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Abstract: Intensity-duration-frequency (IDF) relationships are traditional tools in water infrastruc-
ture planning and design. IDFs are developed under a stationarity assumption which may not be
realistic, neither in the present nor in the future, under a changing climatic condition. This paper
introduces a framework for generating non-stationary IDFs under climate change, assuming that
probability of occurrence of quantiles changes over time. Using Extreme Value Theory, eight trend
combinations in Generalized Extreme Value (GEV) parameters using time as covariate are com-
pared with a stationary GEV, to identify the best alternative. Additionally, a modified Equidistance
Quantile Matching (EQMns) method is implemented to develop IDFs for future conditions, intro-
ducing non-stationarity where justified, based on the Global Climate Models (GCM). The method-
ology is applied for Moncton and Shearwater gauges in Northeast Canada. From the results, it is
observed that EQMNs is able to capture the trends in the present and to translate them to estimated
future rainfall intensities. Comparison of present and future IDFs strongly suggest that return pe-
riod can be reduced by more than 50 years in the estimates of future rainfall intensities (e.g., histor-
ical 100-yr return period extreme rainfall may have frequency smaller than 50-yr under future con-
ditions), raising attention to emerging risks to water infrastructure systems.

Keywords: intensity-duration-frequency curve; non-stationarity; climate change; rainfall intensities

1. Introduction

Extreme precipitation is expected to increase in intensity and magnitude due to the
effects of global warming, also recognized as climate change [1,2]. Changes in patterns of
climate have already been observed in many parts of the globe since the last century [3].
In urban areas, the rise of intense precipitation can negatively impact the urban infrastruc-
ture, economic activities, and social well-being through the drainage system overflow and
resulting flooding events.

The intensity-duration-frequency (IDF) curve is one of the most traditional tools for
engineering planning and design of various urban infrastructure systems, including ur-
ban drainage infrastructure and flood protection measures. The IDF curves are generated
based on a stationary frequency-based analysis of historical annual maximum precipita-
tion for a given duration, which assumes that the frequency of occurrence of extreme pre-
cipitation remains constant over time. However, under a changing climate, current IDF
curves may be underestimating rainfall intensity because: (i) IDF curves are developed
for earlier climatic conditions that may not be adequately representing future conditions
[4]; (ii) IDF curves are developed based on an assumption of stationarity which may not

Water 2021, 13, 1008. https://doi.org/10.3390/w13081008

www.mdpi.com/journal/water



Water 2021, 13, 1008

2 of 23

be valid anymore [5,6]; and (iii) combination of (i) and (ii). For previously mentioned sce-
narios, a frequent overload of the water infrastructure systems is expected, resulting in an
increase in probability of failure. Given the effects of climate change and non-stationarity
on IDFs, it is necessary to investigate new methods for their development [7]. The devel-
opment of future climate based IDF curves has been explored in the literature to some
extent [8-12]. Most of the research is using precipitation outputs from Global Climate
Models (GCMs) that simulate future climate states for different scenarios of radiative forc-
ing, the Representative Concentration Pathways (RCPs) [2]. Climate projection data from
GCMs are of great value, in spite of coarse spatial and temporal resolutions (usual grid
size is 100 by 100 km) [11] which may lead to misrepresentation of extreme rainfall events
and high uncertainty [7,13], especially for precipitation events with low frequency (large
return period). That limitation can be addressed with the use of downscaling (dynamic or
statistical) techniques.

Dynamic downscaling reduces the scale by refining climate processes and simulating
local conditions, generating small spatiotemporal gridded Regional Climate Models
(RCMs) (usually from 25 to 50 km and sub-daily time step). In general, for urban drainage
engineering and planning, RCMs are recommended for local rainfall extreme analysis,
given their representation of the convective processes that dominate short-duration rain-
fall extremes and the higher precision and accuracy when compared to the GCMs [14,15].
High-resolution RCMs, as examples of convection-permitting climate models (about 1
km), allow the explicit simulation of atmospheric deep convection and improve the rep-
resentation of orography and land-surface interactions [16,17]. However, climate models
often provide biased representations of observed time series [18] and RCMs inherit the
biases and other deficiencies from the GCMs, and hence further (statistical) downscaling
is often necessary for RCM projections [19]. The fundamental assumption of the statistical
downscaling is to correct the biases presented in climate model products compared to the
observed data [20]. There are several methods to manage bias correction but performance
of all is highly dependent on the goal of the study. Specially, for updating future IDF
curves studies, statistical downscaling is used as the main process since time scales as low
as 10 min can be necessary [7]. Among the existing statistical downscaling methods, those
which consider both spatial and temporal downscaling have received significant attention
[8,9,11,14,21,22]. Those methods that include the downscaling of the whole rainfall series
remain less certain since they cannot adequately represent the frequency of rainfall ex-
tremes [23]. The quantile-mapping based downscaling methods focus on downscaling ex-
treme rainfall quantiles and reduces the error propagation [9,11,24,25]. However, the use
of quantile-mapping based statistical downscaling models including an assumption that
the relationship between GCM and the observed data remains the same for projected fu-
ture period, and does not account for the non-stationarity inherent in the climate change
context [11].

Non-stationarity of precipitation is characterized by a variation in the form of a trend
or oscillation in the patterns of a rainfall time series. Based on recent theoretical develop-
ments in the Extreme Value Theory (EVT), several studies investigated development of
non-stationary rainfall IDF curve [6,26,27]. In general, different trend functions can intro-
duce one or more covariates, and their combinations, in the parameters of probability dis-
tributions, such as Generalized Extreme Value (GEV) and peaks-over-threshold (POT)
Generalized Pareto Distribution (GPD). Linear trend functions are the most frequently
used for the development of non-stationary IDF curves. They are applied to different pa-
rameters, such as, for example, the location parameter of the GEV distribution [26], loca-
tion and shape parameters [27], or the scale parameter of the GPD distribution [28].

