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Executive Summary

Cities worldwide are facing the impacts of climate change, and the integrity and management
of water infrastructure is an important aspect to ensure safety and well-being of population. One way
to address these changes is incorporating them into the urban design and planning, particularly in
terms of extreme precipitation events. Intensity-Duration-Frequency (IDF) curves are the most
commonly used tool for this purpose. Among other assumptions, those curves are generated under
stationarity assumption. This assumption does not hold on under climate change which is already
changing rainfall patterns or/and will change them in the future. This report proposes an innovative
methodology which aims to include not stationary (nonstationary) behavior into the development of
future IDFs. Our methodology includes (i) fitting Generalized Extreme Value (GEV) model
parameter combinations with time as covariate, (ii) testing data statistics, (iif) downscaling data in time
and space, and (iii) optimizing IDFs equation parameters. The open access RStudio software was used
to implement the methodology at six gauging stations across Canada. Only, London gauging station
(Ontario, Canada) is used in this report to illustrate the application of the proposed methodology.
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1 Introduction

Changes in climate conditions observed over the last few decades are considered to be the
cause of change in patterns of extreme precipitation events. Observations suggest an increase in global
temperature, which increases the amount of water vapor in the atmosphere and influences hydro-
climatic processes, affecting the magnitude and frequency of extreme precipitation events in most of
Canada (IPCC, 2014). In cities, impacts of climate change increases disaster risk since they are not
prepared for changing conditions. Incorporating expected changes in planning, design, operation and
maintenance of water infrastructure would reduce unseen future uncertainties that may result from
increase in frequency and magnitude of extreme rainfall events.

Traditional methodologies based on local Intensity-Duration-Frequency (IDF) curves are
commonly used for stormwater management and infrastructure design activities. Reliable rainfall
intensity estimates are necessary for hydrologic analyses, planning, management and design of water
infrastructure systems. Information from IDF curves are used to describe the frequency of extreme
rainfall events of various intensities and durations. The rainfall IDF curve is one of the most
commonly used tools in urban drainage engineering, and application of IDF curves for a variety of
water management applications has been increasing (CSA, 2010). IDF curves are typically developed
by fitting a theoretical probability distribution to an annual maximum precipitation (AMP) time series.
IDF curves generation is based on following assumptions: 1) data homogeneity, which ensures data is
provided by the same gauging station and is obtained in the same way; 2) data randomness, which
ensures the nature of data; 3) data independence, which means a particular annual maxima does not
influence the annual maxima in the following year; and 4) data stationarity, which means that the
statistical properties of a process generating a time series do not change over time. AMP data are fitted
using extreme value distributions like Gumbel, Generalized Extreme Value (GEV), Log-Pearson, Log-
Normal, among others. IDF curves provide precipitation accumulation depths for various return
periods (T) and different durations, usually, 5, 10, 15, 30 minutes, 1, 2, 6, 12, 18 and 24 hours.
Durations exceeding 24 hours may also be used, depending on the application of IDF curves.
Hydrologic design of storm sewers, culverts, detention basins and other elements of storm water
management systems is typically performed based on specified design storms derived from IDF curves
(Solaiman and Simonovic, 2010; Peck et al., 2012).

Under a changing climate, approaches to water resources management have improved in order
to quantify climate change impacts and reduce risks. For this, two points need attention. First, the
increase in extremes events is expected and stationarity assumption may not be valid anymore, and
infrastructure systems capacity to deliver a required service may be underestimated. Non-stationary
behavior implies existence of a trend in the probability distribution parameter value(s) associated with
covariate(s) (see Figure 1 for illustration of the difference between stationary and nonstationary IDF
relationship). Therefore, it is necessary to investigate non-stationarity in historic data and find a way
to translate this information into the IDF development. A covariate is a possible predictive or
explanatory variable of the dependent variable and may include time (Sugahara et al., 2009; Cheng et
al., 2014; Cheng and AghaKouchak, 2014) or any variable associated with an independent physical
process, i.e. climate variables (Mondal and Mujumdar, 2015; Agilan and Umamahesh, 2015; 2017,
Ouarda et al., 2018).
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Figure 1. Illustration of stationary and nonstationary IDF relationships. Source (Agilan and Umamahesh,
2017)

In this study, we assess the effect of non-stationarity on: (i) historical IDF curves developed
using observed data; and (if) IDF curves updated for future conditions based on climate change
projections, by considering time as a covariate. The content of this report includes the methodology
for development of non-stationary IDFs, its implementation and an illustrative example. All necessary
information is provided in the report appendixes.



2 Methodology for the Development of Non-stationary IDFs

The methodology adopted for the development of non-stationary IDFs includes: (1) Statistical
analysis for fitting GEV distribution using the Maximum Likelihood method; (ii) Statistical analysis
for identifying non-stationarity; defining the best model; and assessing the statistical significance of
the non-stationary model in comparison to the stationary model; and (iii) IDF updating algorithms to
address the impacts of climate change for gauged locations. The next section presents the algorithm,
and its implementation with the IDF_CC tool for updating IDF curves (Schardong, et al, 2020) is
presented.

GEV probability distribution is adopted to estimate parameters. This distribution has a wide
variety of applications for estimating extreme values of given data sets and is commonly used in
hydrologic applications. It is used to generate the extreme precipitation for various return periods and
different durations. A corrected Akaike Information Criteria (AICc) is adopted to identify the presence
of non-stationarity in parameter(s) distribution, and also define the best GEV model among several
non-stationary GEV models and one stationary GEV model. The significance of the best non-
stationary model against the stationary model is checked by the Likelihood ratio test, through which
the negative log-likelihood of both models is compared to test the null hypothesis of no trend in a
parameter.

2.1 Generalized Extreme Value (GEV) Distribution

The GEV distribution is a family of continuous probability distributions that combines the
three asymptotic extreme value distributions into a single one: Gumbel (EV1), Fréchet (EV2) and
Weibull (EV3). The GEV distribution is flexible for modeling different behavior of extremes with
three distribution parameters: location, scale and shape (Cheng et al., 2014). The location parameter
describes the shift of a distribution in each direction on the horizontal axis. The scale parameter
describes how spread out distribution is, and defines where the bulk of the distribution lies. As the
scale parameter increases, the distribution becomes more spread out. The shape parameter affects the
characteristics of distribution tail. The shape parameter is derived from skewness, as it represents
where most of the data lies, which create the tail(s) of the distribution. The value of shape parameter
& = 0, indicates the light tale EV1 (Gumbel) distribution. Value of § > 0 indicates EV2 (Fréchet), and
§ <0 the EV3 (Weibull). The Fréchet type has a longer (heavy) upper tail than the Gumbel distribution
and the Weibull has a short tail (Overeem et al., 2007; Millington et al., 2011).

A common statistical procedure for estimating distribution parameters is the use of a
maximum likelithood estimator, since this method can be easily extended to the non-stationary case.
Non-stationarity is introduced by expressing one or more of the parameters of the GEV as a function
of time, as p(t), a(t) and §(t), t = 1,2,... (Coles, 2001; Katz, 2013).

The GEV cumulative distribution function F(x) is given by Eq. 1 for & # 0.

_ —-1/§(t)
F(x)=exp{—[1+%] },forE#O 1)

with [ as location parameter, 0 as scale parameter and § as the shape parameter of the distribution.



In this study, besides a stationary GEV model (Table 1 — Type I), we have also considered eight
combinations of GEV parameters (Table 1 — Type 1I to IX), by assuming linear and quadratic trends
to location parameter, linear and exponential trend to scale parameter, and their different
combinations.

Table 1. GEV models adopted

Type Parameters combination
u(t) =pu
I o(t)=o
) = ¢

p(t) = u0 +pul +t

11 o(t)=o

§) = ¢

p() = u0 +pul +t

I | o(t) = 00+0lxt

§) = ¢

pu() = u0 +pul *t

IV | a(t) = exp(c0+ 0l *t)

§) = ¢
ut) = u

\Y o(t)=00+o0lxt
§) = ¢
ut) = u

VI | o(t) = exp(c0+ 01 xt)
§) = ¢

u(t) = p0 + ul xt+ p2 = t2
VII |o(t) = o0

§) = ¢

u(t) = p0 + pl xt+ p2 = t2
VIII | o(t) = 00+ 0l*t

§) = ¢

u(t) = p0 + ul xt+ p2 = t2
IX | a(t) =exp(o0+0lx*t)
§) = ¢

Considering a particular duration of rainfall data, let the values X = xi, xa,..., X» be the n years

of annual maximum series. For the stationary case, the log likelihood derived from Eq. 1 is given as:

For & # 0 and 1+f(%) > 0,
e O
logL(w, 3, £1) = ~nlogo — (14 1) X, log [1 + 6] - 3, [1 + 8¢S



The maximum likelihood estimates (MLEs) are those values of the parameters that maximize
the likelihood function. Instead of maximization, it is more convenient to minimize the negative log
likelihood function (-logl. — Eq. 2). With this formulation, the extension to the non-stationary case, in
which the parameters of the GEV distribution depend on time t (Katz, 2013). To obtain the
parameters of extremal distributions as the GEV by minimizing the negative log likelithood function,
requires iterative numerical procedure.

2.2 Identification of the best GEV model

After non-stationary models’ development, it is important to identify which model better
represents the original data. To select the best model, we use the corrected Akaike Information Criteria
(AICc), which penalizes the minimized negative log likelihood for the number of parameters
estimated, (Katz, 2013). According to Sugahara et al. (2009), AICc is recommended in practical
applications because it outperforms the original AIC and helps to avoid over-fitting the data.

