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DISCLAIMER

This study along with all results presented in this report gn@daccompanying Software tool

is based on a research conductgdthe Centre for Advanced Numerical Simulation
(CANSIM) in the Department of Civ and Geological Engineering, University of
Saskatchewan. Part of this work was a result of an M.Sc. program of Md. Shahabul Alam
under the supervision of Professor Amin Elshorbaglge student his supervisor (the
principal investigator)and the canvestigatormade every possible effort to adhere to good
and widely acceptable practices of science and research with regard to the methodology
adopted in this studyHowever, due to the nature of the stuthe results and findings are
subject to uncertairgsdue to various factors outlined in the study. The study aims at raising
issues pertaining to climate change and bringing them to the attention of the city of
Saskatoon. The use tife results reported here should be subject to the judgment, and solely
on the responsibility, of the user.



EXECUTIVE SUMMARY

IntensityDurationFrequency (IDF) curves are among the standard design tools for various
engineering applications, such as storm water management systems. The cacteet is to

use IDF curves based on historical extreme precipitaiésign valuesguantileg. A warming
climate, however, might change the extreme precipitation quantiles represented by the IDF
curves, emphasizing the need for updating the IDF cursed for the design of urban storm
water management systems in different parts of the world, including Canada.

This study attempts to construct the future IDF curves for Saskatoon, Canada, under possible
climate change scenarios. For this purpose, LARS, a stochastic weather generator, is
used to spatially downscale the daily precipitation projected by Global Climate Models
(GCMs) from coarse grid resolution to the local point scBlesembles oftochastically
downscaled daily precipitation realizationgre further disaggregated into ensemble hourly
and subhourly (as fine as “minute) precipitation series, using a disaggregation scheme
developed using the-Kearest neighbor #N) technique Another stochastic disaggregation
method, developed within #histudy, was also employed to disaggregate the daily rainfall
series into hourly resolutioiThis twostage modeling framework (downscaling to daily, then
disaggregating to finer resolution) is applied to construct the future IDF curves in the city of
Saslatoon. By using the simulated hourly and -$wawrly precipitation series and the
Generalized Extreme Value (GE¥)atisticaldistribution, future changes in the IDF curves

and associated uncertainties are quantified using a large ensemble of projec¢toresidbr

the Canadian and British GCMs (CanESM2 and HadGHS®)2 based on three
Representative Concentration Pathwéygure climate change projection®CP2.6, RCP4.5,

and RCP8.5 available from CMIR5the most recent product of the Intergovernmengaddp

on Climate Change (IPCC). The constructed IDF curves are then compared with the ones
constructed using another method based egnabolic regression technique, callgéenetic
programming

The results show that the sign and the magnitude of futuigivas in extreme precipitation
guantilesin Saskatoorare sensitive to the selection of GCMs and/or RCPs, which seem to
become intensified towards the end of thé& 2&ntury. Generally, the percentage change in
precipitation intensities with respect tioe historical intensities for CMIP5 climate models
(e.g., CanESM2: RCP4.5) is less than thosettier outdatedCMIP3 climate models (e.g.,
CGCM3.1: B1), which might be due to the inclusion of climate policies (i.e., adaptation and
mitigation) in CMIP5 dimate models. The adopted framework enables quantification of
uncertainty due to natural internal variability of precipitation, various GCMs and RCPs, and
downscaling methods. In general, uncertainty in the projections of future extreme
precipitation quarnies increases at shorter durations and for longer return periods. The two
stage method adopted in this study and the GP method reconstruct the historical IDF curves
quite successfully during the baseline period (19820); this suggests that these method

can be applied to construct IDF curves at the local scale under future climate scenarios. The
most notable precipitation intensification in Saskatoon is projected to occur with shorter storm
duratiors, up to one hour, and longer return perioti25 yeas or more

Compared to a historical (baselinehnual maximm precipitation AMP) value of 117
mm/day fora 100-year storm, a maximum value of 144 mm/dayrojected forthe 2011
2040 period with CanESM2 and RCP23milarly, an intensity of 265 mm/hr foa 5minute



historical storm with a 10§ear return period is projected to increase to an inten$iBi7

mmr for the 20112040 period with CanESM2 and RCP28hile an intensity of 275
mm/hr is projected for the same period with HadGEHEMZ and RCP2.@uring 20412070,

the same historical storm is projected to intensify to values of 281 mm/hr and 381 mm/hr by
RCP4.5 and RCP8.5, respectively, based on HadGESIZ ompared to 4-hr storm with a
historicalprecipitation intensityf 84 mm/r for a 10@year return period, an intensity of 140
mm/hris projected for th&2071-2100 timeperiod with the same GCM/RCP using the LARS

WG and KNN-based downscalindisaggregation method.

For improving the results of the research conducted in this study and fongyamare
confidence in its recommendations, it is recommended that the current study be extended to
include several other Global Climate Models (GCMs) available through CMIP5;
improvement in the collection fireesolution precipitation data at various gasgé the city;

and dynamical downscaling methods using multiple regional climate models (RCMs).
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1. INTRODUCTION
1.1 Background of the problem

The use of IntensitpurationFrequency (IDF) curves, which incorporate the frequency and
intensity of maximum rainfall events of various durations, for design of hydrosystems is a
standard praate in many places. The amounts of maximum daily anddsullg rainfall values,
similar to those represented by IDF curves, have shown increasing tremasynocationof

the worldincluding Canada Arnbjerg-Nielsen 2012; Denault et al., 200%yaters &al., 2003).
Thefrequency or theeturn period of a particular rainfall event (i.e., storm) is subject to change
over time as a result of nestationarity (Mailhot and Duchesne, 201The Intergovernmental
Panel on Climate Changé?CC (2012) concludethat the return period cd given Annual
Maximum Precipitation (AMP) amount will decreasignificantly by the end ahe 21% century

with extreme rainfall eventeccurringmore frequently For example, if an urban storm water
collection system was designh 30 years ago based on they®@r 10min rainfall storm, the
design might only satisfy up to 3ar design srm under nosstationary climaticconditions.
Such conditiongnay significantly increase the vulnerability of urban storm water collection
sysems, which are associated with dessfiorm durations of less than a day and even less than
an hour in many cases

In the City of Saskatoon, the event of 24 June 1983 has been identified and selected as the design
storm for the storm water retention pgntHowever, the most recent rainfall events are not like

the past as the total spring and summer rainfall in 2010, for example, is record breaking and is
nearly 50% more than the previous maximum observed in 1920s. The wet summer of 2010,
supported by othesigns of possible climate change, emphasize the immediate need to revisit the
design storm values in Saskato@a s kat oonés storm water <coll ect
and major suksystems (City of Saskatoon, 2008). The minor systems are desigwétidtand

storm events of either 2 ory®ar return periods, whereas the major systems must control peak
runoff situations of a 10§ear return period. The City of Saskatoon, at present, uses the IDF
curves based only on historical data up to 1986, asguthat the future will behave like the
past.Recent studieseveal that extreme events might not be following the historical frequency.

Currently, there is no ufp-date study investigating the possible changes in the IDF curves and
design storms in theity of Saskatoon under climate change or-stationarity. The risk and rate

of failure of systems designed using the historical design storms might be increased in face of
nonstationary climatic condition (Mailhot et al.,, 2007; Adamowski et al., 2009).
Characterization of the possible future changes in ghg#tion rainfall intensities faces several
obstacles, and appropriate methods need to be developed for this purpose. First, the short
duration rainfall eventsin the Canadian prairies, which incledé&askatoon are mostly
convectiveduring the summer months (Shook and Pomeroy, 20@R)bal Climate Models
(GCMs) are now the standard too to quantify the outcome of possible climate change scenarios
in the future. GCMdave the ability to represent wkat variables atoarse gricscale (usually
greater than 200 kilometergjherefore GCM simulationsmight be insufficient to reproduce the
rainfall for a small area (Olsson et al., 2009). Second, the sup@CMs for agivensite and

time period vary remendously among various GCMs and represent&mission scenarios.
However, no GCM can be preferred without a detailed study (Semenov and Startonovitch, 2010).



Moreover, the outpstof GCMs are not available for durations shorter than a daytevious

runs of GMsor several hours in case thfe most recent run3he uncertaintydue to the choice

of GCMs requires multimodel ensembles of climate projections with several modeling
alternatives for characterizing the future rainfall events. Furthermorelyhaod even sub

hourly future rainfall scenarios are required for accurate modeling of the hydrological response
of urban watersheds. Therefore, disaggregation of rainfall to fine temporal resolutions should be
performed to assess the vulnerability ofrstavater collection systems in the City of Saskatoon

with an estimation of uncertainty associated with the constructed IDF curves and the subsequent
hydrological risksThis study is part of a sole source project funded by the city of Saskatoon to
fill the aboveidentified knowledge gap

The goal of this project is to construct the IntengityrationFrequency (IDF) curves/design

storms for the City of Saskatoon under climate chaugeariosThe specific objectives arét)

To inspect if thereisanytned i n Saskatoonds monthly, season.
across various durations from hourly to dailg) {o evaluate the possibility of extending the

historical trends into future and building a notion for future IDF curv€8) to generate
representative long time series of hourly and-bolirly precipitation for the City of Saskatoon,

during the baseline period and under projections of climate change scef@rios;construct a

set of potential future IDF curves for design purposes in Saskatnd(5) To assess and

guantify the uncertainties in the constructed IDF curves.

This report is organized as follows: after the background presented in Section 1.1, the remainder
of Section 1 summarizes some of the main methods and tools used werlhwidimilar
problems. The data and methods used in this study are presented and explained in details in
Section 2, whereas the results and findings of the study are provided in Section 3. Finally, the
conclusions and recommendations regarding future ex@loutlined in Section 4.