Quantile-mapping-based downscaling methods have been used to develop future
IDF curves under climate change over Canada [29,30]. The original methodology, as pro-
posed by [11], named Equidistance Quantile Matching method (EQM), incorporates the
changes in the distribution characteristics of the GCM model between the baseline and
projected periods. Even though there are advances in improving the projections of future
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IDFs, only a few studies include assessment or consideration of the non-stationary behav-
ior of the precipitation data. A recent research carried by [14] assessed the effects of non-
stationarity on the IDF curves by comparison with stationary IDFs, using climate change
projections over the Southern Ontario, Canada. The authors used the RCM outputs and
bias-correction for generating future annual maxima precipitation (AMP) time series.
Their statistics are further modeled by taking into account the non-stationarity and intro-
duction of the linear trend in the location parameter of GEV distribution. This implies that
non-stationarity is considered after the statistical downscaling, ignoring its possible ef-
fects even in the reference period (i.e., present).

Note that the several approaches using non-stationarity in IDF relationships have
been reported in the literature [6,26,27]. In addition, studies of non-stationarity in future
IDF relationships under climate change are already ongoing [14]. However, to the authors’
best knowledge, no research was reported which (i) considered non-stationary modelling
conditions to the reference period before the downscaling procedure to generate future
AMP series in the projected period, and then (ii) developed non-stationary future IDF
curves under climate change. Using the EQM algorithm, this study aims to assess and
develop non-stationary GEV models, and non-stationary IDF relationships under climate
change. Unlike the straightforward application of non-stationarity in modeling GEV pa-
rameters, this new framework to update IDF curves (called EQMnxs) is based on statistical
analysis which identifies if the non-stationary GEV model is the best GEV model fitted to
the data. Time is adopted as a covariate in the location and scale parameters of the GEV
distribution. Different time-variant and trend functions lead to eight combinations of non-
stationary models which are considered in this study together with one stationary GEV
model. The new framework is applied to Moncton City gauging station data in the Prov-
ince of New Brunswick, Canada, in order to analyze its performance in developing future
IDF curves.

2. Study Area and Data Used

Since this study aims to analyze the impact of non-stationarity on IDF curves under
climate change, the case study area is selected based on the presence of non-stationary
behavior in the observed rainfall data. The proposed methodology is implemented with
the annual maximum rainfall series at two gauging stations located in the Maritime Prov-
inces of Canada: Halifax and Moncton (Figure 1).

Moncton City is located at the Petitcodiac River, area bordered by the Atlantic Ocean,
with a maximum height of about 70 m above sea level, and an average precipitation of
1146 mm/year. The Moncton City Koppen—Geiger classification is Dfb (short for a warm-
summer humid continental climate [31]), and there is uniform precipitation distribution
during the year. Halifax City is bordered by the Atlantic Ocean, lying 8 m above sea level.
As Moncton’s, the climate of Halifax is classified as Dfb, with an average precipitation of
1410 mmy/year, varying between the drier and colder months. A brief description of the
stations used in this study is presented in Table 1. Datasets are available through the En-
vironment and Climate Change Canada. Series of 5 min, 10 min, 15 min, 30 min, 1 h, 2 h,
6 h, 12 h and 24 h duration rainfall can be downloaded from https://cli-
mate.weather.gc.ca/prods_servs/engineering_e.html (last accessed 15 November 2020) for
the available period.

Table 1. Stations selected for the study.

Lati
Study Area  Station Name  Station ID atlh,lde X Data Availability
Longitude
Moncton  Moncton INTL A 8103201  46°7'N 64°41' W 1946-2016 (67 years)

Halifax Shearwater RCS 8205092  46°7'N 64°41' W  1955-2016 (59 years)
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Figure 1. Study area.

For this study, precipitation data is derived from 24 GCMs produced for Coupled
Model Intercomparison Project Phase 5 (CMIP5) [2] (Table 2). These data are bias cor-
rected and statistically downscaled GCM projections generated using the Bias Correction
Constructed Analogues with quantile (version 2) mapping reordering (BCCAQv2) for
Canada, at a gridded resolution of 300 arc-seconds (0.0833 degrees, or roughly 10 km) for
the simulated period of 1950-2100 [32]. BCCAQV2 corrects the bias in daily precipitation
series obtained from climate models so the distribution properties are close to historical
[33,34]. The climate models were selected based on the availability of precipitation projec-
tions for different RCP scenarios (2.6, 4.5 and 8.5). The data used in the study is available
from the Pacific Climate Impacts Consortium (PCIC) website (https://data.pacificcli-
mate.org/portal/downscaled_gcms/map/, last accessed on 1 July 2020).
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Table 2. Global Climate Models (GCM) models used in this study.