From a collection of nested candidate models, AIC selects the model that minimizes the

quantity:
AIC(k) = 2 *nllh(k) + 2k (3)
where nllh = —logL, is the minimized negative log likelihood function; and £ is the number of

parameters of the specific model.

For a candidate model with k parameters, which has a sample size of 7, then the AICc of the
model is as follows:

2k(k + 1)

AlCc(k) = AIC (k) + )
n—k—-1
The rescaled form of AICc, 4; is used to rank the GEV models as follows:
A;j= AlCc — min(AICc) (5)

where min(AICc) is the smallest AICc among all the models. The model which has A; value zero is the

best model and the models having A;< 2 are considerable reasonable good choices (Burnham and
Anderson, 2004).

2.3 Significance of the best GEV model

The statistical significance of the best non-stationary model against the stationary one can be
provided by the Likelihood Ratio test, by assessing the statistical significance of the trend parameter
in the non-stationary model. The test of the null hypothesis of no trend in a parameter value can be
performed by comparing the minimized negative log likelihood function of two competing models
(one as the stationary and other as the best non-stationary, as explained in section 3.2) (Katz, 2013).
That is, a comparison of:

nlihg x nllh,,



where nllhg is the negative log likelihood of the stationary model, and nllh, is the negative log
likelihood of the best non-stationary model.

Under a null hypothesis of no trend, the likelihood ratio test statistic, based on twice the
difference between nllhg and nllh,g, has an approximate chi squared distribution with degree of
freedom denoted as the difference between a number of parameters (Katz, 2013). The test is based
on:

2[nllhs — nllh,g] ~ x? (6)

The statistical significance of the best non-stationary model, when compared to the stationary
model, can be measured from the p-value of Chi-square distribution (Agilan and Umamanesh, 2017).
Once the p-value < 0.05 (considering 95% confidence level), the best non-stationary model presents
statistical significance in comparison to the stationary model.

2.4 Sub-daily annual maximums for future

The development of IDFs under a changing climate follows the Equidistant Quantile
Matching procedure (Srivastav et al., 2014) implemented by the IDF_CC tool (Schardong et al, 2020).
Future rainfall data is obtained based on GCMs and downscaling techniques to capture (i) the changes
in the GCM daily data between the baseline period and the future period, and (ii) the relationship
between observed sub-daily data and GCM daily data for the baseline period. Presence of non-
stationarity is possible here too. The flow chart of the revised EQM methodology to include non-
stationarity is shown in Figure 2.
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Figure 2. Revised Equidistance Quantile Matching method for generating IDF curves under climate change
considering a non-stationary behavior

The following section presents the revised EQM method for updating the IDF curves
considering a non-stationary behavior. The following notation is used in the descriptions of the
updated EQM steps: x, stands for the annual maximum precipitation, 7 is the subscript for 5min,
10min, 15min, 30min, 1hr, 2hr, 6hr, 12hr, 24hr sub-daily durations, o the observed historical series, /
historical simulation period (base-line for model data), » model (downscaled GCMs), f the
sub/superscript for the future projected seties, I the CDF of the fitted probability GEV distribution,

and F~1 the inverse CDF. The steps involved in the revised algorithm are as follows:



@) Extract sub-daily maximums X;j,, from the observed data at a given location (i.e.,
maximums of 5min, 10min, 15min, 30min, 1hr, 2hr, 6hr, 12hr, 24hr precipitation data).

(i1) Extract daily maximums for the historical baseline period from the selected GCMs, X, p.

(iti) Fit the GEV probability distribution to time series extracted in (i) for each sub-daily
duration, F; , p, for the nine parameters combinations as presented in Table 1.

(iv) Identify the best GEV model among the nine GEV models fitted in (iii) by applying the
corrected Akaike Information Criteria (AICc).

v) If a non-stationary model is identified as better than the stationary, assess its significance
using the Likelihood Ratio test.

(vi) Fit the GEV probability distribution to time series extracted in step (ii), Fy, p.

(viii  When a non-stationary GEV model is detected, the parameter(s) of the sub-daily series
is(are) calculated based on the 95 percentiles of the trending parameter value. The
cumulative probability distribution of the GCM (Fy,, ) and the fit parameters of the sub-
daily series (6}, ) are equated to establish a statistical relationship in the following form:

ai + Xmn d;
j T Tmh T

)

Xioh =
j,0,h

b] + ijm,h xm,h

where R; , p, corresponds to the AMP quantiles at the station scale and a;, bj, ¢; and d}, are the adjusted

coefficients of the equation for each sub-daily duration ;. A Differential Evolution (DE) optimization

algorithm is used to fit the coefficientsa;, bj, ¢j and d;.

(viii)  Extract daily maximums from the RCP scenarios (i.e., RCP 2.6, RCP 4.5, RCP 8.5) for the
selected GCM model, Xy, .

(ix) For each future precipitation setiesXy, r, calculate the nonexceedance probability T, ¢
from the fitted GEV, Fy, . Find the corresponding quantile (&, ) at the GCM historical
baseline by entering the value of T, ¢ in the inverse CDF F 1 7 This is a scaling step
introduced to incorporate the future projections in the updated IDF and uses the concepts
of quantile delta mapping (Olsson et al., 2009; and Cannon et al.,, 2015). The relative
change A, is calculated using Eq. 10:

Timf = Fm,p(Xm,f) ©)
ﬁm,h = F_lm,h(Tm,f) ©)
X
A= 2L (10)
Xm,h
To generate the projected future maximum sub-daily series at the station scale (xj]'c o,n)> use Eq.
7 by replacing Xy, p to X p and multiplying by the relative change A, from Eq. 10.
X =A% (11)
j,0,h m-4j,0,h
x) Consider the effects of non-stationarity in the projected future maximum sub-daily data

by applying steps (iv) and (v) when this behavior is confirmed.



2.5 IDF Curves

IDF curves are adjusted equations based on the estimated values T-year return levels. The

inverse distribution function or quantile function is given by Eq. 12 for § # 0.

0(x) = pu(t) — %) [1 - (—In(1 — 1/T)]¥®}, for£#0 (12)

where: T'— return period (years).

The return levels are then translated in intensities, for each duration and return period. A curve
can be adjusted using precipitation intensity results and by Differential Evolutionary optimization.
The IDF relationship is obtained as follows:

i(T) = A(t + to)® (13)

where: A, B, and to are adjusted coefficients; and 7is duration (h).



3 Implementation of the Methodology

This section describes the methodology implementation process used to update IDF curves
under non-stationary behaviour at six different locations across Canada.

3.1 Data
For the purpose of this study, the sub-daily rainfall data at six gauging stations are utilized.

Table 2 presents relevant information about selected stations.

Table 2: Stations analyzed in this study

Station (code) Location Latitude | Longitude Period
CALGARY INT'L CS (3031094) Calgary, AB 114 0' W 517"N 1947-2015
HAMILTON RBG CS 6153301 Hamilton, ON 4317'N 79 55'W | 1962-2016
LONDON CS 6144478 London, ON 43 2' N 819'W | 1943-2016
MONCTON INTL A 8103201 Moncton, NB 46 7' N 04 41'W | 1946-2016
VANCOUVER INTL A 1108395 Vancouver, BC 4911'N | 123 11'W | 1953-2017
WINNIPEG A CS 5025001 Winnipeg, MB 49 55' N 97 15'W | 1944-2016

GCMs model data were obtained for 24 climate models available from the IDF_CC tool (list
of the models used is in Appendix A) for three RCP scenarios (i.e., RCP 2.6, RCP 4.5, and RCP 8.5).

However, in this report only calculation for the City of London gauging station is used as an illustrative example
(presented in Section 4 of this report).

3.2 RStudio Software

Estimation of the GEV model parameters requires iterative numerical procedure. For this
study the RStudio programming is used, since it provides packages and functions necessary for
estimation of GEV model parameters and identification of trends in them.

RStudio (R Development Core Team, 2011) is a public domain software available under the
GNU General Public License, with an integrated development environment for R, a programming
language for graphics and statistical analysis. R and its libraries oriented toward data manipulation,
statistical analyses and the production of high-quality graphics, can be linked to other software through
functions and extension. For this study, some specific functions were used which includes:

e Statistical: RStudio includes packages and coding tools to fit parameter to several
distributions, even for nonstationary purposes, and performs statistical tests;

e Optimization: RStudio performs evolutionary global optimization via the Differential
Evolution algorithm, used here for downscaling procedures and to fit coefficients.

e Graphics: RStudio supports functions that provide interactive graphics based on
different functions.
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3.3 GEV model parameters

For the assessment of non-stationary behavior, we used RStudio software, and R packages
“extRemes” version 2.0-10 and “ismev” version 1.42, by using fevd (Figure 3) or gev.fit (Figure 4)
functions, respectively (R Development Core Team, 2011; Grilleland, 2018; 2019). Both functions use
the form of GEV model described in Coles (2001). The output obtained includes: (i) the fitted GEV
parameters for each combination from Table 1; (ii) the value of AIC, which is used to identify the best
GEV model; and (i) the value of the negative log-likelihood, which is used to estimate the significance

of the best GEV model.

fevd {extRemes} R Documentation

Fit An Extreme Value Distribution (EVD) to Data

Description

Fit a univariate extreme value distribution functions (e.g., GEV, GP, PP, Gumbel, or Exponential) to data; possibly with
covariates in the parameters

Usage

fevd(x,

1, blocks
rfevd’
"probprob”
g,

nggn, mamze,

## 53 method for class
plot(x, type

*fevd.bayesian'

## 53 methed for
plot(x,

nggn, mamze,

e

"gaz",

Arguments

threshold.fun

method

Zevd: x can be a numeric vector, the name of a column of data or a formula giving the data to
which the EVD is to be fit. In the case of the latter two, the argument must be specified, and
must have appropriately named columns.

