the characteristics of short duration rainfall events
(1, 3 h) were studied using the shape and scale
parameters within the gamma distribution.
The information obtained using these factors in
varied durations to describe the extreme rainfall
pattern of Delhi proves a novel concept. It was
found that, if the different duration extreme rainfall intensities are classiBed based on the shape and
scale factors of the gamma distribution, data
understanding on consistent (high shape factor
indicating more frequent events of durations of 1h
and 3 h) and inconsistent (high scale factor indicating less frequent events of durations of 6 h and
12 h) rainfall regimes improves. Hour-long rainfall
events have the highest shape factor, followed by
the 3-h long events. The 4 and 6 h events have the
lowest shape factor but the high scale factor,
implying variation, and unpredictability.
Historically, short duration rainfall pattern in the
semi-arid region have been consistent. Within 1-h
duration rainfall events pattern, the higher shape
factor identiBes storms in a more wet regime (a-14.05)
than the mean (a-11.534), while the lower shape factor
identiBes dry regime (a-9.018). The scale factor variation leads to a thicker right tail, which represents
more extreme events; thus, the dry 1 h regime has more
extreme events than the wet regime. The hydrological
insights provided for the extreme intensity storms of
different durations in terms of variability and unpredictability through the measurable shape and scale
factors can be implemented for geographical regions
with similar climate and rainfall patterns, which face
challenges of sparse short duration records and rely on
modelled rainfall magnitudes.
The present study has not considered the physical
processes of convective precipitation which lead to
short duration extreme rainfall events. These scientiBc attributes may form part of another research
paper that will address the key urbanization features aAecting hydro-meteorological variables.
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Appendix 1
The pdf of GEV, gamma and lognormal distributions are given below.
The probability density function (pdf) of GEV is
given by:
1

f ðx; l; r; nÞ ¼ ð1=rÞ½1 þ nðx  lÞ=rn1
n
o
 exp ½1 þ nðx  lÞ=r1=n ; when n 6¼ 0
ðA1:1Þ
where the three parameters of the GEV are deBned
as l = location parameter, r = scale parameter,
n = shape parameter and x is the independent
rainfall intensity variable. When the shape factor
(n) is zero, the distribution reduces to 2-parameter
distribution Gumbel which is the most common
EV1 distribution.
The gamma probability distribution function
(pdf) is shown in equation (A1.2) as follows (Wilks
2002):
 a1 x
x
eb
b
; x [ 0:
ðA1:2Þ
f ðx; a; bÞ ¼
bCðaÞ
The parameters of the gamma distribution are a:
shape factor, b: scale factor and C(a): the gamma
function.
The pdf of lognormal distribution is shown in
equation (A1.3) as follows (Kottegoda and Rosso
2008):


1
pﬃﬃﬃﬃﬃﬃﬃ
f x; llnðx Þ ; rlnðx Þ ¼
xrlnðx Þ 2P
(
ðA1:3Þ

)
lnðx Þ  llnðx Þ 2
1
 e  =2
rlnðx Þ
where the location factor is lln(x) and scale factor is
rln(x), respectively.
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Appendix 2: Akaike Information Criterion
(AIC)
The Akaike Information Criterion (Cahill 2003) uses
the discrepancy measure between the true model
(which is unknown) and the approximate model, in
terms of the negative log likelihood (nllh) value. It is an
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alternative procedure for statistical tests for Cood
frequency analysis (Laio et al. 2009). The AIC is considered robust as the method measures the amount of
information lost, so the model which loses the least
information has the best model quality. Thus, the
model with least AIC value is chosen as the best model.
AIC(p) is sometimes used instead of AIC, which adds
the sum of number of parameter (as p) to the nllh value
of the distribution, it has been used to choose the bestBt distribution for estimating intensity duration frequency (IDF) of extreme rainfall in India at regional
scale (Mondal and Mujumdar 2015). It is a method of
selecting a model from a set of models by calculating
the Kullback–Leibler distance between the true model
and the observed (Laio et al. 2009) as follows:
AICðpÞ ¼ 2nllhðpÞ þ 2p:

ðA2:1Þ

Index of agreement
The prediction ability of the gamma and GEV
models with the observed AMS may be evaluated
using the index of agreement method-d (Willmott
1982) which is sensitive to extreme values. It has
been used to evaluate model performance in the
Beld of environment, hydrology and agrometeorology (Sharma et al. 1999).
d ¼1

n
X
i¼1

Pn

ðPi  Oi Þ2

i¼1 ðjPi

 Oj þ jOi  OjÞ2

ðA2:2Þ

d varies between 0 and 1, observed value in AMS is
Oi, O is mean of observed values, Pi is the predicted model value. The higher the value of index
d, better is the model performance, with high values of d as the best Bt, indicating better predicted
model Bt to the observed values.
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