Spatial Resolution

1
Mode Country Centre Name (Longitude vs. Latitude)
beccsmi-1 China Beijing Climate Cen’Felj, Chl'na Meteorological 2 8x28
Administration
bec-csml-1-m China Beijing Climate Cen’felj, Chl.na Meteorological 28x28
Administration
BNU-ESM China College of Global Ch.ange and Earth System 28x28
Science
CanESM2 Canada Canadian Centre for Ch@ate Modeling and 2 8x 28
Analysis
CCSM4 USA National Center of Atmospheric Research 1.25 % 0.94
CESM1-CAM5 USA National Center of Atmospheric Research 1.25 % 0.94
Centre National de Recherches Meteor-
CNRM-CM5 France ologiques and Centre Europeen de Re- ldx14
cherches et de Formation Avancee en Calcul ' '
Scientifique
Australian Commonwealth Scientific and In-
CSIRO-MK3-6-0 Australia dl.lstrlal. Research Orgamzatlo'n in collabora- 18x18
tion with the Queensland Climate Change
Centre of Excellence
IAP (Institute of Atmospheric Physics, Chi-
FGOALS-g2 China nese Academy of Sciences, Beijing, China) and 2.55x2.48
THU (Tsinghua University)
National Oceanic and Atmospheric Admin-
GFDL-CM3 USA istration’s Geophysical Fluid 25x2.0
Dynamic Laboratory
National Oceanic and Atmospheric Admin-
GFDL-ESM2G USA istration’s Geophysical Fluid Dynamic Labor- 25x2.0
atory
ited Kine-
HadGEM2-AO Umtzjm g Met Office Hadley Centre 1.25 x 1.875
ited King-

HadGEM2-ES Uni ng g Met Office Hadley Centre 1.25 x 1.875
IPSL-CM5A-LR France Institut Pierre Simon Laplace 3.75x1.8
IPSL-CM5A-MR France Institut Pierre Simon Laplace 3.75x1.8

MIROCS Japan Japan Agency for Marine-Earth Science and 141 x 1.41
Technology
MIROC-ESM Japan Japan Agency for Marine-Earth Science and 28x28
Technology
A f ine-Earth Sci
MIROC-ESM-CHEM Japan Japan Agency for Marine-Earth Science and 28x28
Technology
MPI-ESM-LR Germany Max Planck Institute for Meteorology 1.88 x 1.87
MPI-ESM-MR Germany Max Planck Institute for Meteorology 1.88 x 1.87
MRI-CGCM3 Japan Meteorological Research Institute 1.1x1.1
NorESM1-M Norway Norwegian Climate Center 25x1.9
NorESM1-ME Norway Norwegian Climate Center 25x1.9
National Oceanic and Atmospheric Admin-
GFDL-ESM2M USA istration’s Geophysical Fluid Dynamic Labor- 25x2.0

atory
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3. Methodology

The presented methodology is based on a modification of the EQM method, origi-
nally developed by [11] and updated by [24]. The EQM method is currently used for up-
dating the IDF curves under climate change without consideration of non-stationarity
modelling [32]. The methodology proposed in this paper extends EQM by addressing the
non-stationary behavior of rainfall into the generation of IDFs under the climate change.
The proposed methodology is named EQMns and is schematically shown in Figure 2.

The EQMns methodology includes:

e Statistical analysis: applied to fit stationary and non-stationary probability
distributions to both historical and future projected data. An information cri-
teria method is used to identify the best probability distribution model, and
a significance test is performed to assess the statistical significance of the non-
stationary model in comparison to the stationary one;

e Updating IDF curves for future conditions (EQMns): a modified EQM meth-
odology is applied to generate future sub-daily annual maximum precipita-
tion data, and update IDF curves for future period under non-stationary con-
ditions.
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Figure 2. Framework for generating non-stationary intensity-duration-frequency (IDF) curves under climate change.

Modified from [11,24].

3.1. Statistical Analysis

The following discussion provides a detailed description of the statistical analysis
implemented in this study.

3.1.1. Theoretical Probability Distribution

Extreme events are usually modelled using peaks-over threshold (POT) and block
maxima [35]. The first fits all events exceeding a specific threshold to a generalized Pareto
distribution (GP) and the occurrence of an exceedance to a Poisson process. Block maxima
consists on fitting a theoretical probability distribution to blocks of annual maximum pre-
cipitation values. Both approaches are widely used in extreme events studies (see [5]);
however, the implementation of the POT approach involves subjective choices regarding
the specification of the threshold, decluttering of threshold exceedances and the treatment
of the annual cycle [36]. Furthermore, the availability of data on extremes is often
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processed into block maxima, which do not allow POT analysis, such as the Environment
Canada data, used in this study.

Let the time series, denoted by {x1,x,...,xn}, be independent and identically distrib-
uted (i.i.d.) with common cumulative distribution function. The annual maximum series
can be approximate to a theoretical probability of extremes (e.g., GEV, Gumbel, Fréchet,
Weibull). In fact, GEV probability distribution is a family of three distributions combined
into one: Gumbel, Fréchet and Weibull. GEV distribution is applied by many studies of
extreme precipitation [5,6,32,37,38]. The GEV cumulative distribution function F(x) is
given by Equation (1) for & # 0[35]:

( _ -1/ _
|exp{—[1+@] },0>O,1+@,f¢0
F(x/u;a;f)=4 I,

It exp{—exp[— Xk },a>0,$=0

a

@

where p is the location parameter, which describes the shift of a distribution, o is the scale
parameter, describing the spread of the distribution, and £ is the shape parameter, which
describes the tail behavior and directly estimated values of extreme precipitation [39]. & >
0 represents the heavy-tailed Frechét case, and its probability density function decreases
at so slow a rate in the upper tail; £ =0 gives the light-tailed Gumbel case, representing an
unbounded tail; and &€ < 0 the short-tailed Weibull case, where the distribution has a
bounded upper tail [40].

Based on the Extreme Value Theory (EVT) advancements, the non-stationary behav-
ior can be introduced in GEV model by expressing one or more of the parameters as func-
tions with a covariate. In this study, time is used as a covariate for developing non-sta-
tionary IDF curves. Empirical studies indicate that it is preferable to represent the non-
stationarity in both location and scale parameters [41]. The shape parameter is usually
difficult to estimate accurately-it is unrealistic to try modeling & as a smooth function of
time [35]. Table 3 presents nine models used in this study (eight non-stationary and one
stationary).