plet and princ method functions: any list object retumed by ==vs
Alist object of class “fevd" as returned by =vs

A data frame object with named columns giving the data to be fit, as well as any data necessary
for modeling non-stationarity through the threshald and/or any of the paramsters

numeric (singls or vector). If fitting a peak over threshold (POT) model (i e, type = "PP" “GF",
*Exponential’) this is the threshold aver which (non-inclusive) data (or excesses) are used to
estimate the parameters of the distribution function. If the length is greater than 1, then the length
must be equal to either the length of % (or number of rows of @az2) or to the number of unique
arguments in thresh

formula describing a madel for the thresholds using columns from sata. Any valid formula will
work_ == must be supplied if this argument s anything other than ~ 1. Not for use with meched
“Lmoments”

data must be

formula describing a madel for each parameter using columns from
supplied if any of these arguments are anything other than ~ 1

logical: should the log of the scale paramater be used in the numerical optimization (for mechod
“MLE", “GMLE® and “Bayesian® only)? For the ML and GML estimation, this may make things
more stable for some data

zeva: character stating which EVD to fit. Default is to fit the generalized extreme value (GEV)
distribution function (df)

plot method function: character describing which plot(s) is (are) desired. Default is “primary”,
which makes a 2 by 2 panel of plots including the QQ plot of the data quantiles against the fitted
model quantiles (zyo= “qq’), a QQ plot (“gq2") of quantiles from model-simulated data against
the data, a density plot of the data along with the mode! fiited density (zyp= “density”) and a
retumn level plot (zyoe ‘). In the case of a stationary (fixed) model, the return level plot will show
return levels calculated for return periads given by rezurn.perasa, along with associated Cls
(calculated using default metnod iing on the estimation method used in the fit
For non-stationary models, the data are plotted as a line along with associated effective return
levels for return periods of 2, 20 and 100 years (unless is specified by the user
to other values. Qther possible values for type include “hist”, which is lar to “density”, but
shows the histogram for the data and “trace”, which is not used for L-moment fits_ In the case of
MLE/GMLE, the trace yields a panel of plots that show the negative log-likelihood and gradient
negative log-likelinaod (note that the MLE gradient is currently used even for GMLE) for each of
the estimated parameter(s), allowing one parameter to vary according to prange, while the
others remain fixed at their estimated values. In the case of Bayesian estimation, the “trace”
option creates a panel of plots showing the posterior df and MCMC trace for each parameter.

£f=vd: character naming which type of estimation method to use. Default is to use maximum
likelihood estimation (MLE)

Figure 3. fevd documentation for RStudio
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gev fit fismev} R Documentation

Maximume-likelihood Fitting of the GEV Distribution

Description
Maximum-likelihood fitting for the generalized extreme value distribution, including generalized linear modelling of each
parameter.
Usage
HUL:, zigl = NULL, =hl = NULL,

gev.fit|

xdat, ydat = NULL, m
nk = identity, =

k = identity,

show = ) )
Arguments
xdat A numeric vector of data to be fitted.
ydat A matrix of covariates for generalized linear modelling of the parameters (or nULL (the default) for
stationary fitting). The number of rows should be the same as the length of xdac.
mul, Mumeric vectors of integers, giving the columns of ydat that contain covariates for generalized linear
sigl, shl modelling of the location, scale and shape parameters repectively (or HULL (the default) if the

corresponding parameter is stationary).
Inverse link functions for generalized linear modelling of the location, scale and shape parameters
repectively.

numeric of length equal to total number of parameters used to model the location, scale or shape
parameter(s), resp. See Details section for default (NULL) initial values.

Logical: if TRUE (the default), print details of the fit.

The optimization method (see cptim for details).

The maximum number of iterations.

Other control parameters for the optimization. These are passed to components of the control
argument of cptim

Figure 4. gev.fit documentation for RStudio

3.4 Identification of the best GEV model

Using AIC results, £ as the number of model parameters, and # as the data length, the best
GEV model is identified by using Equations 4 and 5. The procedure can be implemented using
RStudio by programming the appropriate equation or simply using Excel environment.

3.5 Significance of the best GEV model

Once the best non-stationary GEV model is identified, it is necessary to test its significance.
Using #l/lh results and the Chi-Square distribution table, the Equation 6 is applied to calculate test
statistics. Otherwise, the function /r.zest (Figure 5) in RStudio can calculate p-value. In presented work
o = 0.05 (significance value) is used. If p-value is lower than 0.05, the null hypothesis that there is no
trend in GEV parameters model type is rejected.

12



Ir test {extRemes} R Documentation

Likelihood-Ratio Test

Description

Conduct the likelihood-ratio test for two nested extreme value distribution models.

Usage

lr.te=st (%, ¥, alpha = 0.05, df = 1, ...}

Arguments

2,V Each can be either an object of class “fevd” (provided the fit method is MLE or GMLE]) or a single numeric

giving the negative log-likelihod value for each model. x should be the model with fewer parameters, but if
both = and v are “fevd” objects, then the order does not matter (it will be determined from which model has
mare parameters).

alpha single numeric between 0 and 1 giving the significance level for the test.

df single numeric giving the degrees of freedom. If both = and v are “fevd” objects, then the degrees of freedom
will be calculated, and this argument ignored. Otherwise, if either or both of x and v are single numerics, then
it must be provided or the test may be invalid.

Not used.

Details

When it is desired to incorporate covariates into an extreme value analysis, one method is to incorporate them into the
parameters of the extreme value distributions themselves in a regression-like manner (cf. Coles, 2001 ch §; Reiss and
Thomas, 2007 ch 15). In order to justify whether or not inclusion of the covariates into the model is significant or not is to
apply the likelihood-ratio test (of course, the test is more general than that, cf. Coles (2001) p 35).

The test is only valid for comparing nested models. That is, the parameters of one model must be a subset of the
parameters of the second model.

Suppose the base model, m0, is nested within the model m1. Let = be the negative log-likelihood for m0 and v for m1.
Then the likelihood-ratio statistic (or deviance statistic) is given by (Coles, 2001, p 35; Reiss and Themas, 2007, p 118):

D= -2y - x).

Letting c.alpha be the (1 - alpha) quantile of the chi-square distribution with degrees of freedom equal to the difference
in the number of model parameters, the null hypothesis that D = 0 is rejected if D > c.alpha (i.e., in favor of model m1).

Figure 5. /r.test documentation for RStudio

3.6 Return level estimation

Return level is also estimated using RStudio programming. er/evd function (Figure 6) is capable
to calculate return level for a given return period. In the case of a non-stationary model with time as
covariate, erlevd can calculate a return level for each value of the covariate(s) used to fit the model to
data. However, for development of IDF curves, we used the 95" percentile of return level value, which
is equal to calculate 95" percentiles of parameters and applied to return level equation.

13



erlevd {extRemes] R Documentation

Effective Return Levels

Description

Find the so-called effective return levels for non-stationary extreme value distributions (EVDs).
Usage

erlevd(x, period = 100)

Arguments

b A list object of class “fevd”.

period number stating for what return period the effective return levels should be calculated.

Details

Return levels are the same as the quantiles for the GEV df For the GP df, they are very similar to the quantiles, but with
the event frequency taken into consideration. Effective return levels are the return levels obtained for given
parameter/threshold values of a non-stationary moedel. For example, suppose the df for data are modeled as a
GEV(location(t) = mul + mu1 " t, scale, shape), where 't" is time. Then for any specific given time, t’, return levels can
be found. This is done for each value of the covariate(s) used to fit the model to the data. See, for example, Gilleland
and Katz {2011) for more details.

This function is called by the plot method function for "fevd” objects when the models are non-stationary.

Value

A vector of length equal to the length of the data used to obtain the fit. When x is from a PP fit with blecks, a vector of
length equal to the number of blocks.

Figure 6. erlevd documentation for RStudio

3.7 Sub-daily future data

Sub-daily future analysis is performed following algorithm steps presented in Section 2.4. The
implementation is made in RStudio environment, by using presented functions, in order to estimate
and test GEV parameters for different time-covariant combinations.

A relationship between GCM model daily data and sub-daily observed data, and adjustments
of coefficients according to Equation 7, are developed using the package “DEoptim” version 2.2-4
(Ardia et al., 2016), through DEop#im function (Figure 7). This function performs optimization via the
Differential Evolution algorithm. We used the Ordinary Least Squares (OLS) method as the objective
function to be optimized (minimized) in order to obtain the optimal set of coefficients.

3.8 IDF curves

IDF curves are obtained by adjusting precipitation intensities estimated by er/evd function. The
curve coefficients are obtained using Equation 13, for each return period. DEgptin and OLS function
are used to adjust those coefficients.

14



DEoptim {DEoptim} R Documentation

Differential Evolution Optimization

Description

Performs evolutionary global optimization via the Differential Evolution algorithm.

Usage

DEoptim(fn, lower, upper, control = DEpoptim.control(), ..., InMap=NULL)

Arguments

£n the function to be optimized (minimized). The function should have as its first argument the vector of real-

valued parameters to optimize, and return a scalar real result. N2 and a1 values are not allowed.

lower,  two vectors specifying scalar real lower and upper bounds on each parameter to be optimized, so that the
upper i-th element of Lower and upper applies to the i-th parameter. The implementation searches between
lowexr and upper for the global optimum (minimum) of £n.

control a list of control parameters; see DEoptim.control.

fnMap an optional function that will be run after each population is created, but before the population is passed to
the objective function. This allows the user to impose integer/cardinality constriants.

further arguments to be passed to In.

Details
DEZoptim performs optimization (minimization) of £n.

The control argument is a list, see the help file for DEcptim. control for details.