1.2.Solutions: Canada and worldwide

Understanding of the dynamics of hydrological processes and their impacts on urban storm water
collection system requires a long record of fine resolution rainfall (Segond et al., 2006), b
records of fine temporal and spatial resolution are often limited. Many regions have rainfall
records at daily scale with limited hourly records. Obtaining-tsulrly rainfall record has
become an important issue as climate change has been showns#o imeneased rainfall
intensitiesat fine temporal resolutiom many parts of the world, including Canada (Waters et
al., 2003).Global Climate Models (GCMs) have the ability to represent weather variables at
coarse gridscale (usually greater than 200okneters) which is too coarse foclimate change
impact studies (Mladijic et al., 20 LNguyen et al., 2008kspecially inurban hydrologywhere

the required scale isisually less than afew kilometers. The GCMsoutputs are usually
downscaled to the lotascale usingvarious downscaling methods, for instance, weather
generators, such as Long Ashton Research Station Weather Generator\l&RSemenov

and Barrow, 199/to obtain required information for impact investigatioher possible
downscaling métods include regional climate models (RCMs), regressased methods, and
weather typing methods. It is not uncommon that further disaggregation of downscaled
precipitation to finer temporal scale (hourly and -balorly) is adopted. More details and
discuwssion of the abovenentioned methods are provided in the sections below.



1.3. Global circulation models

Assessment of climate change is primarily based on Global Cli(oateirculation) Models
(GCMs). The GCMs are numerical models that can representicehysrocesses in the
atmosphere, ocean, cryosphere, and land su(fB€C, 2013) Currently, it is considered that

the only scientifically sound way to predict the impact of increased greenhouse gas emissions on
the global climate is through global scalenulation (Barrow, 2002) GCMs can simulate the
responsgof the global climate to increasing greenhouse gas concentréfiaylsr et al., 2012;

Moss et al.,, 2010)GCMs are the most advanced tools currently available to climate research
communitythatcan incorporate the three dimensional nature of atmosphere and ocean simulating
as many processes as possible. The coupling of atmosptearin GCMs (AOGCMs) is fully
established with the inclusion of changes in biomes, atmosphere, ocean, and evenssitc
(McGuffie and HendersoeBellers, 2014)Global dimate modelswith intermediate complexity

are termed as Earth System Models (ESM).

Previously, the GCMsd6 simulations of <c¢cli mate
A2, and B1) from Cuopled Model Intercomparison Project Phase 3 (CMIP3) were commonly
used. The Fourth Assessment Report (AR4thefintergovernmental Panel on Climate Change
(IPCC) was supported by CMIP3 and the outputs of climate models included in CMIP3 were the
basis ofclimate change impact studies conducted by the research community around the world
since 2007(IPCC, 2007; Taylor et al., 2012Yhe outputsof climate models from CMIP3
provided multimodel impact assessment comprehensively for climate change projettiorng

the 2% century based on the IPCC Special Repd&mission Scenarios (SRES), i.e., A1B, A2,

and B1. Scenariodescribe plausible trajectories of the future climate conditions (Moss et al.,
2010) andactas an appropriate analytical tool to asghssinfluence of driving forces on future
emission results and associated uncertainties (IPCC, 2007). A1B, A2, and B1l scenarios
represented n a rich worl do, n a very het er oc
respectively (Nakicenovic et al., 2000). hél moded Gutpus were contributed by some
modeling centres and archived in the Program for Climate Model Diagnosis and Intercomparison
(PCMDI: http://pcmdi9.linl.gov).

With thereleaseof the Fifth Assessment Rert (AR5) ofthe IPCC based on Phase 5 (CMIP5), a
new set of GCMsO simulations was made freely
climate models produca comprehensive set of outputs with the inclusion of new emission
scenarios, known as Repret#ive Concentration Pathways (RCPs) (Moss et al., 2010; Taylor
et al., 2012). With the introduction September 2018f AR5 based on CMIP5, updating the
previous simulations of projected climate change based on GQ\MIP3ate models became a
requirement.Generally, CMIP5 includes more than 50 sophisticated climate models (GCMs)
from more than 20 modeling groups and a set of new forcing scerf@aglor et al., 2012)
Examples of these GCMs includes: ACCESS1.0, BE3M1.1, CanESM2, CESMBGC,
CSIROMk3.6.0, HadGEMZ2ES, INM-CM4, MIROGESM, MRFCGCM3 (CMIP5, 2013) The

policy actions to achieve a wide range of mitigation were included in the RCPs aiming to have
different radiative forcing targets by the end of thé& 2éntury. The RCPs are denoted by the
approximate radiative forcingWm?) they might reach by the end of the S2tentury as
compared to the year 1750he values of radiative forcing represented by each RCP are
indicative of the targets only by the end of year 2100. However, a rangé' o&fdry climate


http://pcmdi9.llnl.gov/

policies can be represented by the RCPs as compared with tpeliecyo AR4 emission
scenariosThe relative projections due to AR4 and AR5 emission scenarios/RCPs are shown in
appendixA.

The Integrated Assessment Models (IAMs) were Usethe Integrated Assessment Modeling
Consortium (IAMC) to produce the RCPs by considering various components, such as
demographic, economic, energy, and climate (IPCC, 2013). Generally, IAMs combine a number
of component models, which mathematically reprederdings from different contributing
sectors. IAMs are broadly of two categories: policy optimization models and policy evaluation
models (Weyant et al., 1996); and policy alternatives for the control of climate change can be
evaluated by combining tecieal, economic and social aspects of climate change in an IAM
(Kelly and Kolstad, 1998).

1.4. Downscaling methods

Assessment of climate change is primarily based on outputs from GCMs, although the climate
variables at the local scailescale of influencdor hydrological processes and infrastructure

show large differences when compared with those at the coarse scale of GCMs (Zhang et al.,
2011; Hashmi et al.,, 2011). To overcome this probleamous downscaling approaches are
usually used, and they alwoadly of two categories: dynamical and statistical downscaling
methods (Hashmi et at., 2011; Franczyk and Chang, 2009). A brief description of these
downscaling methods is provided in the following sections.

1.4.1. Dynamical downscaling

Dynamical downsaling is performed by running Regional Climate Models (RCHhfsjiner
scaleausing the outputs of GCMs (Xue et al., 2014; Sharma et al., 2011) as boundary conditions.
Originally, RCMs were developed as physically based downscaling tools; however, currently
their use for simulating physical processes has been increased (Giorgi and Mearns, 1999).
Examples of RCMs include Canadian regional climate model (CRCM), climate high resolution
model (CHRM), Hadley center regional model (HadRM), regional climate mogséers
(RegCM), and the Fifth Generation Pennsylvania State University/National Center for
Atmospheric Research mesoscale model (MM5). Typically, the high resolutiehO(Xkdn)

RCMs are nested within the coarse resolution (typically greater than 200 km¥ GZNhe
purpose of dynamical downscaling, although the use of RCMs as a downscaling tool is
computationally expensive.

Downscaling RCMoutputs employs bias correctioms b as e s in the GCMsb©o
simulations restrict their direct use in climate @ impact studs which needwvhat isknown

inthel 1 t er at ur e a sinthielsimaasionscodb RCMs, the biases oould be due to the
improper boundary conditions provided by the GCMs and lack of consistency in the
representation of physics beve GCMs and RCMs, and parameterizatioh®RCMs (Ehret et

al., 2012). Out of many biasorrection methods available in the literature, the following list only
provides a glimpse of the methods: correction of monthly mean (Fowler and Kilsby, 2007), delta
change method (Hay et al., 2000; Olsson et al., 2012a), quhaskd method (Kuo et al., 2014,

Sun et al., 2011). Biases in the output of RCMs may be overaoohéor reducedf not fully,

through reduction of bias by improving the model predictabilisg af multtmodel ensembles



of GCMs and/or RCMs (to estimate uncertainty bounds), and reduction of bias by processing the
model output afterwards (Ehret et al., 2012). Fowler and Kilsby, 2007 applied simple monthly
mean correction to the mean monthly ppéetion from RCM (HadRM3H) and found it an
effective method to estimate observed precipitation variability during the baseline period. They
preferred this simple correction method to a complex quandided methodused by Wood et

al., 2004)as a reasoide estimate of the observed climate variability was provided by the simple
method with slight underestimation of the variability due to simplification of the method
However, the method used probability distributions for correcting model bias and adbained
they will remain stable over time, which may not be the case in reality.

Olsson et al. (2012a) demonstrated how precipitation from RCM projections can be further
downscaled using the delta change approach to fine resolutions in time and spaleefeuitad

impact assessment of climate change on urban hydrology. The delta change approach (also
known as change factor) has been widely used and applied in climate change impact studies in
many different ways, one of which is the multiplicative charaggor. The multiplicative change

factor (also called relative change factor) is the ratio between the future and the baseline
simulations obtained from GCMs, which is then multipliegt the observed data (e.g.,
precipitation) to generate climate changensc®s of precipitation at the local scale (Anandhi et

al., 2011). Kuo et al. (2014) concluded that the IDF curves constructed with bias corrected MM5
precipitation data using quantitessed method were consistent with the IDF curves at the rain
gauges inrEdmonton. Sharma et al. (2011) used statistical downscaling method (SDSM) and a
datadriven technique for downscaling the RCM data; and found that the further downscaled data
were closer to the obsad data than the raw RCM data.