Table 3. List of Generalized Extreme Value (GEV) models used in this study and their parameter
combinations. y,0, and ¢ are the GEV parameters and ‘t’ is the scoring year for which maximum

is taken.
GEV Model
ID Specification
I F(wo;$)
II F (uo + pat;05%)
I F (uo + pit; 09 + 015 §)
v F (o + pyt;€70719; 8)
\Y F (u; 09 + 01t &)
VI F (’u; e(z70+¢71t); f)
A2 F (4o + pat + pot%058)
VIII F (o + pat + ppt?; 09 + 01t &)
1X F (4o + gyt + ppt?; e00+010; &)

Different functions can be considered to represent the parameters’ behavior. Here,
nine GEV models are constructed using one stationary GEV model (I) and eight non-sta-
tionary GEV models (II-IX), based on combinations of trends in both location and/or scale
parameters. GEV-I is expressed as a stationary model, with all parameters kept constant;
GEV-II to GEV-IX models are non-stationary models, with location parameter conditioned
to be a linear or polynomial function of time, and scale parameter assumed to be linear or
exponential function of time, while keeping the shape parameter constant. These
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functions are commonly found in hydrological and climate change studies when investi-
gating trends in distribution model parameters [14,26,42,43], although linear and log-lin-
ear models are usually preferred [42].

Estimating GEV parameters is not a simple procedure since it may require complex
calculations. The maximum likelihood estimator (MLE) is considered one of the most ef-
ficient methods for this estimation [41,44], and can be easily extended to the non-station-
ary case [45]. Therefore, in this study, MLE is used to estimate the parameters of the GEV
distribution. For the annual maximum series X = {x1,X,...,xa} with n years, the log-likeli-
hood derived from Equation (1) is given by Equation (2), for the stationary case.

For & # 0,

logL(X; u; 0; &) = —nlogo

— (1 + %) an log [1 + —f(xia_ H)] _Z [1 + —f(xia_ ﬂ)]_l/{ ,1 2)

L

Instead of a direct maximization method, MLE estimator commonly uses the mini-
mization of the negative log-likelihood, as provided by Equation (2). It is important to
notice that Equation (2) is formulated for GEV family with &#0, disregarding the Gumbel
distribution. For the non-stationary cases, the location and scale parameters in the Equa-
tions (1) and (2) are replaced in accordance with the non-stationary setting presented in
Table 3. Given the requirements of iterative numerical procedures to solve the function,
RStudio extRemes package (version 2.0-10) is used to fit GEV parameters to data based on
MLE estimator for the stationary and non-stationary cases [46]. The MLE method can even
be useful for selecting the best GEV model, which provides an efficient procedure for the
development of rainfall quantiles.

3.1.2. Identification of the Best Model

Akaike’s Information Criteria (AIC) is a common method for selecting the best GEV
model among all candidates [45]. It penalizes the minimized negative log-likelihood func-
tion (—logL) for the number of parameters estimated for each model. However, depending
on the relation between the sample size n and the number of parameters k presented in
practical applications, the Corrected Akaike’s Information Criteria (AICc) is recom-
mended (n/k > 40) because it helps to avoid overfitting the data. AICc converges to AIC
for large n [47]. From a collection of nested candidate models with k parameters, fitted to
an annual maximum rainfall series with a sample size of n, AIC and AICc are expressed
by Equations (3) and (4), respectively:

AIC(k) = —2logL + 2k 3)

2k(k + 1
AlCc(k) = AIC(k) + g
n—k—1

where k is the number of parameters of a specific model. AICc values are much more
affected by the sample size of the data series, so the rescaled form of AICc, A; is used to
rank the GEV models as given by Equation (5):

(4)

A;= AICc — 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 as reasonably good choices
[47].

When a non-stationary model is identified as the best GEV model, it is necessary to
assess its statistical significance against the stationary GEV model. The best non-stationary
model’s significance can be checked by the likelihood ratio test (LR-test), usually recom-
mended when comparing two candidate models. The test of the null hypothesis of no
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trend (stationary model) can be performed by comparing the minimized negative log-
likelihood functions of the stationary and the best non-stationary model [45] (Equation

(6)):
—logLg x —logLys (6)

where —logL; is the negative log-likelihood of the stationary model, and —logL,; is the
negative log-likelihood of the best non-stationary model.

Under the null hypothesis of no trend, the likelihood ratio test statistic, based on
twice the difference between —logLs; and —logL,s, has an approximate Chi squared dis-
tribution (x?) where the degree of freedom is denoted as the difference between the num-
ber of parameters of the models [46]. The LR statistic is given by Equation (7):

D = 2[—logLs+logLys]~x? (7)

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 [6]. In this
study, if the p-value is lower than the 0.05 (95% confidence level), the best non-stationary
model is statistically significant compared to the stationary model.

3.1.3. Rainfall Depth Estimation

The inverse distribution function is used to estimate the rainfall depth, based on the
conventional T-year return period (1/(1-F)). For stationary GEV model and & # 0, the
rainfall intensity zp is given by Equation (8):

=n-2i-fon(1-2)") ®)

However, once the best GEV model is identified as non-stationary, its location and/or
scale parameter value vary over the time. Thus, the time-variant parameters are derived
by computing the 95th percentile of the trending parameter’s value by Equations (9) and
(10), under a low risk approach [37]. The calculated model parameters are then replaced
in Equation (8) and non-stationary rainfall intensity or rainfall depth is estimated.