The R implementation of Differential Evolution (DE), DEoptim, was first published on the Comprehensive R Archive
Metwork (CRAN) in 2005 by David Ardia. Early versions were written in pure R. Since version 2.0-0 (published to CRAN
in 2009) the package has relied on an interface to a C implementation of DE, which is significantly faster on most
problems as compared to the implementation in pure R. The C interface is in many respects similar to the MS Visual
C++ v5.0 implementation of the Differential Evolution algorithm distributed with the book Differential Evolution — A
Fractical Approach fo Global Optimization by Price, K.V, Storn, R.M., Lampinen J.A, Springer-Verlag, 2006, and found
on-line at hitp:/iwww1.icsi.berkeley edu/~storn/code html. Since version 2.0-3 the C implementation dynamically
allccates the memory required to store the population, removing limitations on the number of members in the population
and length of the parameter vectors that may be optimized. Since version 2.2-0, the package allows for parallzl
operation, so that the evaluations of the objective function may be performed using all available cores. This is
accomplished using either the built-in parallel package or the foreach package. If parallel operation is desired, the user
should set para11=21Type and make sure that the arguments and packages neaded by the objective function are
available; see DEcptim.control, the example below and examples in the sandbox directory for details.

Figure 7. DEoptinz documentation for RStudio
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4 An Illustrative Example — City of London Gauging Station

The step-by-step procedure followed by the IDF_CC tool for updating IDF curves under

nonstationary conditions is presented here.

)

2)

3)

To update the IDF curves use three datasets: (i) the sub-daily maximums from the observed data
at a given location (i.e., maximums of 5min, 10min, 15min, 30min, lhr, 2hr, 6hr, 12hr, 24hr
precipitation data); (ii) daily maximums for the base period from the selected GCM model(s); and
(iti) daily maximums from the RCP Scenarios (i.e., RCP 2.6, RCP 4.5, RCP 8.5) for the selected
GCM model(s). All three datasets must be in chronological order. For this example, the series
used are: 5-minute duration, GCM baseline (ensemble) and GCM (ensemble) future (RCP8.5)
daily maximums. All three data sets are in Appendix B.

Fit the GEV probability distribution for each parameter combination from Table 1 to the 5-minute
observed data series (1943-2016) using the Maximum Likelihood method. The obtained
simulation results are as shown in Figure 8 and Table 3

Select the best model by using the corrected Akaike Information Criteria and then rank all the models. The
GEV model with A; equal to zero is classified as the best GEV model for the observed data by using the
Equations 5 and 6. Table 4 presents the obtained results. Obtained results indicate the best GEV model
is the stationary.

RStudio - a X
Fle Edit Code View Plots Session Build Debug Profle Tools Help
o - Oy > file/f * Addins = Kl project: (None) ~

= Environment  History ~ Connections =
R .

= # Import Dataset ~ | List =
Console  Terminal Jobs =7 Global Environment ~
Data
Tibrary(pracma) cov num [1:65, 1:2] 12 3 4 5 10 11 12 13 1.
library(stats) GEV_H_I_5 List of 19
Iibrary(ismev) GEV_H_II_S List of 19
T1ibrary(DEoptim) . £
1ibrary(extRemes) GEV_H_III_S List of 19
GEV_H_IV_S List of 19
#1, READ HISTORIC DATA GEV_H_IX_S List of 19
setwd("C: /WESTERN/LONDON2 /HISTORIC") GEV_H_V_5 List of 19
H <- data.frame(read.csv("Observed.csv")) GEV_H_VI_S List of 19
GEV_H_VII_S List of 19
#2. FIT PARAMETERS - TYPE I-IX GEV_H_VIII_S List of 19
setwd("C: /WESTERN/LONDON2 /NAOESTACIONARIO/HISTORIC™) H 65 obs. of 10 variables

VY VYV VY VY VYVYVYVYVVYVYVYYVYVYVYVYYVYYVY

cov <- matrix(ncol=2,nrow=nrow(H))

cov [,1] <- HSYear

cov [,2] <- cov[,1]A2

#MODEL I

GEV_H_I_5 <- fevd(H[[2]],H)

GEV_H_II_S <- fevd(H[[2]],H,Tocation.fun = ~cov[,1])

GEV_H_III_S5 <- fevd(H[[2]],H,location.fun = ~cov[,1],scale.fun = ~cov[,1])
GEV_H_IV_5 <- fevd(H[[2]],H,location.fun = ~cov[,1],scale.fun = ~cov[,1],use.phi = TRUE)
GEV_H_V_5 <- fevd(H[[2]],H,scale.fun = ~cov[,1])

GEV_H_VI_S <- fevd(H[[2]],H,scale.fun = ~cov[,1],use.phi = TRUE)

GEV_H_VII_5 <- fevd(H[[2]],H,Tlocation.fun = ~cov)

GEV_H_VIII_5 <- fevd(H[[2]],H,location.fun = ~cov,scale.fun = ~cov[,1])

GEV_H_IX_5 <- fevd(H[[2]],H,location.fun = ~cov,scale.fun = ~cov[,1],use.phi = TRUE)

Files Plots Packages Help Viewer a0

Figure 8. Simulation results obtained using RStudio (fitting observed data with 09 GEV model combinations)
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Table 3. Fit parameters to 5-min precipitation data

Type of
GEV Location Shape Scale nllh
model
I u = 8.00 o=223 i 0.063 | 13704
IT u(t) =8.17 — 0.00455¢ o =222 i 0.071 156.979
ITI u(t) =8.27—-0.00674t | o(t) = 2.39—0.00389¢ i 0.052 156.916
_ _ o(t) $
v u(t) =8.28 — 0.00684t — exp(0.88 — 0.00185¢) ~ 0.051 156.913
v u=38.01 o(t) =2.30—-0.00169t i 0.056 157.028
a(t) $
VI = 157.027
n=2801 = exp(0.84 — 0.000803t) | = 0.055
u(t) = 8.06 + ¢
VII 0.00279t — =222 0067 156.970
0.0000917t2 o
u(t) = 8.09 + ¢
VIII 0.005834t — o(t) = 2.41—0.004433t | > 0.053 156.892
0.000159t2 o
u(t) = 8.09 +
a(t) $
IX 0.005907t — 156.888
0.000161¢2 = exp(0.88 — 0.0021t) | = 0.052
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4)

5)

0)

Table 4. Results obtained of AICc

Type of GEV model k AICc A;

I 3 320.478 0.00

II 4 322.642 2.16

III 5 324.850 4.37

Iv 5 324.842 4.36

v 4 322.723 2.24

VI 4 322.722 2.24

VII 5 324.957 4.48

VIII 6 327.233 6.76

IX 6 327.225 6.75

In case of nonstationary GEV model being identified by AICc, test its significance using the
Likelihood Test (Equation 7) by comparing it to the stationary model at x?(0.05) level of
significance.

In case of significant nonstationary GEV model, extract the fit parameters by assuming the 95"
petcentiles for location and/or scale parameters, pending on the type of GEV model and its
parameter equation.

Fit the GEV probability distribution to: (i) daily maximums from the GCM model (1950-2010),
and (ii) daily maximums from the RCP Scenario 8.5 (2020-2100) (Table 5). Figure 9 presents how
data can be modelled using ge.fi function.

Rstudio - a X
File Edit Code View Plots Session Bulld Debug Profle Tools  Help
© - Oy gz Go to file/functio - Addins - B Project: (None) -
Source S Envionment  History  Connections -
= > 2 Import Dataset » | & List
Console  Terminal - Jobs o
T Global Environment +
> setwd("C: /WESTERN/LONDON2 /MODEL") F_ENSEMELE_RCP.. 51 cbs. of 2 variables -
> B_ENSEMBLE_RCP8.5 <- data.frame(read.csv("ENSEMBLE_B8.5.csv",sep = ",")) GEV_B_ENSEMBLE.. List of 10
> F_ENSEMBLE_RCP8.5 <- data.frame(read.csv("ENSEMBLE_F8.5.csv",sep = *,")) GEV_F_ENSEMBLE.. List of 10
> GEV_B_ENSEMBLE_RCPS.5 <- gev.fit(B_ENSEMBLE_RCPS,5SGCMES.S) GEV_H_I_10 List of 20
?i;’”; GEV_H_I_120 List of 20
GEV_H_TI_1440 List of 20
sn1lh GEV_H_I_15 List of 20
[1] 162.5602 GEV_H_I_30 List of 20
smle GEV_H_I_360 List of 20
[1] 39.7113557 2.5207256 -0.1080385 GEV_H_I_S List of 20
GEV_H_I_60 List of 20
GEV_H_I_720 List of 20
[1] 0.33408397 0.22524521 0.05740679 GEV_H_1T.10 L4st of 20
> GEV_F_ENSEMBLE_RCPS.5 <- gev.fit(F_ENSEMBLE_RCPS.53GCMFS.5) GEV_H_II_120 List of 20
sconv GEV_H_II_1440 List of 20
[110 GEV_H_II_15 List of 20
$nllh GEV_H_II_30 List of 20
[1] 227.841 GEV_H_II_360  List of 20
List of 20
Smle List of 20
[1] 44.6909203 4.0231729 -0.2653789 List of 20
List of 20
[1] 0.48598084 0.33546846 0.05830428 GEV_H_III_120 List of 20 4
> CDF_B_ENSEMBLE_RCP§.5 <- exp(-(1+GEV_B_ENSEMBLE_RCPS.5$mle[3]*(B_ENSEMBLE_RCPS.5SGCMBS. —— ‘ L ‘, o »
5-GEV_B_ENSEMBLE_RCPS. 5Smle[1])/GEV_B_ENSEMBLE_RCP8.5Smle[2])A(-1/GEV_B_ENSEMBLE_RCPS. 5$m
Te[31)) w  Files Plots Packages Help Viewer =0

Visso de Tarefas |

Figure 9. Fitting GEV distribution to GCM data

18



Table 5. GEV parameters for GCM data

Location Shape Scale
GCM model baseline 39.711 2.52 -0.108
RCP 8.5 44.69 4.02 -0.266

7) Develop the relationship between the sub-daily observed maximums (X; 5 ) and daily maximums
obtained by GCM simulations for the baseline period (1950-2016) by finding the appropriatea;,
b;, ¢j and d; coefficients of the Equation 7 (implementing the quantile matching to the inverse
GEV distribution fitted to each series). The Figure 10 shows the example of Equation 7
development for sub-daily 5 minutes duration maximums and GCM baseline daily maximums.
For this example, the coefficients of the fitted equation are: a; = -18.797, b; = 5.253, ¢; = -
0.0788 and d; =-73.28 (Figure 11). Results indicate that OLS was well minimized, near zero value,
as shown in Figure 11.