1.4.2. Statistical dowresling

Statistical downscaling is based on the stati
the local scale observed data (e.g., precipitation) (Wilby et al., 1S@8istical downscaling is

classified into three sutypes: weather typing apmohes, regressidmased methods, and
stochastic weather generators (Wilby and Wigley, 1997).

i. Weather typing approaches

Local meteorological data acategorizedy weather type according to the patterns prevailing in

the atmospheric circulationMean precipitation orthe entire precipitation distribution is
associated with a particular weather type of lesgale variablegprovided by GCMs The
downscaling method is founded on tredationshipsbetween the largscale climate variables
(predictor) andocal scale observed weather variables (predictand). However, instead of creating
continuous relationship betwedme variableslocal scale climate variables (e.g., precipitation)

are generated either by resampling from the observed data distributionioretd on the
atmospheric circulation patterns given by GCMs or by producing sequences of local scale
weather patterns by Monte Carlo simulation method and then resampling from the observed data
(Wilby and Dawson, 2004Y.0 downscale &uture daily precigation event produced kyyGCM,

an analogous condition is searched in the observed data of climatic variables, and the local scale
observed precipitation for the same event is selected as downscaled future precipitation.
Generally, pressure fields proddcéy GCMs are used as predictors. So, weather types are
classified using a classification scheme based on the pressure fields.



This weather typinglownscaling method preverttse selection of an extreme precipitation event

in future beyond the most extne events in the historical recordenly allowing the
modification of the sequence and frequency of historical precipitation. However, the limitation
can be overcome if the changes in the atmospheric circulation are considered along with changes
in otheratmospheric predictors (e.g., temperature, humidity) (Willems et al., 2012; Wilby and
Dawson, 2004). Willems and Vrac (2011) compared the performance of weather typing
downscaling method with that of quantperturbation based methqdased on quantilesh

terms of changes in the IDF curves in Belgium. The changes in-cimation precipitation
extremes were produced similarly by the two methwih the weather typing methodsing
temperature aglargescale predictor in addition to the atmosphericudation.

ii. Regressiorbased methods

The regressiobased methods are also known as transfer function methods, which involve
developing relationships between the local scale (i.e., point station) variables (i.e., precipitation)
and global scale (i.e., @M) variables. Several studies used regresbeased downscaling
techniques, such as multiple linear regression (Wilby et al., 2002; Jeong et al., 2012), generalized
linear models (GLM) (Chun et al., 2013; Yang et al., 2005; Chandler and Wheater, 2002),
canonical correlation analysis (Busuioc et al., 2008; Von Storch et al., 1993), artificial neural
networks ( Schoof and Pryor, 2001; Hewitson and Crane, 1996), and genetic progrdoaseidg
method (Hassanzadeh et al., 2014).

Artlert et al. (2013) used th8DSM, a multiple regressiehased statistical downscaling model
(Wilby et al., 2002)to establish relationship between the GGbdle climate simulations and

local scale precipitation characteristics. They analysed future precipitation characteristics base
on the projected trends from the British GCM (HadCM3) and the Canadian CGCMS3, which
showed huge differences between the future precipitation projections. The differences in the
future precipitation projections indicate a high uncertainty in the dxaskd climate
simulations. The precipitation data obtained through downscalinglswencertain, depending

on the GCMs and downscaling methods used (Willems et al., 20d@)g et al. (2012) used a
hybrid downscaling approach as a combination of a regrebsieed (multiple linear regression)

and stochastic weather generation techniques to simulate precipitation at multiple sites in
Southern Quebec, Canada. They found that the addition of stochastic generation approach to the
multivariate multiple linear regssion method improved the performance of downscaling daily
precipitation from the Canadian CGCM3. The use of a hybrid downscaling approach can
overcome the shortcomings of multivariate multiple linear regression and stochastic generation
approach when tlyeare used separately. Yang et al. (2005), and Chandler and Wheater (2002)
used the GLM framework for generating daily precipitation sequences conditioned upon several
external predictors, which offers superiority in simulating -stationary sequences dise
external predictors may have spatial and temporal variations.

Hewitson and Crane (1996) appliddificial Neural Networks ANNS) for learning the linkage
between the atmospheric circulation produced by GCMs and the local scale precipitation. The
ANNs were trained for each rain gauge station to predict daily precipitation wedures the
linkage learned by the ANNs$lowever, ANNgesult ingeneralized relationships, whielhways

predict the same precipitation for a given circulation. Chadwick e2@l1) used ANNSs to
reproduce temperature and precipitation dynamically downscaled by nested ROMa@OM



over Europe and concluded that ANNs were capable of reproducing the corresponding climate
variablesbut missechigh precipitation values over someuntain areas. The ANNs trained with

only 19601980 data were not able to reproduce temperature or precipitation well {22980

or 20802100 periods, although the performance was improved by training ANNs using different
time periods The GPbased gantile downscaling (Hassanzadeh et al., 2014) using is a novel
type of statistical downscaling methods because it maps the relationship between extreme
precipitation (quantiles) at both global and local scale without having to generate the continuous
precpitation record. GP has the advantage of producing explicit mathematical equations for the
downscaling relationship.

iii. Stochastic weather generation

Quantification ofthe uncertainty due to internalaturalweather variability based on stochastic
weatler generators has a number of applications in design and/or operation of many systems,
such as, water resources systems, urban drainage systems, and land management changes
(Srikanthan and McMahon, 2001). Historically, efforts were made to describe fagaipi
processes in constructing weather generators, since precipitation is the most critical climate
variable for many applications, and very often, its value is precisely (Y¢itks and Wilby,

1999) The process of precipitation occurrence describesstates, wet and dry, which forces

many weather generators to model separately the occurrence and irdepssgipitation(Wilks

and Wilby, 1999).

The first statistical model for simulating the occurrence of daily precipitation was developed by
Gabrid and Neumann (1962) using a fuatder Markov chain model. They assumed that the
probability of precipitation occurrence is conditioned only on the weather condition of the
previous day, i.e., wet or dry. Later, the fisstler Markov chain model of dgilprecipitation
occurrence was combined with a statistical model (i.e., exponential distribution) of daily
precipitation (with nonzero value) amounts by Todorovic and Woolhiser (1975). These initial
models were constructed for the simulation of a singlmate variable, generally daily
precipitation for hydrological analysis. The simulation other climate variables (e.g., daily
precipitation, temperature, and solar radiation) becaossible using stochastic weather
generators in the early 1980shich were developedby Richardson (1981) and Racsko et al.
(1991). Climate changeincreasedinterest in stochastic weather generators for stochastic
simulation of local weather (Semenov and Barrow, 1997).

A stochastic weather generator is used to simulaty tlaie series of weather variables having
statistical characteristicsimilar to the observed weather variables (Wilks and Wilby, 1999).
Various tools (Semenov and Barrow, 1997; Wilks, 1999; Wilks and Wilby, 1999; Wilby and
Dawson, 2007; Sharif and BurnQ@7; Hundecha and Bardossy, 2008; King et al, 204e

been proposed as weather generators. Multiple regression models and stochastic weather
generators are examples of the statistical downscaling techniques that are widely used (Wilks,
1992, 1999), sirethey are less computation intensive, easy to use, and efficient (Semenov et al.,
1998; Dibike and Coulibaly, 2005). Hashmi et al. (2011) conducted a comparison between a
multiple regressiotfbased model (i.e., SDSM) (Wilby et al., 2002) and a weatheraendi.e.,
LARS-WG), which showed theifSDSM and LARSWG) acceptability with reasonable
confidence as downscaling tools in climate change impact assessment studies.



Two weather generators, LARSG and the Agriculture and AgRood Canada weather
geneator (AAFGWG), were used by Qian et al. (2008) to reproduce daily extremes (maximum
daily precipitation, the highest daily maximum temperature, and the lowest daily minimum
temperature)over the period 1972000 Both weather generators were found to odpce
extreme daily precipitation values quite satisfactorily while LARS was found to perform

better in preserving the historical statist{esy., absolute maximum and minimum temperature,
mean and standard deviation of precipitatiin¥in et al., 2@2). Chun et al. (2013)ompared

the downscaling abilities of LAR®/G and GLMbased weather generator (GEMG,
Chandler and Wheater, 2002) using the climate variables dim@igaseline (1961.990) and

future (20712100) periods. GLMNG, a stochastic prgatation model, was developed based on

the GLM structure and twstage precipitation model (first, modeling the sequence of wet/dry
days using logistic regression and second, modeling the precipitation amount using gamma
distributions, Coe and Stern, 1982ARS-WG uses observed daily precipitation to generate
synthetic daily precipitation series at a specific site (Semenov and Barrow, 2002), while GLM
WG simulates daily precipitation based on lasgale climate information at a particular time

and locatbn (Chandler and Wheater, 2002). In that particular shyd@€hun et al. (2013)oth
weather generators showed equal performance in simulating monthly and annual precipitation
totals, while GLMWG showed superiority in simulating annual daily maximum ipretions

due to the information of larggcale climate used in GLIWG.

Qian et al. (2004) and King et al. (2012) concluded that LARS performed better in
simulating daily precipitation but its performance in simulating temperature related statistics
(e.g., absolute maximum and minimum temperatu@} not adequate when compared to the
corresponding performances of AAREG, SDSM, and KNN weather generator with Principal
Component Analysis (WECA). However, LARSNG was found to perform well in simuiag
climatic extremes across Europe (Semenov and
Report (AR4) (Solomon et al., 2007) used moitdel ensemble, out of which 15 climate
models have been incorporated in the new version (Version 5) of MXBSfor climate
projections. The model ensemble allows estimation of uncertainties associated with the impacts
of climate change originating from uncertainty in climate predictions (Semenov and
Stratonovitch, 2010).

Several studies, using LARSG for climate chage impact assessment (Semenov and Barrow,
1997), suggested that LARSG can be used as a downscaling model with substantial
confidence to conduct climate change impact assessment by extractisgesifec climatic
characteristics (Hashmi et al., 201lengnov and Stratonovitch, 2010; Qian et al., 2008;
Semenov and Barrow, 1997). LARBG can be used to generate synthetic daily precipitation

data by calculating sitepecific weather parameters from observed daily data of at least 20 years
(Semenov and Basw, 1997). The LARSNG is capable of producing daily climate scenarios

for the future at the | ocal scale based on
providing the means for exploring the uncertainty in climate change impact assessment
(Semenov ad Stratonovitch, 2010).