Aos = Qos(fy, iz, -+, fin) )

Gos = Qo5 (81, 62, -, On) (10)

Ultimately, there are several formulations for adjusting IDFs in the form of smooth-
ing curves [43]. In this paper, the general formulation used is shown in Equation (11):

I=A(d+C)® (11)

where [ is the rainfall intensity (mm/h); A, B and C are the coefficients for each return
period (T) in years; and d is the duration of precipitation in hours.

3.2. Non-Stationary IDF Curves under Changing Climate

A modified EQM method generates non-stationary IDF curves under changing cli-
mate conditions (EQMnxs). EQM method captures the distribution of changes between the
projected time period and the baseline period (temporal downscaling) in addition to spa-
tial downscaling of the annual maximum precipitation derived from the GCM data and
the observed sub-daily data [11].

In original EQM, the quantile-mapping function performs the spatial downscaling
by transferring the quantile of the historically observed distribution to the historically
modeled distribution [20]. This method is highly recommended to be used for IDF pur-
poses, since it allows the application of annual maximum precipitation from climate
model simulated rainfall [14,48] instead of using complete daily precipitation records [29].
Using the principle of quantile mapping, the cumulative probability distribution of the
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GCM (Fy, ) and the sub-daily series (x;, ) are equated to establish a statistical relation-
ship between them and to obtain GCM modeled sub-daily (%; , ) values as shown in Equa-
tion (12):

Zion = Fion[Fmn(Xmn)] (12)

where % is the annual maximum quantile at the station scale, F is the cumulative distri-
bution functions and F~! is its inverse. j,0,i correspond to each sub-daily (’j') observed
rainfall data (‘0’) in historical-baseline period ("), while ‘m’ remains the modeled data.
The quantiles extracted from each pair %, 5 and X, are equated to establish a func-
tional relationship in the form of the Equation (13).

R aj + X p d;

Xjon = m + m (13)
where a;, bj, Cj and d]- are the adjusted coefficients. A Differential Evolution optimiza-
tion algorithm [49] is used to fit the coefficients. The Ordinary Least Squares method is
used as the objective function to be optimized (minimized) in order to obtain the optimal
set of coefficients. Unlike the original EQM, in which spatial downscaling is applied as-
suming no trend pattern in GEV distribution parameters of historic period, the new
EQMns introduces the effects of non-stationarity in historic AMPs time series by adopting
the 95t percentile values from the varying parameter(s) (Equations (9) and (10)) in Equa-
tion 12. This step ensures that the non-stationarity presented even in the historic period is
accounted for generating IDFs for future conditions.

The second step of EQM algorithm is the temporal downscaling, which finds the re-
lationship between GCM daily maximum precipitation for the baseline period and the
future GCM-simulated (for all RCPs) daily maximum precipitation [11]. Similar to EQM,
EQMNs uses the quantile delta mapping, since it preserves the relative changes in the pre-
cipitation mean and quantiles obtained from the climate models [24,50]. The cumulative
probability distribution of the GCM generated rainfall in the future period (Fy, ) and the
GCM generated rainfall in the baseline period (x,, ;) are equated to establish a statistical
relationship (Equation (14)). In addition, the relative change between the historical and
future period is given by Equation (15):

Em = F ™ [P ()] (14)
A= St (15)
Xm,h

where m,f corresponds to the modeled data (‘m’) in future projection period (’f), and A,
is the relative change. Projected future maximum sub-daily series (x; r)) at the station scale
is then generated using Equation (13) by replacing X, , with X, , and multiplying it by
the relative change A,, from Equation (15) as given by Equation (16):

Xjf = B " Xjopn (16)

Future IDF curves are generated by repeating the statistical analysis presented in Sec-
tion 3.1 (Equations (1)—(11)), given the future sub-daily time series. The application of
these analysis is necessary since they certify the presence of non-stationarity in future sub-
daily series and estimation of future non-stationary rainfall intensity.

4. Results and Discussions

In order to evaluate the proposed methodology, this study used the precipitation se-
ries of 5 min, 10 min, 15 min, 30 min, 1 h, 2 h, 6 h, 12 h and 24 h durations available for the
selected stations. Section 4.1 provides an overview of extreme precipitation for Moncton
and Shearwater stations, pointing towards the best GEV modeling for sub-daily observed
data, while its effect is presented in the form of rainfall intensity in Section 4.2. Section 4.3
analyzed the new conditions for spatial downscaling to ensure the formulation of
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Equation (12) is able to establish a statistical relationship between the quantiles from ob-
served and GCM series for the historical baseline period. This analysis is presented using
the multimodel ensemble median of the 24 GCMs. Future IDFs are developed for 2-, 5-,
10-, 25-, 50- and 100-year return periods, which are commonly used in water infrastructure
design and management. We presented the uncertainty introduced by different GCM
model in rainfall depths estimation. Based on the multimodel ensemble median, future
IDF curves are analyzed, which includes: (i) changes in the stationary future rainfall in-
tensities compared to the observed rainfall intensities (EQM); (ii) changes in the non-sta-
tionary future rainfall intensities compared to the observed rainfall intensities (EQMnxs);
and (iii) differences between the future rainfall intensities, obtained using stationary and
non-stationary conditions.

The EQMn~s methodology implementation is done using the open-access RStudio pro-
gramming environment [51], based on its available packages and functions [52].

4.1. Trends in GEV Model Parameters in Historical Observed Data

Nine GEV models are used to identify and analyze trends in the annual maximum
rainfall distribution parameters for both gauging stations. As presented in Tables S1 and
S2 (Supplementary Material) for Moncton and Shearwater stations, respectively, the re-
sults indicate a presence of non-stationarity for some durations, based on the existence of
trends in GEV parameters.