RStudio
File  Edit Code View Plots Session Build Debug Profile Tools Help

Q- -1 Hd B Go to file/function - Addins ~
Source a0
Console  Terminal Jobs !

> ###SPATIAL DOWNSCALING

> SD_ENSEMBLE_RCP8.5_5min <- gevd(CDF_B_ENSEMBLE_RCP8.5,GEV_H_I_5$%results$par[[1]],GEV_H_I_5
SresultsSpar[[2]],GEV_H_I_5Sresults$par[[3]]1)

>

> fr_ENSEMBLE_RCP8.5_5Smin <- function(x){

+ XL1<-x[1];x2<-x[2];x3<-x[3];x4<-x[4]

+ sum((SD_ENSEMBLE_RCP8.5_5min-(((x1+B_ENSEMBLE_RCP8.53GCMB8.5) /(x2+x3*B_ENSEMBLE_RCP8.53GCM
B8.5))+(x4/B_ENSEMBLE_RCP8.53GCMB8.5)))A2)}

>

> ReT1_ENSEMBLE_RCP8.5_5min <- DEoptim(fr_ENSEMBLE_RCP&.5_5min,lower = ¢(-100,-100,-1,-100),
upper = ¢(1000,1000,1,1000),DEoptim.controT(NP=100,itermax = 1000, trace=FALSE))

>

> C(Re11_ENSEMBLE_RCP8.5_5minSoptimSbestmem[[1]],Re1l_ENSEMBLE_RCP8.5_5Smin$optim$bestmem
[[2]],ReT1_ENSEMBLE_RCP8.5_5min$optim$bestmem[[3]],Re1l_ENSEMBLE_RCP8.5_5Smin$optimSbestmem

[041D
[1] -18.79665167 5.25345097 -0.07881005 -73.27978364
>

> ReT1_ENSEMBLE_RCP8.5_sminSoptimShestval
[1] 0.0004377001
> |

Figure 10. Simulated results for adjustment of coefficients of Equation 7
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8)

9)

28

23

18

13

Sub-daily maximums (5 min duration) quantiles

8
3
30 35 40 45 50 55
GCM base line daily maximums (mm/day) quantiles
¢ GCM ——Fitted Equation 7

Figure 11. Quantile matching

Find the appropriate relative change A, to relate Xp,  and Xy, , using Equations 8, 9 and 10.
For the London station example, the future projected maximum for RCP 8.5, year 2020, with
value of 44.38 mm/day is used (Appendix B), to calculate the corresponding 5-minute duration
value at the station scale:

Tf = Fpp(Xmy) = Fpp p(44.380) = 0.33977

R = F Ln(tmy) = F14(0.3397) = 39.5177
44.38

Ap= ———— = 1.123
39.5177

From Equation 9 use X,  and fitted equation in Step 7 and multiply by the relative change A,
from Step 8 to obtain future projection data at London station.

a; + Koy N d; ~18797+395177  —7328
,0,h = ~ A =
b+ Ry Ry 5253 +(=0.0788x39.5177) © 395177

X; = 7.833

X on = B K)o = 7.833x1.123 = 8.80

10) Repeat steps 2, 3, 4 and 5 to obtain the best GEV model and the fitted parameters for new future

sub-daily data (95" percentiles if the best GEV model is non-stationary).

11) Obtain the return level estimation by applying the Equation 12 (Table 6).
12) The steps are repeated to all sub-daily durations and future RCPs to generate IDF curves for the

future sub-daily data.
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Table 6. Precipitation intensity results obtained for the London gauging station for 100year-return period

LONDON

Scenario Change in % from historical

RCP- RCP- RCP- RCP- RCP- RCP-
Minutes Historical

2.6 4.5 8.5 2.6 4.5 8.5
5 238.72 244.54 262.60 283.74 2.4% 10.0% 18.9%
10 221.01 219.75 273.15 287.92 -0.6% 23.6% 30.3%
15 170.84 171.07 204.31 221.75 0.1% 19.6% 29.8%
30 105.63 107.91 119.70 125.05 2.2% 13.3% 18.4%
60 70.43 71.16 83.47 92.28 1.0% 18.5% 31.0%
120 37.16 38.20 41.09 44.50 2.8% 10.6% 19.7%
360 13.82 14.06 15.51 16.24 1.8% 12.2% 17.5%
720 7.14 7.39 7.20 8.67 3.5% 0.9% 21.4%
1440 4.48 4.65 4.53 5.46 3.7% 1.0% 21.9%
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5 Conclusions

In this report, we presented the methodology and its implementation for integrating the non-
stationarity concept and climate change projections to estimate IDF curves for the future. First, the
existence of trends in nine combinations of GEV parameters with time as covariate was investigated
based on GEV distribution using method of maximum likelihood and tests to assess the statistical
significance of the trend. The detection of trend(s) in GEV parameter(s) is used in IDFs generation,
and a corresponding review of EQM method is proposed. The methodology is easy to implement and
apply, being computationally efficient.

Unlike other methodologies to generate IDF curves under climate change, the methodology
presented in this report is able to consider the non-stationary behavior of GEV distribution from the
present to future time period. The EQM downscaling is revised and currently capable of considering
both, the non-stationary and stationary GEV distributions.

We present an illustrative example using the London City gauging station. The main objective
of the London City example is to present a detailed process of methodology implementation. In
addition, the obtained results show that (a) different intensity precipitation increase for different
durations; and (b) there is an increase in intensities in the future, except for 10 min duration for various
RCP scenarios under non-stationary conditions and the time as covariate.
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Appendix A: GCMs used

The selected biased corrected downscaled CMIP5 climate models and their attributes which has all three emissions scenarios (RCP2.6, RCP4.5 and
RCP8.5) used in the presented study.

Blas, Model Country Centre Name
Correction
BCCAQv2 bee-csm1-1 China Beijing Climate Center, China Meteorological Administration
BCCAQv2 bee-csml-1-m China Beijing Climate Center, China Meteorological Administration
BCCAQv2 BNU-ESM China College of Global Change and Earth System Science
BCCAQv2 CanESM2 Canada Canadian Centre for Climate Modeling and Analysis
BCCAQv2 CCSM4 USA National Center of Atmospheric Research
BCCAQv2 CESM1-CAM5 USA National Center of Atmospheric Research
Centre National de Recherches Meteorologiques and Centre Europeen
BCCAQy2 CNRM-CM> France de Recherches et de Formation Avancee en Calcul Scientifique
Australian Commonwealth Scientific and Industrial Research
BCCAQv2 CSIRO-Mk3-6-0 Australia Organization in collaboration with the Queensland Climate Change
Centre of Excellence
. IAP (Institute of Atmospheric Physics, Chinese Academy of Sciences,
BCCAQv2 FGOALS¢2 China Beijing, China) and THU (Tsinghua University)
National Oceanic and Atmospheric Administration's Geophysical
BCCAQv2 GFDL-CM3 USA Fluid
Dynamic Laboratory
BCCAQv2 GIFDL-ESM2G USA National Oceanic and Atmospheric Administration's Geophysical
Fluid Dynamic Laboratory
BCCAQv2 HadGEM2-AO United Kingdom Met Office Hadley Centre
BCCAQv2 HadGEM2-ES United Kingdom Met Office Hadley Centre
BCCAQv2 IPSL-CM5A-LR France Institut Pierre Simon Laplace
BCCAQv2 IPSL-CM5A-MR France Institut Pierre Simon Laplace
BCCAQv2 MIROC5 Japan Japan Agency for Marine-Earth Science and Technology
BCCAQv2 MIROC-ESM Japan Japan Agency for Marine-Earth Science and Technology
BCCAQv2 MIROC-ESM- Japan Japan Agency for Marine-Earth Science and Technology
CHEM
BCCAQv2 MPI-ESM-LR Germany Max Planck Institute for Meteorology
BCCAQv2 MPI-ESM-MR Germany Max Planck Institute for Meteorology
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BCCAQv2 MRI-CGCM3 Japan Meteorological Research Institute

BCCAQv2 NorESM1-M Norway Norwegian Climate Center

BCCAQv2 NorESM1-ME Norway Norwegian Climate Center

BCCAQv2 GFDL-ESM2M USA National Oceanic and Atmospheric Administration's Geophysical

Fluid Dynamic Laboratory

27



Appendix B: Case Study Example: London Station, Ontario

The following is the observed annual maximum precipitation for London gauging station obtained from
Environment and Climate Change Canada for the duration of 5min, 10min, 15min, 30min, 1hr, 2hr, 6hr, 12hr
and 24hr.