LARS-WG was adoptedor this researchas a stochastic weather generator tmokimulae
climate data (e.g., temperature, precipitation) in Saskatoon, Canada, during the baseline period
and under future climatic conditions. SINdtARS-WG was used for simulating daily



precipitation series in thistudy The simulated data are in the form of synthetic daily-tsemes
having similar characteristics to the observations. LARS provides a computationally
inexpensive platform for gemating daily future climate data (e.g., temperature, precipitation) of
many years under the projections of climate change scenarios, which are of spatial and temporal
resolution suitable for local scale climate change impact studies. {MXBScan reproduce
changes in the mean climaadin the climate variability at the local scale. The first version of
LARS-WG was developed in 1990, while the latest version was developed in 2002 incorporating
series approach (Racsko et al., 1991), which in this contexihsriat the weather generation
begins with the simulation of wet/dry spell length and then the precipitation amount is modelled
(Semenov and Barrow, 2002). The performance of LARS was compared with the
performance of another popular stochastic weath#EN (Richardson, 1981), over several
sites with diverse climates and was found to perform as well as WGEN (Semenov et al., 1998).

The weather generation process in LARS is based on sereimpirical distribution (SED),
which is defined as the cumulatiyeobability distribution function describing the probability
that a random variable X with a given probability distribution takes on a value less than or equal
to x. The semempirical distribution is represented by a histogram with 23-stveed intervis,

[ai-1,8), where @i, a indicates the number of events in the observed data intthmterval and

i =1, 2, éé. ., 2 3f the Tevertsare aeleateel sandomly from the sesmpirical
distributions, where an interval is selected first using thetifsn of events in every interval as

the probability of choice and subsequently a value is chosen from that interval using a uniform
distribution. SED provides a flexible distribution with a possibility to approximate a wide range
of shapes through adjusént of the intervals, {&a). The choice of the intervals,ifaa) is
dependent on the weather variable type; for example, the intervals are evenly spaced in case of
solar radiation, while the interval size is increased with the increase in i fovetitdry spell
lengths and for precipitation in order to restrict the use of very coarse resolution intervals for
extremely small values (Semenov and Stratonovitch, 2010; Semenov and Barrow,T2@02).
steps for generating daily precipitation tieeries ging LARSWG are provided with in
appendixB.

1.5. Rainfall disaggregation

To overcome the lack of higtesolution temporal and spatial precipitation data crucial for
hydrological, meteorological, and agricultural applications, disaggregation of agailaial from

one temporal and spatial scale to another seems to be the most efficient alternative (Sivakumar et
al., 2001). Several disaggregation technigegst in water resources literaturenabledthe
generabn of high-resolution temporal and spatiaifecipitation data using the widely available

daily precipitation data. The disaggregation techniques include Bamis rectangular pulse

model (Rodriguedturbe et al., 1987, 1988; Khaliq and Cunnane., 1996; Bo et al., 1994),
Generalized linear moddlGLM) (Chandler and Wheater, 2002; Segond et al., 2006), the
Multifractal cascade process (Shook and Pomeroy, 2010; Lavellee, 1991), the Chaotic approach
(Sivakumar et al.,, 2001), and nparametric methods such as, Artificial Neural Networks
(Burian etal., 2000), and Khearest neighbor @IN) technique (Lall and Sharma, 1996; Yates et

al., 2003; Sharif and Burn, 2007; Buishand and Brandsma, 2001). Istukig downscaling

refers to the generation of daily precipitation time series at the local ssialg the daily
precipitation series at the global scale, while disaggregation refers to the generation of



precipitation series from the coarse temporal scale to the fine temporal scale (e.g., transforming
daily precipitation to hourhandto subhourly).

Yusop et al. (2013) and Abdellatif et al. (2013) used Bartlett Lewis Rectangular(Fdéseto
Rodriguezlturbe et al., 1987, 1988 for detailsjodel to disaggregate daily precipitation into
hourly precipitation. Segond et al. (2007, 2006) and Wheatal. (2005) used GLM to simulate

daily precipitation while the Poisson cluster process was used as a temporal disaggregation
method to generate precipitatian finer resolutions (i.e., hourly). Lu and Qin (2014) used an
integrated spatigiemporal dowscalingdisaggregation approach based on GLMNK, and
MudRain (Koutsoyiannis et al., 2003) methods to evaluate future hourly precipitation patterns in
Singapore. Olsson (1998) and Rupp et al. (2009) used cascade model for disaggregation of daily
preciptation to hourly precipitation. Burian et al. (2000) implemented a disaggregation model in
ANNSs for the disaggregation of hourly precipitation to -$gurly time steps (1&inuteg. The

ANN disaggregation model performed better, in obtaining the maximuyoth ded the time of
15-min precipitation, when compared with two empirical precipitation disaggregation models
developed by Ormsbee (198®%)was not clear whether the ANN disaggregation model was able

to preserve the historical statistics, specificdlly variancef the historical precipitatian

Yates et al. (2003) developed and applied apenametric weather generator based eNNX

for the simulation of regional scale climate scenarios. Sharif and Burn (2007) made an
improvement of the KNN based weather generator, developed by Yates et al. (2003), by adding

a random component in order to obtain precipitation data beyond the range of historical
observations; which is important in simulating the hydrologic extremes (Irwin et al., 2012).
Prodanovic ad Simonovic (2007) used the improvedNN based weather generator, developed

by Sharif and Burn (2007), to simulate daily precipitation, and the same approach was used to
disaggregate daily precipitation to hourly precipitation. TRHN technique is a neparametric
method and easy to implement. Resampling from observed data forms the foundation of the
method that enables the disaggregated precipitation data to preserve the statistical characteristics
of the observed data with high likelihood (Prodanowic &imonovic, 2007)The ability to
preserve statistical characteristics of the observednlakas it a feasible approach to be adopted

in thisstudyto disaggregate precipitation data from daily scale to hourly anticutly scale.

The K-NN techniquas a form of nearest neighbour (NN) search, which is also known as elosest
point or similarity or proximity search, whose aim is to identify the most similar or closest points
to the point of interest. The similarity or closeness is measured by Euclidédahalanobis
distance or other distance metrics (Elshorbagy et al.,, 2000). The more similar the points, the
closer they ar¢o the point of interestK-NN technique can be defined as follows: if a space S
contains a set P of points and a point of intekeist kN S, the KNN finds the closest points
(measured by the distance metriwsk in P (Liu, 2006).

The days in the historical time series for which the observed weather variable is similar to the
simulated weather variable of a given day are known asstesighboursGenerally, the KNN
technique involves finding K similar or closest points to the point of interestNNK
wasoriginally used for pattern recognition; which was laemonstrateéds a resampling (i.e.,
bootstrap) method by Lall and Sharmi®%6). The resampling approach based eNNK was
extended to a stochastic weather generator for a single (Rajagopalan and Lall, 1999) and for
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multiple sites (Yates et al., 2003; Buishand and Brandsma, 2001), which was further improved
by Sharif and Burn( @7) as perturbation of historical data enabled extrapolation of weather
data beyond the historical record. The method developed by Sharif and Burn (2007) was further
adopted by Prodanovic and Simonovic (2007) for the disaggregation of precipitationditgm d

to hourly time scale. The-KIN technique was adopted in this study for temporal disaggregation
of daily precipitation to hourly and stiourly scales.
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2.DATA AND METHOD S

This sectionprovides a description dhe study area, the precipitation data used for developing
thetwo-stage downscalinrdisaggregation methottend analysisand the methodology followed

for conducting the modeling and the analysis needed to achieve the study objectives. The model
developrnent and analysis consist of two consecutive steps: (1) downscaling of daily
precipitation from t hededpedapitatio) tdGteMscd scalec(eel, e (|
point/gauged precipitation); and (2) disaggregation of daily precipitation to lyowand
subsequently to sdlbourly (i.e., 5min) precipitation at the local scale. LAREG, the
stochastic weather generator, was the main downscalagtgodused in this study. A method
based on the Kearest neighbour (KIN) technique, previously used ttisaggregate daily
precipitation to hourly time scale and adopted in this study with few modifications for the
disaggregation of precipitation from daily to hourly and subsequently, thauty (i.e., 5

minute), is presented in thisection The sectionalso includes a description of the Generalized
Extreme Value (GEV) distribution used for the construction of IDF curvE€agkatoon

2.1. Data preparation

The Canadian Prairies are characterizedhgygrasslandnumerouslakes, andrelatively flat
landscape. Relatively wet summaronthsand dry wintermonthsare not uncommon in the
regionbased on seasonal precipitation totals during 28813 from four sites at Calgary, Banff,
Saskatoon, and Winnipeg (Chun et al., 20I3) amount of annual precigitan in the prairies

is generally less than 500 mm, since these provinces are too far away to receive cyclonic
precipitation originated from either the west or the east coast (Gan, 2000). Approximately, 30%
of the annual total precipitation occurs in tbeni of snowfall in the Canadian prairies including
Saskatchewan. Saskatoon (106.70 W, 52.28rdapproximately 218 ki) is the largest city in
Saskatchewan located on the banks of South Saskatchewan River (SSR) with mean annual
precipitation amount of Z35mm during 1962003 according to the daily precipitation records
available  through  the  Canadian Daily  Climate Data (CDCD) portal
(www.climate.weatheroffice.gc.raand 421 mm according to the adjusteckcipitation data
available through the Adjusted and Harmonized Canadian Climate Data (AHCCD) data portal
(http://www.ec.gc.ca/dcchahccd). The SSR basin expects to observe extreme precipitation
events rore frequently under climate change (Martz et al., 2007). A study of daily precipitation
during 19562009 showed increasing trend in the AMP in Saskatoon (Nazemi et al., 2011).
However, data only up to 1986 were included in the construction of the cliénturves;

which are currently used for the design of storm water collection system in Saskatoon. The study
area selected for this research, the City of Saskatoon, is shown in Figure 1.