For Moncton station, results indicate a significant trend pattern in GEV’s location or
scale parameters among rainfall durations. GEV-I is not ranked as best, except for short
rainfall durations (5- and 10-min). On the other hand, GEV-II is the only model that has
substantial support to be a candidate model for all durations with A; < 2 [48]. In other
words, there is a trend in the location parameter in extreme precipitation. Further, for all
durations, GEV-VIII and GEV-IX models did not appear as a reasonable choice based on
A; value. For 5 and 10 min, the GEV-I is found to be the best GEV model (the GEV param-
eters remain constant). For 15 and 30 min, GEV-VI and GEV-V are identified as the best,
respectively, representing a trend in scale parameter (increase indicates a higher spread
of distribution over the years). Otherwise, for durations greater than 1 h a trend in location
parameter is found to be the best choice model, with GEV-II for 1, 6 and 12 hours and
GEV-VII for 2 hours.

Unlike the Moncton station, most of the durations at Shearwater station can be con-
sidered stationary based on the A; value, except for 1440 min in which a linear trend in
the location parameter (GEV-II) is statistically significant. For 360 min, a linear trend in
the scale parameter (GEV-V) is given as the best model. It can be observed in Table S2
that, for most all the durations GEV-II model is a reasonable choice for Shearwater Station,
with exceptions of 10 and 15 min.

The best GEV model identified by Table S1 supports the estimative of GEV parame-
ters as presented in Table 4, whereas best GEV model of Table 52 supports the results of
Table 5. Although a single model for all durations is often assumed, these parameters are
calculated based on the best model fitted to each duration data. For all the identified non-
stationary models, there is upward trend in the varying parameters, indicating an under-
estimation of values in the stationary GEV model, and further, the rainfall depth estima-
tion. AICc values for a specific duration do not show great variations. The same is found
for A; values, which indicates how sensitive these results can be when the same covariate
is considered. In addition, GEV-VIII and GEV-IX have the highest AICc values for most
of all the durations, indicating that they are not to be used for non-stationary modelling
at the selected stations.
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Table 4. Parameters of GEV distribution, in mm, for historical data for the Moncton station.

Duration Best Stationary GEV ModelBest GEV Model (95th Percentile)

LR-Test (P-Val
(Minutes) GEV-Type Location Scale Shape  Location Scale  Shape est (P-Value)

5 I 5.18 210 0.07 5.18 2.10 0.07 -
10 I 7.32 292 0.07 7.32 2.92 0.07 -
15 VI 8.92 3.35 0.09 9.01 4.27 0.14 0.043
30 v 12.03 412 0.08 12.33 5.51 0.06 0.030
60 1I 16.22  4.60 022 18.06 4.10 0.31 0.011
120 VII 2222 563 0.23 25.46 5.19 0.30 0.047
360 1I 3530 11.07 -0.02 39.97 10.78 -0.03 0.041
720 1I 4359 1435 0.02 50.68 13.86 0.004 0.016
1440 11 51.44 1745 0.05 61.62 15.95 0.08 0.002

Table 5. Parameters of GEV distribution, in mm, for historical data for the Shearwater station.

Duration Best Stationary GEV ModelBest GEV Model (95th Percentile)
. - - LR Test (P-Value)
(Minutes) GEV-Type Location Scale Shape  Location Scale  Shape

5 I 498 1.46 0.07 498 1.46 0.07 -
10 I 767 216 0.001 7.67 2.16 0.001 -
15 I 9.88  2.80 -0.13 9.88 2.80 -0.13 -
30 I 13.88 3.95 -0.16 13.88 3.95 -0.16 -
60 I 1917 494 -0.06 19.17 494 -0.06 -
120 I 2630 695 0.04 26.30 6.95 0.04 -
360 A% 4424 11.94 -0.004 43.93 14.67 0.14 0.044
720 I 54.57 14.34 -0.06 54.57 14.34 -0.06 -
1440 11 60.59 16.05 0.08 66.61 15.05 0.12 0.030

Overall, it is important to verify if the estimates for GEV parameters are reasonable,
especially the shape parameter, since it directly influences the tails of the distribution [25].
The shape parameter value is in the range of —0.16 to +0.31, which is in line with the find-
ings of [38] for daily time series stationary analysis for the specific study region. In this
way, these results are suitable to be incorporated into the GCM data bias-correction.

4.2. Historic IDF Relationships

Based on the best-fitted GEV models for different durations of the observed data for
Moncton and Shearwater stations, IDF relationships for 2-, 5-, 10-, 25-, 50- and 100-year
return periods are developed using Equation (8) (Figure 3 and Figure 4). In addition, for
comparison purposes, the IDFs for the stationary case (GEV-I) are also developed. This
comparison provides some additional insights about the observed historical period. Over-
all, non-stationary IDFs differ for different durations and therefore the observed differ-
ences and relative changes (i.e., the percentual value of rainfall increment provided by the
non-stationary model compared with the stationary model) do not follow a similar pat-
tern. Therefore, given the different trends over durations, there are some cases in which
rainfall depth for a lower duration appears as superior to the rainfall intensity for a higher
duration (e.g., in Figure 4, the rainfall depth estimated for 360-min and 25-year is higher
than the rainfall depth estimated for 720-min and same return period). These results are
expected since the trend parameters are assessed for each duration, assuming an inde-
pendence assumption [43]. In addition, the rainfall depth presented here is estimated us-
ing the inverse of GEV function which parameters’ behavior varies according to its as-
sessed performance. Further, even being in the same geographic region, the difference in
the observed time period between stations may lead to different trends associated with
data (as the assessed GEV models indicated), and further to the estimated rainfall quan-
tiles. Also, the type of the covariate used, i.e., time, may lead to different trends, while
large-scale variables may produce more convergent results for the same climatic region