DURATION (min)

Year

5 10 15 30 60 120 360 720 1440
1943 18.3 24.1 26.2 36.3 51.1 53.8 53.8 56.1 78.7
1944 7.6 8.1 11.2 15.2 21.1 34.3 47.0 51.8 56.1
1945 6.6 9.7 12.7 17.3 19.3 25.4 34.3 39.4 47.8
1946 13.2 14.5 15.5 29.7 48.3 60.5 61.5 61.5 83.3
1947 10.9 19.3 23.9 29.2 29.2 29.2 40.9 43.2 46.7
1952 7.9 12.7 15.2 28.7 30.5 30.5 38.4 39.9 74.2
1953 15.7 24.6 36.8 56.9 83.3 83.3 83.3 83.3 83.3
1954 10.9 12.7 17.0 21.6 29.2 32.8 39.1 52.6 78.0
1955 6.6 9.1 11.2 14.2 14.7 17.3 325 44.2 51.1
1956 9.1 10.7 11.7 16.8 20.1 35.3 40.4 42.7 53.8
1957 6.3 9.4 12.4 16.5 26.2 28.2 35.6 47.5 55.6
1958 7.6 9.7 11.2 15.7 16.5 18.5 29.2 39.1 39.9
1959 8.6 10.9 13.0 15.5 23.4 39.6 50.3 50.5 50.5
1960 9.1 12.7 16.8 27.7 28.2 38.9 39.9 42.4 46.7
1961 114 20.1 23.9 29.0 39.9 43.2 43.4 43.4 43.4
1962 8.6 16.5 17.0 17.0 18.8 26.7 29.0 34.8 35.1
1963 5.6 7.9 9.1 10.4 10.4 11.4 21.3 21.3 23.9
1964 7.9 10.9 14.2 19.0 239 32.3 38.1 59.2 67.3
1965 5.6 10.4 11.7 14.2 18.3 211 29.0 38.4 43.7
1966 8.4 8.4 8.9 14.2 19.3 27.4 43.9 52.6 52.6
1967 7.9 11.9 12.2 19.3 20.6 22.4 33.5 37.3 41.4
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1968 10.4 13.2 16.0 24.6 28.7 323 53.1 67.6 84.6
1969 6.9 10.2 13.5 15.7 15.7 18.5 274 39.9 47.5
1970 10.9 13.0 16.5 17.0 21.1 221 239 33.3 36.8
1971 8.9 15.0 22.4 325 39.1 42.7 42.7 42.7 42.7
1972 14.5 20.1 229 229 34.3 40.6 58.4 59.7 62.5
1973 7.4 9.4 13.5 17.0 17.8 19.6 31.5 40.4 52.1
1974 4.8 7.9 9.1 10.9 13.2 22.4 29.2 30.2 35.3
1975 9.1 12.4 15.2 18.5 21.1 21.1 279 30.5 30.5
1976 18.5 26.9 27.7 29.2 30.5 30.7 37.8 40.9 50.0
1978 6.6 10.9 14.2 14.4 14.4 14.4 23.5 27.3 29.6
1979 19.2 33.5 37.6 45.9 46.0 46.0 46.6 65.4 68.2
1980 11.5 20.6 27.8 30.6 32.5 32.6 37.7 47.1 61.7
1981 10.1 12,5 13.2 13.2 16.2 26.7 35.0 37.5 435
1982 6.8 10.8 15.1 222 24.6 28.6 35.4 36.8 37.6
1983 13.5 234 29.5 37.6 411 41.1 47.0 55.8 64.4
1984 9.8 10.6 14.5 274 27.8 43.5 50.8 56.0 69.7
1985 8.3 10.9 13.7 22.8 29.0 35.1 43.2 56.8 65.0
1986 12.4 22.7 24.2 245 30.6 42.2 43.8 49.7 89.1
1987 6.7 9.4 11.0 13.2 14.3 17.7 27.2 445 56.5
1988 7.9 11.2 15.5 18.2 18.3 26.9 33.0 419 61.6
1989 8.7 10.9 13.5 233 25.7 25.8 25.8 34.0 34.8
1990 11.9 16.7 18.7 30.4 35.1 37.9 41.6 54.1 75.5
1991 9.7 11.6 13.9 17.5 20.6 22.0 28.1 32.2 32.2
1992 6.5 11.5 15.9 20.9 35.0 45.2 51.8 58.6 76.3
1993 9.4 14.3 15.1 191 21.9 25.0 28.5 30.7 49.2
1994 7.5 11.3 12.1 16.8 20.6 33.2 38.9 40.3 46.5
1995 8.2 11.3 12.6 15.8 21.8 28.0 37.8 45.0 56.1
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1996 9.4 15.8 17.9 26.1 39.2 68.1 82.7 83.5 89.0
1997 10.6 17.0 19.6 21.8 21.8 24.8 31.1 33.9 33.9
1998 12.6 14.7 15.8 17.6 20.4 20.4 20.4 -99.9 33.0
1999 7.3 11.2 11.8 12.7 13.3 19.0 259 26.1 32.9
2000 11.5 15.3 17.6 23.0 30.6 40.6 -99.9 -99.9 82.8
2001 6.3 7.9 10.6 13.2 13.4 14.0 24.0 35.0 41.2
2003 10.0 18.4 32.2 26.2 26.2 27.8 31.2 40.8 40.8
2004 15.0 23.6 27.2 29.4 29.4 29.6 454 47.0 47.0
2005 9.0 12.6 15.4 19.8 19.8 24.0 35.6 37.0 45.6
2006 12.6 22.0 26.6 28.0 424 46.4 49.0 49.0 77.2
2007 7.0 12.4 14.6 14.6 17.2 224 30.4 30.6 30.6
2009 7.8 11.4 12.0 17.0 17.0 19.8 29.4 35.0 43.0
2010 10.0 14.4 20.4 29.4 32.6 33.0 33.8 34.2 424
2011 6.8 11.6 17.2 29.2 35.8 35.8 40.6 44.0 44.0
2012 4.4 6.8 8.4 9.2 12.4 16.8 25.6 30.6 32.4
2013 8.0 11.2 15.0 20.0 24.2 30.8 51.8 80.0 96.0
2014 9.6 16.6 23.6 31.6 41.6 50.0 59.8 62.2 63.2
2015 8.8 14.2 19.6 23.8 23.8 34.0 34.8 42.6 42.6
2016 11.0 19.0 214 35.6 38.4 424 44.8 58.8 68.8

The ensemble GCM data for the base period at London gauging station:

PPT (mm/day)
Year GCM ensemble Base
period
1950 38.515
1951 40.450
1952 41.275
1953 39.865
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1954 34.140
1955 39.190
1956 39.155
1957 40.125
1958 40.620
1959 41.470
1960 42.860
1961 40.555
1962 39.125
1963 35.935
1964 38.980
1965 44.390
1966 37.190
1967 37.130
1968 41.780
1969 41.860
1970 41.195
1971 39.695
1972 40.135
1973 43.550
1974 37.460
1975 42.265
1976 39.670
1977 39.570
1978 40.015
1979 40.315
1980 41.510
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1981 40.055
1982 40.035
1983 46.045
1984 38.040
1985 41.850
1986 37.630
1987 43.710
1988 39.540
1989 40.840
1990 45.065
1991 45.750
1992 38.380
1993 39.385
1994 41.265
1995 37.910
1996 39.955
1997 41.845
1998 43.545
1999 42.140
2000 48.680
2001 42.165
2002 42.245
2003 44.650
2004 50.590
2005 40.000
2006 39.960
2007 43.485
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2008 44.610
2009 49.915
2010 42.180
2011 43.955
2012 39.540
2013 37.815
2014 40.460
2015 41.625
2016 47.980

The future GCM ensemble data for London gauging station:

PPT (mm/day) — GCM ensemble future
Year
RCP 2.6 RCP 4.5 RCP 8.5

2020 43.350 40.450 44.380
2021 38.690 40.825 44.230
2022 37.085 40.155 38.915
2023 41.280 40.875 36.275
2024 40.930 44.005 48.525
2025 40.505 41.995 53.110
2026 38.650 38.375 43.375
2027 46.125 43.190 40.700
2028 41.580 38.915 42.070
2029 45.300 39.790 45.845
2030 42.300 42.965 42.935
2031 42.995 41.805 43.220
2032 40.455 40.500 45.890
2033 43.890 41.205 37.885
2034 44.060 44175 42.505
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2035 44.260 41.085 41.730
2036 40.015 43.995 37.175
2037 47.675 47.390 45.190
2038 41.815 38.905 44.435
2039 37.990 44.025 44.215
2040 44.630 46.165 39.610
2041 47.090 46.465 44.845
2042 42.040 43.265 45.80
2043 41.810 42.330 48.865
2044 44.565 43.850 43.345
2045 43.945 44.130 39.940
2046 48.080 46.640 45.080
2047 47.160 47.965 45.560
2048 43.715 39.915 41.775
2049 40.770 42.120 44.22
2050 51.205 38.57 46.515
2051 40.620 44.960 45.660
2052 43.145 41.920 46.705
2053 44.295 47.545 49.270
2054 42.370 46.005 40.265
2055 41.750 44.700 44.385
2056 43.630 49.505 41.420
2057 42.265 43.255 49.650
2058 41.660 42.680 46.130
2059 46.895 47.080 46.635
2060 51.965 41.615 45.980
20061 40.555 45.620 43.640
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2062 43.980 45.715 45.160
2063 45.615 47.205 45.095
2064 43.780 43.110 43.530
2065 44.540 48.035 44.970
2066 41.390 48.415 51.64
2067 43.645 46.460 47.480
2068 43.875 42.455 46.330
2069 45.260 42.840 52.505
2070 45.670 45.780 42.220
2071 41.750 47.110 47.400
2072 44.165 42.590 44.120
2073 44.360 44.810 48.030
2074 45.905 41.905 47.865
2075 45.975 41.475 42.430
2076 39.345 44.190 50.950
2077 44.925 45.370 45.795
2078 41.640 47.715 52.285
2079 43.105 44.805 49.715
2080 41.685 44.680 56.890
2081 43.025 38.795 48.965
2082 42.850 45.915 45.980
2083 37.840 43.455 49.210
2084 43.910 41.615 49.530
2085 44.325 45.405 47.265
2086 46.885 49.915 47.710
2087 45.470 48.225 51.540
2088 45.415 44.3900 52.040
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2089 46.345 45.540 52.070
2090 44.435 44.710 46.960
2091 41.035 44.090 49.530
2092 36.335 42.800 53.720
2093 43.725 44.045 44.915
2094 45.950 45.840 45.090
2095 40.805 40.745 52.230
2096 40.605 44.700 49.505
2097 46.365 41.390 52.010
2098 39.920 42.900 47.895
2099 41.570 44.400 48.665
2100 39.690 37.650 50.680
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Appendix c: RStudio Code for Updating Idf Curves (London City Example)