The observed daily precipitation data at Saskatoon Diefenbaker riAispation during the

baseline period (1961990), measured by Environment Canada (EC), were considered for the
calibration and validation of the employed weather generator (LA/RS. The data are freely
available through Envi ite(olimaeweath€ gaca)doa thesentwef f i c i
baseline period after the data have been reviewed through quality control, which is done for
majority of the Environment Canadasobserved data. The daily precipitation data, in
combination with observed hourly gmipitation data (obtained fromni&ironmentCanada for

the months of ApriSeptember (1961990), were used in developing a model for the
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disaggregation of precipitation from daily to hourly time scale. The City of Saskatoon operates
tipping bucketrain gauges in the city to measure suturly rainfall to capture the spatial
variability of the finetemporalresolutionrainfall in the city. The suhourly rainfall data from

the rain gauges in Saskatoon between Apeibtember were pgrocessed and aggregdtto
obtainrainfall of 5-minute resolution. In this study, thenfinute precipitationdata at variousity
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Figure 1. Location of the study area (Saskatoon, SK).

gauges were analyzed for consistency and length of recdndsarialysis showed that the sub
hourly rainfall recorded at Acadia Reservdgghown as Acadia ifrigure 2)rain gauge has the
longest record (1992009), and it is more consistent with thevitonmentCanadé slaily

precipitation. However, there are migsgitata during the period of 20@204.

The 5minute rainfall data recorded at Acadia Reservoir rain gauge weseglin developing a
model for the disaggregation of precipitation from hourly to thersubly time scale in this
study.Details of the precipation consistency analysis are included in appe@dix
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Figure 2. Location of rain gauges in Saskatoon (Source: City of Saskatoon).

The observed daily and hourly precipitation r
during 19611990 areplottedin Figure 3. The observed daily record contains precipitation data

from January to December, while the observed hourly record congamfiall data from April to

September in each year. The houdinfall data were recorded during those months ofyter

only and made available to this study.

The observed daily and hourly precipitation recordltSas kat oonés Di ef enba
station during 1961990aredescribed by the statistics presented in TabRoth the daily and

hourly observed predi@ation records are positively skewedlhe annual mean precipitation

amount is consistent with the precipitation characteristics in the prairie region, typically less than

500 mm

14



100

80

I

40 .

Daily precipitation (mm)

5110 5840
Days

0 730 1460 2190 2920 3650 4380 6570 7300 8030 8760 9490 10220 10950

[is]
<

(=)}
=
I
|

2
<
1

Hourly precipitation (mm)
=
S
]
1

=]

6 8 10 12
Hours

(=]
(%)
=

x 10*

Figure 3 Observed daily (upper panel) and hourly (bottom panel) precipita n at Saskat c

Diefenbaker Airport station during 194P90 (Source: Environment Canada)

Tablel: Statistics of the observed daily and ho
Airport station during 1961990
Statistc Daily record (JarDec) | Hourly record (ApfSep)

Mean (mm) 0.95 0.05
Standard deviation (mmn 3.35 0.51
Coefficient of variation 3.53 9.98
Skewness 8.99 42.47

Annual mean (mm) 346.61 224.92
Maximum (mm) 96.60 73.90




2.2 Trend analysis

The mostcommonly addressed form of nstationarity in hydroclimatic variables is the
existence of monotonic trends. Trends in monthly, seasonal na@lanaximum precipitations

(MMPs, SMPs, and AMPs, respectivebgn portray significant changes in dynanotextreme

rainfall over time Here the objectives of this section are (1) to inspect if there is any trend in
Saskatoonds MMPs, SMPs, and AMPs across var.i
evaluate the possibility of reconstructing the historicat drves using fitted trend models; and

(3) to evaluate the possibility of extending the historical trends into future and building a notion

for future IDF curves.

2.2.1. Methodology

Various methods are available in the literature to inspect significamdg in the data. Here we
used simple linear regression and the MKendall nonp ar ametri c test wi t h
inspect the significant trends in MMPs, SMPs, and AMPs across various durations. In simple
linear regression, the evolution of dafaover time can be described by a constant term, a
temporal term, and a residual term. If the temporal term is significant at a specific confidence
level, then there is a significant linear trend over time. The fundamental assumption of linear
regression is thexistence of independent and identically distributed residuals in the form of a
white noise (i.e. normal distribution with zero mean). If this fundamental assumption is violated,
then the results might not be reliable and extending the results intoituhotjustifiedi seethe

details in Chapter 12 of Helsel and Hirsch (1992).

We also usedhe popular MarKendall nonparametric trend test (Mann, 1945; Kendall, 1975).

This 1-sample statistical test is a tool for determining if¢katral values in ime series tend to
monotonically change within a time sequence oringge the details in Chapter 12 of Helsel and

Hirsch (1992). This test has been widely used in the literature to diagnostationarity in
hydrodimatic variables (e.g. Hirsch et all982; Burn, 1994; Lettenmaier et al., 1994; Burn and

Elnur, 2002). As ManiKendall test is a neparametric test, test results do not depend on the
distribution of the dataand/or residuals however, it can be affected by thgossible
autocorrelation irthe time seriegvon Storch and Navarra, 1999). We investigated thdendas

of autocorrelati on i,rand36IRslardtrenlizeddrat the M $ auto S MP s
correlation is significant across various durations. This was considered in model dearglibpm

see Table below. The null hypothesis of Maritendall test is rejection of trend in the data at a
particular significance level, with the alternative hypothesis that the trend is significant. Trend
tests are often accompanied by slope estimateghwdetermine the sign and magnitude of
existing trends. Her e we uselectsthetnfedian Sopaamengs | o p €
all lines througlkd at a sampl es. Sends sl ope estimator i s
has been frequently uséa quantifying trends in hydroclimatic variables (Cunderlik &wn,

2003; Walvoord an&triegl 2007;Hodgkinsand Dudley, 2007Klauset al., 2014)

2.2.2.Data and modeling procedure

We considerecenvironmentCanadaéds hour |l y rOad I992anedsured att a | f
Saskatoonods Di ef enb ak e-hour di 24poarr monthlg meximenx t r act
precipitation MMPs) (i.e., April, May, June, July, Augusand September), SMPs (Spring and
Summer) and AMPs in SaskatoodWe were not able to extend & trend analysis to finer
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durations (i.e. hourly and less) as the period oftsulrly data is not sufficient for a reliable
trend analysis. For the purpose of our analysis, we used both original ananlsigrmed data.
Combining these with two methodd &rend analysis provides four models for inspecting
monotonic evolutions of MMPs, SMPs and AMPs in each time duratsae Table.

Table 2. Models of trend analysis considered for inspecting the monotonic evolution in
Saskat oonds mandahnudl maximeneantalb n a |

ID Data/method Formulation

L1 Original datg/ linear X(8) = atbxt+e(d)
regression

L2 Log-transformed/linear logfX(t)}=a+bxt + e(t) =
regression X(t) = eatbretels)

S1 Original data/Sen Slope Xt)=a+tbxt+exX(t—1)+e(t)

logiX(t)}=a+bxt+ecxlogfX(t—1)}+e(t) =
X[t — ea+bxr+cxlng{ﬁ(r—l}Hsir}

S2 | Log-transformed/ Sen Slop

2.2.3. Results and discussion

I. Inspected trends aramksociated significance levels

Figures 4 to 7 show the results of trend analysis using L1, L2, &d S2, respectively. Each
figure contains two panels. Panel (a) shows the signed monotonic trends (mm/day/year or
log((mm/day)/year); wheregsanel (b)represens associateg-values obtained from the Mann
Kendall test. These-palues highlight the significance of trend. Highewalue mean lower
significance of the trend. For instance-aalue of 0.9 means that the there is only 10% chance
that the identiked trendis significant In eachpanel, the horizontal axis is related to rainfall
duration (i.e., ihr to 24hr) and the vertical axisepresentghe period in which maximum
rainfall is calculated (from bottom, April A, May i M, Junei J, Julyi J, Augsti A,
September S, Springi SPR, Summer SUM as well as Spring arsummeri Year). Slopes

and pvalues are shaded using the color schemes shown on the right side of each panel. In
general, the estimated trends are dependent on the model considenmeal\fping the trend. For
instance while L1 mainly shows decreasing linear trends; slope estimates obtained from S1
model are mainly positive. Similar argument can be made for L2 and S2. While L2 shows
consistently decreasing trends in all spring montB2, shows increasing trend in May.
Regardless of these differences, associptedlues in all models do not confirm existence of
any strong trend. None of the models shows significant trends at the 90% confidence level or
higher in any of the consideredrdtions.
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Figure 4. The results of trend analysis based on model L1; a) linear trends in original gata; b)
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Figure 5. The results of trend analysis based on model L2; a) linear trendstiankgmed
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Figure 7. The results of trend analysis based onenfod S 2 ; a) Setadsformedl opes

data; b)p-values associated to trend

In order to provide a better look at the feasibility of considered models, we visualized the fitted
trends and associated residuals for AMPs across various durationsitt€detrends and
associated residuals are obtained based on the considered models (L1,, lahd S32
respectively). Figure&l to G5 (Appendix G)show this analysis. We noticed that both L1 and