[61.
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The relative changes vary with the non-stationary GEV model for calculated IDF re-
lationships among different durations. On one hand, for those durations in which non-
stationary GEV model shows a trend in the location parameter, there is no observable
pattern of relative change among different return periods. The relative change is higher
for low durations and lower for high durations among durations. On the other hand,
when the non-stationary GEV model of a trend in the scale parameter is considered, the
relative change increases with the rainfall duration. For Moncton station, relative changes
for 100-year return period is about 29.9% for 15-min duration (when there is a trend in the
scale parameter) and 6.5% for 1440 min (when there is a trend in the location parameter).
This trend condition results in 40.2% (360-min) values and 6.4% (1440-min), respectively,
for the Shearwater station.

—— Nonstationary —= Stationary

2 years 5 years
801 1001
60 75+
40+ 50 4
20 25
04 0
10° 10° 10° 10° 10% 10°
10 years 25 years
’é‘ 100 120+
£
£ 754 904
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£ 254 30+
(o]
14
0+ 0
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50 years 100 years
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105+ 1204
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35- 40
0_ T T T O_ T T T
10° 107 10* 10° 10° 10*

Duration (minutes)

Figure 3. Stationary and non-stationary rainfall depths for different return periods for Moncton
station.



Water 2021, 13, 1008 15 of 23

—— Nonstationary —= Stationary

2 years 5 years
80 1001
601 75+
40+ 50
204 25
O- T T T O T T T
10° 10° 10° 10° 10% 10°
10 years 25 years
1201 1401
E
£ 97 105 4
o
[
O 60+ 70+
&
€ 30- 35 -
(o]
1'd
04, . . 01, { !
10° 10° 10 10° 10% 10"
50 years 100 years
150 1601
10 120 1
80
50-
40
O_ T T T O T T T
10° 10 10 10° 10? 10

Duration (minutes)

Figure 4. Stationary and non-stationary rainfall depths for different return periods for Shearwater
station.

The results provided indicate that, for both minor and major significant water infra-
structure systems, the difference between stationary and non-stationary rainfall intensi-
ties can be very significant in terms of design and operations. Furthermore, even in flood
mapping, usually produced with higher return periods, underestimating extreme precip-
itation events can lead to underestimated flow values.

4.3. Performance of the Modified Spatial Downscaling

In this section, the location and/or scale parameters” 95th percentile is computed
based on the best GEV model and used to find a statistical relationship between observed
and GCM modeled data for historical-baseline period, obtained in the form of a non-linear
regression (Equation (13)). This is the modification adopted in the spatial downscaling to
transfer the effects of non-stationarity in the observed period to future IDFs.

AMP quantiles at the station scale are presented in Figure 5, given the ensemble me-
dian performance. Figure 5 presents a comparison of stationary and non-stationary val-
ues, for those durations where the non-stationary behavior is identified. The results sug-
gest larger quantile values for non-stationary conditions in comparison with stationary
condition, with exception of low quantiles for short durations (e.g., less than 30-min du-
ration). A similar quantile’s ascendance is identified between GEV modeling conditions,
and the differences are greater for high rainfall durations. In addition, non-linear regres-
sion curve is presented, ensuring that the format is adequate to represent the relationship
between sub-daily and GCM based historical data. Thus, results confirm that the adoption
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Figure 5. Quantile-mapping method for spatial downscaling for different durations. Lines represent the non-linear equa-

tion.

4.4, Future IDF Curves

Future rainfall depth estimation using all GCM datasets is presented in Figure 6 and
Figure 7, for Moncton and Shearwater stations, respectively, and for the RCP 8.5 projec-
tion scenario. Other scenarios are available in the Supplementary Material (Figures S1 to
S4). The boxplot graph shows how uncertainty on estimated rainfall quantiles is inherent
to the choice of a single GCM. Overall, it is observed that the variation increases with
rainfall duration and return period. These uncertainties are higher for non-stationary be-
havior than for the stationary, which is expected since the behavior of future sub-daily
time series depends on the GCM model and is influenced by the identified best fitted GEV
model.

Rainfall depth estimated using the multimodel median ensemble of the 24 GCMs is
also presented in Figures 6 and 7. Note that the median ensemble is obtained as the me-
dian value of AMPs outputs for each GCM model, and its rainfall depth as result does not
necessarily represent the median of results from all the GCM models generated by the
boxplot graph. In spite of the observed outliers, results from the ensemble can represent
the rainfall depth for different future projections, being able to supply the several varia-
bles incorporated for different single models. Table S3 shows the GEV parameters fitted
according to the best GEV model statistically defined for each duration and RCP 8.5 sce-
nario for Moncton station, whereas Table S4 presents results for Shearwater station.
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Figure 6. Rainfall depth estimation for different return periods and GCM models for the Moncton
station (Representative Concentration Pathways (RCP) 8.5 emission scenario). Black point repre-
sents the rainfall depth estimated with the multimodel median ensemble. Red x represents the
models in which results produce outliers.
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Figure 7. Rainfall depth estimation for different return periods and GCM models for the Shearwa-
ter station (RCP 8.5 emission scenario). Black point represents the rainfall depth estimated with
the multimodel median ensemble. Red x represents the models in which results produce outliers.