UPDATE IDF CURVES — Rstudio CODE

Contents

e Intensity-Duration-Frequency Curves Under Climate Change
e  (Clear Workspace and Command Window

e Input Data

e TIIT Extreme value distribution

e Install packages

Packages to be install: ismev, extRemes, and DEoptim

» Open the packages

library(ismev)
library(DEoptim)
library(extRemes)

> Read Historic Data

setwd("directory where data is placed")

H <- data.frame(read.csv("Obsetved.csv"))

» Fit parameters data — From type I to IX

cov <- matrix(ncol=2,nrow=nrow(H))
covl[,1] <- H§Year
cov[,2] <- cov[,1]"2

GEV_H_I_5 <- fevd(H[[2]],H)
GEV_H_II_5 <- fevd(H[[2]],H,location.fun = ~ cov[,1])

GEV_H_IIL_5 <- fevd(H][[2]],H,location.fun = ~ cov|,1],scale.fun = ~cov][,1])
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GEV_H_IV_5 <- fevd(H][[2]],H,location.fun = ~ cov|,1],scale.fun = ~ cov[,1],use.phi = TRUE)

GEV_H_V_5 <- fevd(H[[2]],H,scale.fun = ~ cov],1])

GEV_H_VI_5 <- fevd(H[[2]],H, scale.fun = ~ cov],1],use.phi = TRUE)

GEV_H_VII_5 <- fevd(H[[2]],H,location.fun = ~cov)

GEV_H_VIIL_5 <- fevd(H[[2]],H,location.fun = ~cov,scale.fun = ~ cov[,1])

GEV_H_IX_5 <- fevd(H[[2]],H,location.fun = ~cov,scale.fun = ~cov]|,1],use.phi = TRUE)

> Identification of the best model — AICc and ranked delta

AICc_H_5min <
c(2*GEV_H_I_5$results$value+2*length(GEV_H_I_5$results$par) +2*length(GEV_H_I_5$results$par)* (length(GEV_H_I_5$results$par)+1) / (leng
th(H[[2]])-length(GEV_H_I_5$results$par)-1),
2*GEV_H_II_5$results$value+2*length(GEV_H_II_5$results§par)+2*length(GEV_H_II_5§results$par)*(length(GEV_H_II_5$results$par)+1)/(le
ngth(H[[2]])-length(GEV_H_I1_5$results$par)-1),
2*GEV_H_III_5$results$value+2*length(GEV_H_III_5$results$par)+2*length(GEV_H_III_5$results$par)*(length(GEV_H_III_5$results$par)+1)
/ (length(H[[2]])-length(GEV_H_III_5$results$par)-1),

2*GEV_H_IV_58results$value+2*length(GEV_H_IV_5$results$par) +2*length(GEV_H_IV_5$results$par)*(length(GEV_H_IV_5$results$par)+1)/
(length(H[[2]])-length(GEV_H_IV_5$results$par)-1),

2*GEV_H_V_5$results$valuet2*length(GEV_H_V_5$results$par) +2*length(GEV_H_V_5$results$par)*(length(GEV_H_V_5$results$par)+1)/(len
gth(H[[2]])-length(GEV_H_V_5$results$par)-1),
2*GEV_H_VI_58results$value+2*length(GEV_H_VI_5$results$par)+2*length(GEV_H_VI_5$results$par)*(length(GEV_H_VI_5$results$par)+1)/
(length(H[[2]])-length(GEV_H_VI_5$results$par)-1),
2*GEV_H_VII_5%results$value+2*length(GEV_H_VII_5%$results$par)+2*length(GEV_H_VII_5%results$par)*(length(GEV_H_VII_5$results$par)
+1)/ (length(H[[2]])-length(GEV_H_VII_5$results$par)-1),

2*GEV_H_VII_5%results$value+2*length(GEV_H_VIII_5$results§par) +2*length(GEV_H_VIII_5$results$par)*(length(GEV_H_VIII_5$resul ts$p
ar)+1)/ (length(H[[2]])-length(GEV_H_VIII_5$tesults$par)-1),
2*GEV_H_IX_5$results$value+2*length(GEV_H_IX_5$results$par)+2*length(GEV_H_IX_5$results$par)*(length(GEV_H_IX_5$results$par)+1)/
(length(H[[2]])-length(GEV_H_IX_5$results$par)-1))

Delta_H_5min <- AICc_H_5min — min(AICc_H_5min)

» Likelihood ratio test — Significance of the trend parameter

LR_H_5min <- c(Ir.test(GEV_H_I_5GEV_H_I_5)$p.value,lr.test(GEV_H_I_5GEV_H_II_5)$p.value,lr.test( GEV_H_I_5GEV_H_III_5)$p.value,

Ir.test(GEV_H_I_5,GEV_H_IV_5)$p.value,lr.test(GEV_H_I_5,GEV_H_V_5)$p.value,lr.test(GEV_H_I_5GEV_H_VI_5)$p.value,
Ir.test(GEV_H_I_5,GEV_H_VII_5)$p.value,lr.test( GEV_H_I_5GEV_H_VIII_5)$p.value,lr.test(GEV_H_I_5,GEV_H_IX_5)$p.value)

> Read GCM data

B_MODEL_RCP8.5 <- data.frame(read.csv("MODEL_B8.5.csv",sep = ","))
F_MODEL_RCP8.5 <- data.frame(read.csv("MODEL_F8.5csv",sep = ","))

> Fit Parameter Distribution and Calculate CDF for GCM data

GEV_B_MODEL_RCP8.5 <- fevd(B_MODEL_RCP8.5$GCMB8.5,B_MODEL_RCP8.5)
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GEV_F_MODEI_RCP8.5 <- fevd(F_MODEI_RCP8.5$GCMF8.5,F_MODEI,_RCP8.5)

CDF_B_MODEIL_RCPS8.5 <- exp(-(1+GEV. 7B7ENSEMBLE7RCP8.5$results$par[3] *(B_ENSEMBLE_RCP8.5$GCMBS.5-
GEV_B_ENSEMBLE_RCP8.5$ results$par [1])/GEV_B_ENSEMBLE_RCP8.5$ results$par [2])"(-1/GEV_B_ENSEMBLE_RCP8.5$ tesults$par
E))

CDF_F_MODEI_RCP8.5 <- exp(-(1+GEV_F_ENSEMBLE_RCP8.5$results$par[3]*(F_ENSEMBLE_RCP8.5§GCMF8.5-
GEV_F_ENSEMBLE_RCP8.5% results$par [1])/ GEV_F_ENSEMBLE_RCPS8.5% results$par 2D"(-1 /GEV_F_ENSEMBLE_RCPS.5% results$par

(3D
» Downscaling

SD_MODEI,_RCP8.5_5min<-
qevd(CDF_B_MODEL_RCP8.5GEV_H_I_5$results$par([1]|, GEV_H_I_5$results$par{|2]], GEV_H_I_5$resultsSpar([3]])

fr MODEL_RCP2.6_5min <- function(x){

x1<-x[1];x2<-x[2];x3<-x[3];x4<-x[4]

sum((SD_MODEL_RCP8.5_5min-
((x1+B_MODEL_RCP8.5$GCMB8S.5)/(x2+x3*B_MODEL_RCP8.5$GCMBS.5))+(x4/B_MODEL_RCP8.5$GCMB8.5)))"2)}

Rell_MODEL_RCP8.5_5min <- DEoptim(fr_ENSEMBLE_RCP8.5_5min,lower = ¢(-100,-1000,-1,-100),upper =
¢(1000,1000,1,1000),DEoptim.control(NP=100,itermax = 1000,trace=FALSE))

TD_MODEL_RCP8.5 <-
qevd(CDF_F_MODEL_RCP8.5,GEV_B_MODEL_RCP8.5$results$par[[1]], GEV_B_MODEI_RCP8.5%results$par|[2], GEV_B_MODEL_RCP8.5
$results$par([3]])

Rel2_ MODEL_RCP8.5 <- F_MODEL_RCP8.5$GCMF8.5/TD_MODEIL_RCP8.5
» Future Sub-daily data

NEW_MODEL_RCPS8.5_5 <-
((Rell_MODEL_RCP8.5_5min$optim$bestmem[[1]]+TD_MODEL_RCP8.5)/(Rell_MODEL_RCP8.5_5min$optim$bestmem[[2]]+(Rell_MODE
L_RCP8.5_5min$optim$bestmem[[3]]*TD_MODEL_RCP8.5)))+((Rell_MODEL_RCP8.5_5min$optim$bestmem|[4]]/TD_MODEL_RCP8.5)))*Re
12_MODEL_RCP8.5