L2 deviate from the assumption of identically distributedma error terms. These models can

be, therefore, falsified without further consideratidhodels S1 and S2 do not require this
assumption; however lower bound limits in S1 approach to negative values and therefore falsify
the physical constraint of predigtion (i.e., rainfall cannot be lower than 0). S2, therefore, can
be considered as the only nfaisified model andis discussed further here. Based on S2 (see
Figure7), there are weak decreasing trends in months April, June (extepduration) andn

general in the spring. Trends in summer months iareontrast increasing but with weak
significance. Considering AMPs, there are weak decreasing trends. Regardless, it should be
noted that variability in AMPs are increasing substantially with tirsee also figur&4. This

can provide conditions in which AMPs increaseer time although the central tendency is to
decline.

ii. Reconstructing the historical IDF curves using model S2

By considering the extracted pSremodoundsl varmpess and
realizations for AMPs across different durations can be obtained by generating random error
terms. We generated 100 realizations for random errors with the same length as the original data
and considered them in model S2 to geteetd 00 realizations of AMPs during 1960 to 1992.
Figure 8 shows the generated AMP realizations, in which the error in random realizations is
more in short duration AMPs. It is again clear that the variability in AMPs increases by time,
which can provide anditions in which the AMPs increase, despite declining tréviel.further
extracted the IDF curves based on these random realizations using the GEV distribution and
compared the reconstructed IDF curves with the historical ones. Figure 9 shows thissmmpari

in which extreme intensities are largely underestimated in short durations.
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Figure 9. 100 rdezations for xhr to 24hr IDF curves obtained from 1960 to 1992. Blues dots
show IDF curves from 100 random realizations and red dots show historical IDF relationships.
Both generated and historical IDF relationships are extracted using the GEV dastribut

iii. Possibility of projecting future IDF curves

Despite large errors in reconstructing short duration IDF relationships, we considered extending
the extracted trends to assess the possibility of identifying future IDF curves. As model S2 uses
log-transformed data, the lower bound would be always above zero. Nonetheless, the upper
bound can increase drastically and result in a substantially large uncertainty. Figure 10 shows an
example in which the extracted trend during 1961 to 1990 (panel a) rmlegtento the future

and used to generate 1000 realizations of daily AMPs during 2021 to (p@Bél b) The
uncertainty m generated AMP sequences is substantially larger during the fgued which
consequently resdin large uncertainty in IDF rationships, particularly at larger return periods

T see FigureG5. We therefore reject the possibility of extending the existing trends into the
future for projecting the future IDF relationships due to the large uncertainty between lower and
upper confidace limit and unrealistically large upper bound limit, particularly in short durations
and large return periodssee Figure G5 (Appendix G).
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Figure 10. Extending the historical trends into future using S2 model; (a) 100 random
realizations ® 24-hr AMPs (blue lines) vs. historical AMPs (red line); (b) 100 random
realizations of 2r AMPs from 2021 to 2050.

2.2.4. Conclusion and recommendations

We investigated the existence of monotonic trends in historical MMPs, SMPs and AMPs across
variousdurations from hourly to daily. We showed that there have been weak decreasing trends
during spring, weak increasing trends during summer and overall, weak decreasing trends during
Aspring and summer o0 months. De s p istarinceeasiog e as i n
variability in AMPs. This can provide conditions in which future AMPs can be larger than
historical values. We explored the possibility of reconstructing the historical IDF curves using
identified trends and showed that the reconstrulfdédcurves underestimate the short duration
extremes substantially. Apart from this limitation, we showed that by extending the historical
trends into future, the uncertainty increases exponentially and projected IDF curves would not
have any practical vaé due to large uncertainty envelope. We recommend using climate
model s 6 projections i n conjunction wi t h d o\
constructing future IDF curves.

2.3. Projections of future precipitation using GCMs

In this study, the Cadian climate model CanESM2 and the British climate model HadGEM2

ES (the Second Generation Earth System Model) were used and their daily precipitatia output
were obtained from CMIP5 data portathtfp://pcmdi9.linlgov/) for the baseline period (1961

1990) andor the projection period (2012100) The precipitatiorsimulations werelownloaded

from the data portal for each of the selected GCMs based on three RCPs (RCP2.6, RCP4.5, and
RCP8.5) and the first ensembleurf) out of five ensembles availabli.is advisable to use
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several GCMs/RCPs for assessing broader representations of possible future precipitation and for
better assessment of possible future changes in precipitation intensities with reasonable
confiderce through estimation of uncertainties. For the purpose of this study, it is believed that
the six scenarios (three RCPs based on two GCMs) with multiple realizations (through the
stochastic weather generator) cover a wide range of variathifitys assunedto be sufficient

for theinvestigaion of the adopted twstage modeling approach. Eight daily precipitation time
series were extractedwo for the baseline period from the two GCMs, and six series
representing future precipitation based on three ROBLGCMs.

2 4. Stochastic weather generation

In this study, the stochastic weather generator LARS (Racsko et al., 1991; Semenov and
Barrow, 1997) which was developed based on the series approach (Racsko et al.,, 1991), was
used.Using the series appach, he sequence of wet or dry seriesnigthwas modelled first and

then, the precipitation amount was modellied each wet spell As a stochastic weather
generator, LARSNG is capable of simulating synthetic precipitation tisegies with statistical
characteristics corresponding to the observed statistics at a site (Semenov and Barrow, 2002).
LARS-WG was employed in this research for generating multiple realizations of daily
precipitation at the local scale in Saskatoon. A synthetic precipitationsenes of arbitrary

length (30 years in this study) was generated using the computed set of parameters by randomly
sampling values from the probability distributions (Semenov and Startonovitch, 2010).

LARS-WG uses relative change factors (RCFs) for @aohth to incorporate, at the local scale,
possible changes in the future daily precipitation scenarios produced atatse soale by

GCMs (Semenov and Barrow, 2002) . RCFs are ca
coarsegrid resolution. RCFs, inemeral, are the ratios of future values over baseline period
values. For exampleRCF for the month of June the ratio of future average precipitation

amount in the month of Jurte that of the baseline period. LARSG (Version 5.0) contains
RCFsforCMIP36 GCMs and | PCC AR4 emi softhecalcumtede nar i o
RCFs the RCFs for mean monthly precipitation amounts were calculated using the downloaded
daily precipitation from CGCM3.1 fttp://www.ccma.ec.gc.ca based on three emission
scenarios (A1B, A2, and B1) during the baseline period and under the projections of climate
change; and compared with the RCFs embedoledthe developersn LARS-WG. This
verification step was needed because embe&{gfes are not availabler CMI P56 <CMs ,
thesewere calculated in this study.

The abovementioned RCFs do not incorporatariability in future projections of precipitation

due to wet and dry spell lengths. Therefore, average wet and dry spell lEngtash month

were calculated during the baseline and future periods. Monthly ratio of the average lengths of
wet or dry spells during the future peridd the same during the baseline period represent the
RCFs related to watdr dry spell lengths. Wet dag defined as a day with naero precipitation.
Changes in the average wet and dry spell lengths for any month are supposed to alter the mean
monthly precipitation of that month, and this is expected to incorporate vaasbility in the

future daily pecipitation. However, LARSVG does not incorporate the RCFs for wet and dry

spell lengths in its archive since it considers only monthly output from GCMs. Because of the
availability of daily precipitatiorior CMIP5, RCFs for wet and dry spell lengths weadculated
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in this study.The RCFs for mean monthly precipitation amourasdwet and dry spell lengths

were <calcul ated, and used in this st-EVY, us i
precipitationavailable through CMIP5. The lengths of wet/dry spelise selected randomly

from the probability distributions, constructed by LARES, of wet/dry spells for the month in

which the wet/dry spells begin.

The future realizations of climate datar Saskatoon were produced using LARGS in
conjunction with G®s. First, LARSWG was calibrated based on the historigadcipitation

data of Saskatoon. In this context, this means constructing probability distributions for the
precipitation data in Saskatoon based on the observed record, and multiple realiz&@6hsf(1

the daily precipitation record during the baseline period were generated. The constructed
probability distributions were updated, using the RCFs, and perturbed to generate multiple
(1000) realizations of future daily precipitation series in Saskattor each GCM/RCP
combination. Accordingly, 6,000 realizations of future daily precipitation in Saskatoon were
generated. The use of LARSG to produce future projections was considered as a

Adownscal i ng&udpwet hod in this

It is worth noting heretht t he use of the term fAdownscaling
is common in literature, but could be confusing to some readers. In the cases of dynamic and
regressiohbased downscaling, actual Adownscalingbo

relationships) link data/variables at coarse spatial and temporal (global) scale to those at finer
spatial and temporal (local) scale. Tiatationshipdeveloped based on the baseline persod

used to downscale the future projections. However, the weatherager employs the statistical
properties of observed variables at the local scale to generate multiple realizations at the same
scale. Once future projections are produced by GCMs, a fd&€@F)(is computed to quantify

the shift in the data/variablesofn the baseline to the future periods. The sR8¢& is used to

shift the variables/data generated at the local scale to produce the future projections. This
argument is depictedraphically in Figure 11. Figure 11 (1) shows that a relationship is
establisked between the global scale variable and the local scale variable during the baseline
period, the relationship is then used to generate local scale future variable from the global scale
future variable. In case of weather generator as shown in FIgu®), RCFs are calculated for

each month using global scale future and baseline scenarios, and these RCFs are applied to the
local scale observed variable to generate local scale future variable.
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2.5. K-NN disaggregation model

2.5.1. Hourly disaggregation model

It is often necessary to disaggregate precipitagjenerated at certain timescales (e.g., daily) to
finer timescales (e.g., hourly, stourly). In this study, the Kearest neighbor #IN) method

(Lall and Sharma, 1996; Yates et al., 2003; Sharif and Burn, 2007) was used for disaggregating
precipitation data from daily to hourly scale. The hourlyNN disaggregation model, developed
based on the work by Sharif and Burn (2007), was conducted for precipifiatiora single
precipitation station for disaggregating both baseline and future daily preoipitdtn years to

hourly precipitation. Development of the disaggregation method is explained below.