IDF curves generated based on the ensemble of 24 GCMs for the RCP 8.5 scenario
(up to 2100) are presented in Figure 8 and Figure 9 for both gauging stations (see Figures
S5 and S6 in the Supplementary Material for other RCPs). The IDF curves for the historical
period are included allowing the comparison of the periods. In general, the curves shift
upward from the historical period to future period. There is an increase in the future pre-
cipitation intensities, for all return periods and durations, and for both the stationary and
non-stationary scenarios, although with different magnitudes. The degree of rainfall in-
crease varies and depends on duration (on how the time series is modelling). These find-
ings suggest that future extreme rainfall events will exceed the capacity for which the
current water infrastructure is designed, pointing out the need for updating IDF curves.
Regarding the RCP scenarios, the rainfall increase does not follow the severity of the sce-
nario, which can be internally related to the nature of data and climate model used in the
analysis.

Completed results can be observed in the Supplementary Material (Tables S5 and S6).
The following observations are made based on the results of the analysis. Considering all
the RCP scenarios, when comparing the observed stationary (S) with future non-station-
ary (NS) rainfall intensities, it is found that the increase is higher for those durations that
present increasing trend patterns, even in the present period. For example, higher changes
are observed for 360 min at Shearwater, compared to 60 min at Moncton. The results sug-
gest that a trend pattern in the scale parameter of time series greatly influences the rainfall
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Moncton Station

Rainfall Intensities (mm/h)

intensities, and this behavior is translated to the future period. For the RCP 4.5 and RCP
8.5 scenarios, the comparison of rainfall intensities from observed S and future S (from
EQM) presents increasing pattern for different return periods. At Moncton station, the
relative change is reduced with the increase of return period, whereas the opposite behav-
ior is observed at Shearwater station. In spite of a higher increase, when comparing ob-
served S and future NS rainfall intensities, a similar behavior is found at both stations. For
those durations with observed scale parameter trends in the historical period (e.g., 15 min
in Moncton and 360 min in Shearwater), the increase is much more significant than for
other durations. Future NS rainfall intensities are estimated based on the GEV-II model
for most of the durations. For the RCP 8.5, the increase up to 64.4% for 2-year return period
and up to 55.4% for 100-year return period is observed for Moncton. For Shearwater, these
values can reach 59.1% and 65.5%, respectively.

In general, the change imposed by the climate in future is higher for Moncton than
for Shearwater, based on the all RCP scenarios, since the degree of change on precipitation
is higher for Moncton. The results suggest that return period can be extremely reduced in
the future. The magnitude of reduction varies with duration and is much higher under
the non-stationary behavior. For example, the observed 100-year return period event of
1440-min duration is 5.9 mm/h, and it is smaller than 6.0 mm/h of the 10-year return period
future extreme event for RCP 8.5 scenario at Moncton station. A similar reduction is found
for Shearwater station.
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Figure 8. Rainfall intensities, in mm/h, estimated for the multimodel ensemble for the Moncton station. X-axis is duration
of precipitation in minutes, and Y-axis is the intensity of precipitation in mm/h.
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Figure 9. Rainfall intensities, in mm/h, estimated for the multimodel ensemble for the Shearwater station. X-axis is dura-
tion of precipitation in minutes, and Y-axis is the intensity of precipitation in mm/h.

5. Summary and Conclusions

This manuscript presents a new methodology that combines non-stationarity and
equidistant quantile matching for the development of future IDF curves under climate
change conditions. Nine GEV models (one stationary and eight non-stationary) were fit-
ted to the historical data, using time as a covariate in the form of the trend function. Sta-
tistical analysis was performed to identify the best GEV model. Once the best GEV model
is non-stationary, the trend parameters are used in spatial downscaling for the baseline
period. This process ensures that non-stationarity presented in the historical period is con-
sidered in generating future rainfall quantiles. A similar procedure is used to verify and
quantify future IDF curves. Unlike other methodologies for generating IDF curves under
climate change, the methodology presented in this paper is able to consider the non-sta-
tionary conditions in the present and future time periods. The proposed methodology is
carried out to model the sub-daily precipitation series at the Moncton and Shearwater
gauging stations in Canada for the period of 2020 to 2100.

From the observed data, it is noted that non-stationarity is present for most of the
durations, indicating a real and current underestimation in water infrastructure planning
and design based on the stationary IDF curves. In the future scenario, and compared to
the observed IDFs, there is an increase in estimates of rainfall quantiles, which is even
more expressive under a non-stationary scenario due to a positive trend presented in the
non-stationary modelling. At the same time, the return period reduces with time. This
new framework suggests that using non-stationary frameworks to develop future IDF
curves is a more conservative approach, being useful in directing ways of change. Other-
wise, the magnitude of the change in the future can be highly affected by the model fitted
to the data and need to be used with caution, given the complexity and number of uncer-
tainties related to climate simulations.

Given the extended impacts of IDF curves on infrastructure planning and design, we
argue for the need in estimating uncertainties arising from different sources, like choice
of GCM model or choice of the probability distribution. In this study, the new non-sta-
tionary framework is based on the best GEV model. However, the results indicated that
the best GEV model may not be non-stationary, and the same non-stationary GEV model
may not be the best for all durations. Assessing different non-stationary GEV combina-
tions allows for a broader understanding of the uncertainty in future IDFs introduced
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through the frequency analyses. Modeling approach used in this study is limited to: (i)
one CDF mapping function, i.e., GEV; (ii) one probability distribution parameter estima-
tion, i.e., Maximum Likelihood method; and (iii) the use of one covariate, i.e., time. Other
uncertainties are present in climate modeling, especially when dealing with sub-daily du-
rations. Thus, further development of the presented methodology should be carried in
order to improve the estimation of future IDFs.

Supplementary Materials: The following are available online at www.mdpi.com/2073-
4441/13/8/1008/s1, Figure S1: title, Table S1: title, Video S1: title.
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