» Identify Non-Stationarity in future sub-daily data

ti_MODEL_RCPS8.5 <- matrix(ncol=2,nrow=nrow(NEW_MODEL_RCPS.5))

ti_MODEL_RCPS8.5[,1] <- Year_ MODEL_RCPS8.5

ti_MODEL,_RCP8.5[,2] <- ti_MODEL_RCP8.5[,1]*2

GEV_NEW_MODEI,_RCP8.5_I_5 <- fevd(NEW_MODEL_RCPS8.5[[1]],NEW_MODEI,_RCPS.5)

GEV_NEW_MODEL_RCP8.5_II_5 <- feyd(NEW_MODEL_RCP8.5[[1]],NEW_MODEL_RCPS8.5 Jocation.fun = ~Year MODEL_RCP8.5)

GEV_NEW_MODEI_RCP8.5_III_5 <- fevdNEW_MODEL_RCP8.5[[1]], NEW_MODEL_RCPS8.5,location.fun =
~Year_ MODEL_RCP8.5,scale.fun = ~Year MODEL_RCPS8.5)
GEV_NEW_MODEI_RCP8.5_IV_5 <- fevdNEW_MODEL_RCP8.5[[1]], NEW_MODEIL,_RCP8.5,location.fun =

~Year_ MODEL_RCP8.5,scale.fun = ~Year_ MODEL_RCPS8.5,use.phi = TRUE)

GEV_NEW_MODEL_RCP8.5_V_5 <- fevd(NEW_MODEIL,_RCP8.5[[1]], NEW_MODEL,_RCP8.5,scale.fun = ~Year_ MODEL_RCP8.5)
GEV_NEW_MODEL_RCP8.5_VI_5 <- fevd NEW_MODEIL_RCP8.5[[1]], NEW_MODEL_RCPS8.5,scale.fun = ~Year_ MODEL_RCP8.5,use.phi
TRUE)

GEV_NEW_MODEL_RCP8.5_VII_5 <- fevdINEW_MODEL_RCP8.5[[1]], NEW_MODEL_RCP8.5,location.fun = ~ti_MODEL_RCP8.5)
GEV_NEW_MODEIL_RCP8.5_VIII_5 <- fevdNEW_MODEL,_RCP8.5[[1]], NEW_MODEI,_RCP8.5,location.fun =
~ti_ MODEL_RCPS8.5,scale.fun = ~Year_ MODEL_RCP8.5)

GEV_NEW_MODEIL_RCP8.5_IX_5 <- fevdNEW_MODEIL_RCP8.5[1],NEW_MODEIL_RCP8.5,location.fun = ~ti_ MODEIL_RCP8.5,scale.fun
= ~Year_ MODEL_RCP8.5,use.phi = TRUE)

AICc_NEW_MODEL_RCP8.5_5 <-
c(2*GEV_NEW_MODEL_RCPS8.5_I_5$results$value+2*length(GEV_NEW_MODEL_RCP8.5_I_5$results$par)+2*length(GEV_NEW_MODEL
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_RCP8.5_1_5$results$par)*(length(GEV_NEW_MODEL_RCP8.5_I_5$results$par)+1)/(lengthONNEW_MODEL_RCP8.5[[1]])-
length(GEV_NEW_MODEL_RCP8.5_I_5$results$par)-
1),2*GEV_NEW_MODEL_RCP8.5_II_5$results$value+2*length(GEV_NEW_MODEIL_RCP8.5_II_5$results$par)+2*length(GEV_NEW_MOD
EL_RCP8.5_II_5%results$par)*(length(GEV_NEW_MODEL_RCP8.5_II_5$results$par)+1)/ (length(NEW_MODEIL_RCP8.5[[1]))-
length(GEV_NEW_MODEIL_RCP8.5_II_5$results$par)-
1),2*GEV_NEW_MODEL_RCP8.5_III_5$results$value+2*length(GEV_NEW_MODEL_RCP8.5_III_5$results§par)+2*length(GEV_NEW_MO
DEL_RCP8.5_III_5$tesults$par)*(length(GEV_NEW_MODEIL_RCP8.5_III_5$results§par)+1)/(length NEW_MODEIL_RCP8.5[[1]])-
length(GEV_NEW_MODEL_RCP8.5_III_5$results$par)-
1),2*GEV_NEW_MODEL_RCP8.5_IV_5$results$value+2*length(GEV_NEW_MODEL_RCP8.5_IV_5$results$par)+2*length(GEV_NEW_MO
DEL_RCP8.5_IV_5$results$par)*(length(GEV_NEW_MODEL_RCP8.5_IV_5$results$par)+1)/(lengthONEW_MODEL_RCP8.5[[1]])-
length(GEV_NEW_MODEIL_RCP8.5_IV_5$results§par)-
1),2*GEV_NEW_MODEL_RCP8.5_V_5$results$value+2*length(GEV_NEW_MODEL_RCP8.5_V_5$results$par)+2*length(GEV_NEW_MODE
I_RCP8.5_V_5%results$par)*(length(GEV_NEW_MODEIL_RCP8.5_V_5$results§par)+1)/(lengthNEW_MODEL_RCP8.5[[1]])-
length(GEV_NEW_MODEL_RCP8.5_V_5$results$par)-
1),2*GEV_NEW_MODEL_RCP8.5_VI_5$results$value+2*length(GEV_NEW_MODEL_RCP8.5_VI_5$results$par)+2*length(GEV_NEW_MO
DEL_RCP8.5_VI_5$results$par)*(length(GEV_NEW_MODEL_RCP8.5_VI_5$results$par)+1)/(lengthONEW_MODEL_RCP8.5[[1]])-
length(GEV_NEW_MODEIL_RCP8.5_VI_5$results§par)-
1),2*GEV_NEW_MODEL_RCP8.5_VII_5$results$value+2*length(GEV_NEW_MODEL_RCP8.5_VII_5$results$par)+2*length(GEV_NEW_MO
DEL_RCP8.5_VII_5$results$par)*(length(GEV_NEW_MODEL_RCP8.5_VII_5$results$par)+1)/(lengthO(NEW_MODEL_RCP8.5([1]))-
length(GEV_NEW_MODEL_RCP8.5_VII_5$results$par)-
1),2*GEV_NEW_MODEL_RCP8.5_VIII_5$results$value+2*length(GEV_NEW_MODEL_RCP8.5_VIII_5$results$par) +2*length(GEV_NEW_M
ODEL_RCP8.5_VIII_58$results$par)*(length(GEV_NEW_MODEL_RCP8.5_VIII_5$results$par)+1) / (lengthONEW_MODEIL_RCP8.5[[1]])-
length(GEV_NEW_MODEIL_RCP8.5_VIII_5$results$par)-
1),2*GEV_NEW_MODEL_RCP8.5_IX_5$results$value+2*length(GEV_NEW_MODEL_RCP8.5_IX_5$results$par)+2*length(GEV_NEW_MO
DEL_RCP8.5_IX_5%results$par)*(length(GEV_NEW_MODEIL_RCP8.5_IX_5$results$par)+1)/(lengthONEW_MODEL_RCP8.5[[1]])-
length(GEV_NEW_MODEL_RCP8.5_IX_5$results$par)-1))-

Delta NEW_MODEL_RCP8.5_5 <- AICc_NEW_MODEIL_RCP8.5_5-min(AICc_NEW_MODEL_RCP8.5_5)

LR_NEW_MODEIL_RCP8.5_5 <-
c(lr.test(GEV_NEW_MODEL_RCP8.5_I_5GEV_NEW_MODEL_RCP8.5_I_5)$p.value,lr.test( GEV_NEW_MODEL_RCP8.5_1_5GEV_NEW_

MODEL_RCP8.5_II_5)$p.valuelr.test(GEV_NEW_MODEL_RCP8.5_1_5GEV_NEW_MODEL_RCP8.5_III_5)$p.value,lr.test(GEV_NEW_MO

DEL_RCP8.5_1_5,GEV_NEW_MODEL_RCP8.5_IV_5)$p.value,lr.test(GEV_NEW_MODEL_RCP8.5_I_5GEV_NEW_MODEIL_RCP8.5_V_5)

$p.value lr.test(GEV_NEW_MODEL_RCP8.5_1_5GEV_NEW_MODEL_RCPS8.5_VI_5)$p.value,lr.test(GEV_NEW_MODEL_RCP8.5_1_5,GEV

_NEW_MODEL_RCP8.5_VII_5)$p.value,lr.test(GEV_NEW_MODEL_RCP8.5_I_5,GEV_NEW_MODEL_RCP8.5_VIII_5)$p.value,lr.test( GEV_
NEW_MODEL_RCPS8.5_1_5,GEV_NEW_MODEL_RCP8.5_IX_5)$p.valuc)

> Return Level Estimation

RP <-¢(2,5,10,20,25,50,100)

PTOT_MODEL_RCP8.5_5 <- erlevd(GEV_NEW_MODEL_RCP2.6_VII_360,period = RP)

c(quantile(’TOT_MODEL_RCP8.5_5[1,],0.95),quantile PTOT_MODEL_RCP8.5_5[2,],0.95),quantile(PTOT_MODEL_RCP8.5_5[3,],0.95),quantile(
PTOT_MODEL_RCP8.5_5[4,],0.95),quantile PTOT_MODEL_RCP8.5_5[5,],0.95),quantile(PTOT_MODEL_RCP8.5_5[6,),0.95),quantile PTOT_M
ODEL_RCP8.5_5[7,],0.95))

» GCM IDF for future sub-daily

1_H_5 <- PTOT_MODEIL_RCP8.5_5%(60/5)
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