Let X: be the vector of daily precipitation values x wh er e t3865h (itéerckides
February 29 of a leap year) is the total number of years iretdaily precipitation time series.
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The algorithm starts with the reading of each daily precipitation value from:thecXr and it
continues for all the 365n days in the daily precipitation time series. The steps of the algsrithm
shown schematicallyniFigurel2 are as follows:

1. SupposeT’Ert'l be the vector of 24 hourly precipitation valye$or day t of year |.

2. A window ofwg daily precipitation values Figurel2 that includes ¥s identified to include
the nearest neighbors toetlselected daily precipitation a&f a particular year i. If there is no
rainy day within the window for the current yeaxcept x the window size is increased each
time by one day until it contains at least one rainy day. Accordingly, the correspdmdiriy
data block L from the time series ¥f all years is identified. This way, the size of the hourly
data block will be:

La= [(n*we)-1]*24 [1]

3. In the work of Sharif and Burn (@0), wqg (i.e. optimal window size) was chosen to be 15,
including the xunder consideration. So, if the current day of simulation is July 15, then all
corresponding hourly profiles between July 8 and July 22 are selected from all n years of hourly
record,excluding the corresponding hourly profile for July 15 for the current year (to prevent the
possibility of generating the same hourly profile as that corresponding to the current day).
However, in this study the optimal window size was investigated dedtese for the City of
Saskatoon based on the simulated and observed annual maximum precipitation (AMPS) of
various durations during the baseline period rather than using an arbitrary windoltbizaegh

wq is allowed to change dynamically whenever askeone rainy day is not available in the
window, a fixed size oivg is used for rest of the cases (containing at least one rainyTday).

size of the fixed window is mentioned for easy understanding afterwards.

4. The daily precipitation amount(xs compared with the set of neighboring hourly totals. The
square of differences between and each of the [(Wg)-1] segments in the dLblock is
calculated, and the segment showing the minimum squdifestencecompared to the daily
precipitation amounis considered as the disaggregated hourly precipitation values for the
current day. While doing so during the selection of optimal window size, more than one
candidate among the nearest neighbors may be detected with the same minimum difference from
the daly precipitation of the current day. So in addition to what was explained in Sharif and
Burn (2007), the performance of the model can be assessed using both (aeldation of a
segment randomly from a number of candidate segmantsyieterministic @. selection of the

first segment from a number of candidate segments) sampling approaches during the baseline
period based on the simulated and observed AMPs of various durations. The hourly
disaggregated precipitation sequences can be selected eitthemharor deterministically from

the hourly precipitation sequences of the nearest neighbors having equal minimum difference.
The K-NN hourly disaggregation model was used to simulate the observed hourly precipitation
sequences both randomly and determicadly using the optimal window size. The observed and
simulated precipitation time series are accumulated to 24 different durations (1 to 24 hrs) and the
corresponding AMPs are identified. AMPs obtained from both simulations
(random/deterministic) can ®mpared with the observed AMPs of 24 durations to assess the
effect of both selection approaches.
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5. In case of climate change, when the future projected daily precipitation value is higher than
the historical daily precipitation value, the hourly pp#ation values may be scaled up by the
same ratio as founfibr the daily scale. The steps-§) of the hourly disaggregation model are
illustrated inFigure12.
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Figurel2. K-NN hourly precipitationdisaggregation model for a typical year

The steps¥-5) of the hourly disaggregation model were repeated for all dagt off the years

in the daily precipitation time series. A set of 1000 realizations of the daily precipitation was
generated using LAR®/G, and thus, ensembles of the hourly disaggregarecipitation values
were created using the KN method.

2.5.2. Subhourly disaggregation model
The K-NN method was also used to disaggregate precipitation from hourly-{wosuly (i.e., 5
min) values in the&€ity of Saskatoon using the approach diésad in Section 3.3. The algorithm

starts with the reading of each hourly precipitation value fronfttwector and it continues for
the entire time series. Herde steps of the algorithrtas described schematically in Figur@

are similarto the KKNN hourly disaggregation model. Suppo%lebe the vector of 12 sdourly
(5-min) precipitation values for hour t of day j; where t denotes specific hour of the day and |
denotes the specific day in a specific year. In this caseizéhefsthe 5min data block is:

Ln= [(n*wh)*24-1]*12 2]

Wherews is the window size and n is the number of years in the hourly precipitation time series.
The hourly precipitation amountys compared with the sef neighboring totals of -fnin
precipitation values. The squared of differences betweeand each of the [(mh)*24-1]
segments in the WLblock were calculated, and the segment showing the minimum square
difference from the hourly precipitation amouwas considered as the disaggregatadird
precipitation values corresponding to the current hour. The extension of window size in absence
of rainy hours, selection of optimal window size for Saskatoon, random/deterministic sampling,
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and scaling of futureub-hourly precipitation values were considered for th&lld subhourly
disaggregation model in a similar way to that of the hourly model. The steps -bbstlip
disaggregation model are illustrated in the FiglBeln Figurel3, t denotes a specific day a
specific year in selecting hourly and sliburly data block, and h denotes hours in a day in a

specific year; where h=1,2,¢é¢eée., 6 24.
< Wi >
Y 56 e ettt e e Y56n
Hourly Rainfall: Yy A Yi65n
. ° .
PS1S2 si s st 2 SIS SL 8D e s st
* o o o . « ... e o i e o ... . .
/
5-min Rainfall: S1p Stn S365h

Figurel3: K-NN subhourly precipitationdisaggregation model for a typical year.

2.6. Stochastic rainfall disaggrgation

Stochastic rainfall disaggregation is an alternative method, developed in the course of this
project, for sukdaily disaggregation of continuous daily rainfall. This method can be considered
parallel to the subdaily KNN disaggregation model Similar to the subdaily KNN
disaggregation model, the newly developed stochastic disaggregation method gets the daily
rainfall realizations and divides them into hourly segments. Underlying assumptions for
distributing the daily rainfall into hourly estimatese different in KNN and the stochastic
algorithms. In KNN disaggregation, the algorithm searches for the most similar daily event
during a particular window of the baseline data and uses the historical hourly hyetograph of the
i dent i f-$ ienhi lindmlbt@ convart the daily rainfall realizations into hourly estimates.
Stochastic disaggregation relaxes this assumption and distributes the daily rainfall into hourly
values without considering the exact historical hyetograph; however, it uses thieddistourly
distributions to come up with a basis to randomly generate new hyetographs. The stochastic
disaggregation algorithm, therefore, acknowledges the fact that hourly rainfall distributions
underfuture climate changeonditiors might be differenfrom the most similar rainfall event
during the baseline period. It should be noted that in prigdipé stochastic disaggregation can

be used for distributing the hourly rainfall into skburly segments, similar to the KNN method.
Nonetheless, our ingéigations showed that the length and quality of-lsoibrly data in
Saskatoon does not allow developing robust empirical basis, with which hourly cumulative
rainfalls are disaggregated intenfinute intervals. Therefore, we use this algorithm only for
disaggregatingdaily rainfall totals into hourly hyetographs.

28



The proposed stochastic rainfall disaggregation is apaoametric stochastic method, which is
solely based on historical events during the baseline period. For a particular rainfall event, the
algorithm considers the daily cumulative rainfall and the month, in which the event takes place.
The algorithm then uses historical distributions of all daily rainfall events during that month to
generate a new random rainfall distribution. The algorithimased on the concept of Rainfall
Distribution Functions (RDFs) that represents the empirical progression of a daily rainfall event
in time and has the same characteristics as probabilistic Cumulative Distribution Function
(CDFs). In simple words, a RDF @einines ratios of the total daily rainfall that occurred in each
hourly resolutions. RDFs can be simply computed using the historical rainfall events. Figure 14
shows how the RDF can be calculated based on a hypothetical rainfall event. In panel (a), an
hourly rainfall hyetographfor a daily event with cumulative value of 70 mm is shown. This
hyetograph can be converted into a cumulative rainfall distribution (panel b) and consequently,
to an RDF, if cumulative hourly rainfalls are divided by the totalydegllue, i.e. 70 mm in this
example.

Daily rainfall=70 mm/day Daily rainfall=70 mm/day Daily event X
N—— N —
= —~ 60}
g 8 £ 0.8
= £ 50}
8 6 £ 40 fw 08
£ > Q
Ty, > 30 1 g4
=> =
= 3 20
2 0.2
% I 10,
R — R
5 10 15 20 5 10 15 20 5 10 15 20
Time (Hour) Time (Hour) _
Time (Hour)

Figure 14. Calculation of an RDF from the hourly hyetograph of a daily rainfall event.

In principal, RDFs are normalized cumulative distribusiatherefore, by considering empirical
properties of RDFs during a ¢ain month, a basis for random generation of rainfall distributions
during that month can be obtained. Here, we try to explain this using a simple example. Figure
15 shows all RDFs that are obtained the monthof April during the baseline period (i.e961

to 1990). For every hourly time step, a set of normalized ratios (i.e. between zero and one) are
available that identify different proportions of daily rainfall, precipitated in each hour. By
considering these historical hourly ratios, a set of secgratapirical distribution functions can

be obtained that provide a basis for generating random realizations of rainfall ratios in each hour.
As an example, Figur&6 shows the secondary empirical distributions of rainfall ratios during
6", 13" and 20" hoursduring themonthof April. By considering these empirical distributions
during all 24 hours, new ratios can be randomly generated for eveidagulime steps (i.e.,
hourly throughout this report).

It should be noted that the randomly generatedribligions should satisfy the continuity

condition and the mass balance. This means that the sum of randomly generated hourly ratios
during a daily event should equal to one. To make sure the continuity condition is satisfied, we
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developed an adaptive stastic scheme that consider generating random rainfall ratios during
each hour based on the sum of ratios generated in the previousHigurs.17shows the step
by-step procedure of the developed framework through an algorithmic pseddoBelow, we

try to explain this algorithm in simple words.
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Figure 15. Daily RDFs for April in the city of Saskatoon during the baseline period-(B88).
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Figure 16. Empirical distributions of historical RDFs Ity 3", and 28" hours of a typical daily
rainfall event during Aprils of 1961 to 1990.
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O Pre-simulation step: calculate RDFs of all rainfall events during the
baseline period and categorize them into monthly maps as shown
in Figure X2

O For every daily realization during baseline or future time episodes

O Consider the month of the daily event D

O GetY:Z, Raing,

O Forevery hourly time stepn=1:24

» Sample a uniform random numberZ_€[0 1]

Tl eRain o

> find x = H=L L

» Find {RDF*|Y™ ! RDF,” = X}

» %Raing,, = 100 x min(max[{CDF(RDF*)), *{Z,},0],1—X)

. Elz: Raing ; .
d Ufzij_ERﬂInD‘f} = 11—EIEI D4 % U[zi'l {Dj’uRﬂInD‘f}

Figure 17. The pseudmode of the developed stochastic disaggregation algarithm

First the hourly RDFs for all daily event during the baseline period should be calculated
according tahe procedure shown in Figutd, and accumulated together based on each month
(April to September; See Figufe for the month of April). This presimulation step provides
empirical distributions (Figurel6), with which the daily rainfall realizations mabe
disaggregated into hourly segments. For each daily rainfall event, first 24 random numbers are
generated corresponding to 24 hourly time steps. For each time stephdirstm of generated

ratios up to the considered time step is calculated (zerthé first time step). Only RDFs that
generate greater or equal cumulative ratios up to the considered time step are used for sampling
random ratios in the ihitime step.Second, hie rainfall ratio during the considered hourly step

is then generatedylihe following formula:

%6Raing,, = 100 X min(max[(CDF(RDF*)}, {Z,},0],1— X) [3]

Equation3 guarantees that the sum of ratios during a daily event equals to 1. The randomly
generated hyetograph can be then identified by multiplying the total daily rabmyfathe
randomly generated ratios, calcuthteased on Equation 1. This process can be repeated multiple
times to provide multiple realizations of the disaggregated rainfall.

2.7. Genetic programming

The concept of biological evolutidad tothe way for the development of Genetic programming

(GP), which was introduced by Koza (1992) as an extension of genetic algonitimich are
optimization methosl for searcing for the global optimum of a function. GP, a data driven
technique, was developed to induce computer programs as solutions torthepseblems that

uses intelligent and adaptive search. Depending on the search problem, GP takes on a special
form called genetic symbolic regression (GSR) for establishing relationships as equations
between the predictor and the predictand. The equadi@neptimized through adaptive random
search providing the insight into the functional (structural) form of the regression relationships
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between the input and the output, which is not the case for other regression methods. This
technique of GP was utilidein this study for obtaining equations that express mapping
relationships between the global scale daily AMP quantiles to the local scadaisufl to 24

hours) AMP quantiles

Babovic and Keijzer (2000), Savic et al. (1999), and Koza (1992) provigteded explanation

of GP and GSR methods, while for detailed explanation of how GP can be applied to find
relationships between local scale and global scale AMP quantiles, refer to Hassanzadeh et al.
(2014). This study used GPLAB 3 package (Silva, 2007 cbnducting experiments involving

the loal scale and global scale data.

Briefly, the GP search started with the creation of initial population of models (equations) in the
form of parse trees without using prior information. The individegiationswere assessed
based on a goodnes§&fit measure, and the individuals with better fithess survive to create new
individuals. Some operators originated from the concept of genetic evolution, specifically
mutation and crossover, were considered for forming pakse trees using randomly selected
parents during mating, and thus, the next generation was created. A threshold for the number of
total function evaluations and the convergence criterion were predefined as stopping criteria for
the GP search. Because -B&ed method for producing future IDF curves for @iy of
Saskatoon was developed and publishedHassanzadeh et al. (201#)was considered in this
researcho bea viable reference method for comparison with the developedtge modeling
approa&h. In this studyyariousstatistical error measures were used to evaluate the performance
of the mapping equatiorfshown in appendib).

Strong relationship wereobserved between the gl obal scal e
CGCM3.1) AMP quantilesrad the corresponding daily and sdaily local values (Hassanzadeh

et al., 2014). Based on the same rationale and hypothesis, the relationships between the global
scale (using the output of CanESM2 and HadGHMR) and the corresponding daily and sub

daily local values were investigated in order to map GCM quantiles to the corresponding local

daily and sukdaily quantiles. Figur&8is a visual verification of the hypothesis of this-G&sed
downscaling method; it compares the global scale (using CanESMB édAntiles and the
corresponding daily and stdaily local scale quantiles for the baseline peribde similar

comparison using the output of HadGEMS is shown in append.
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However, long record of data are required for the modeling purpose using traridetaGP,

which includes data for training and validation. GEV distributimesefitted to the observed 30
AMPs. For the modeling purposa,set 0f10,000 uniform random numbersas generated first

to represent neexceedance probability, P [0 1] and then the corresponding AMP quantiles
were sampled from the GEV distributions at the GE&ddle daily precipitation, and the local

scale daily and subaily precipitation data. The first 6000 data pairs (i.e., the &Cde daily

AMP quantiles, ad the locaiscale daily and suBlaily AMP quantiles) were chosen as the
training dataset from the randomly selected 10,000 data pairs for extracting each of the mapping
equations using GP. A total of 24 mapping equations were extracted to describatibiesteps
between the GCMcale daily AMPs and the loeatale sukdaily AMPs. The GCMscale daily

AMPs was used as the inputwhile the outpus were the localscale AMPs of a specified
duration. The remaining 4000 data pairs were used as the validiatiaset. In addition, the
original 30 AMPs for the GCMcale daily precipitation and the loealale daily and subaily
precipitation were used as a completely unseen testing dataset to verify the developed equations
For detailed explanation of the GP tlmed implementation with setting internal parameters of

the model, refer to appendix
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2.8. GEV Distributions and the construction of IDF curves

IntensityDurationFrequency (IDF) curves were used in this study to represent extreme
precipitation properts of short durations at the point scale. The construction of IDF curves
involves collecting/generating precipitation time series of various durations. Once the
precipitation data were collected/generated, annual maximum precipitation (AMP) values at
variousdurations were extracte@ihe Generalized Extreme Value (GEV) distributievhich isa

family of parametric probability distributions, was used to estimate the frequency of the AMP as
a random variable. Gumbel, Fréchet, and Weibull probability disioiis are combined in the
GEV distribution, which takes the following form (Katz, 2012):

o0 =em{-[14¢(2)] ) 2

x—p
where 1+ ";(T}} ﬂ, F ~ [0 1] denotes the neaxceedance probability of the random
variablex, p ¥ Ris the locaibn parameter] >is tie scale parameter, agd Ris the shape
parameter. The shape parametecontrols the tail behaviour of the distribution. The GEV
distribution converges to Gumbel, Fréchet, and Weibull distributions her= 0 ,and3> % O,
0, respectively.

The GEV distribution with maximum likelihood method for parameter estimation was used in
this study for the construction of IDF curves in the City of Saskatoon during the baseline period
and the future projection period, as it was usedessfally in previous studies (Beniston et al.,
2007; Cameron et al., 2000, Hashmi et al., 2011; Hassanzadeh et al., 2014; Kharin and Zweris,
2005; Yilmaz and Perera, 2014). The GEV distribution was used for the construction of IDF
curves, although it inceses the computation intensity due to the involvement of three
parameters (shape, scale, and location) instead of two parameters in Gumbel distribution.
However, the GEV distribution provides better description of the upper tail behavior of the data
by introducing an additional parameter (Overeem et al., 2008). Fidushows the ability of

GEV distribution to fit empirical cumulative distribution functions (ECDF) of daily and sub
daily AMPs in Saskatoon. The goodness of GEV fit to the AMPs was confirmetheb
KolmogorovSmirnov test with 95% significance level.

IDF curves can be constructed based on the GEV fitting using the inverse of the fitted GEV
distributions, given the return period (T) and precipitation quantilgs & follows:

Qx = GEV (1 - %) [5]
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AMPs in Saskatoon with 95% confidence intervals of GEgHiiwn by the red lines

Eventually, the hourly and sthourly disaggregation models, based on thRN method, were

used to generate long tirseries of hourly and suourly precipitation values for both baseline

and future periods (2014100). The AMPs of the disaggregated hourly and-rsurly
precipitation time series were used to construct two different sets of IDF curves based on
guantiles obtaied from the GEV distribution: (a) the IDF curves derived from historical data

(observations),
water collection system; and (b) the IDF curves based on the models develdpisdsiudy.

Furthermore, a third set of IDF curvess constructed using the Genetic Programming (GP)

wh i

ch

current |

y

fo

rm t he

method, which was introduced by Hassanzadeh et al. (2014vasde-implemented in this

study with new data based on CMIP5 simulations. The GP methptbysna fundamentally

basi

different route for constructing the IDF curves because it generates AMPs at the local scale
directly without having to generate the time series of continuous precipitation values.

Accordingly, the GP method provides a solid referefarecomparison with the twetage
modeling method developed in this study, and also helps show variability in IDF curves due to

the adoption of various downscaling methods. The comparative asafythe results took into

consideration the various GCMRCPs, and the downscaling/disaggregation methods
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2 9. Likelihood of extreme storm events

The future IDF curvetables were constructed using 1000 realizations of -fiesolution
continuousrainfall seriesfrom the two disaggregation methods: (i) LAMB5 and KKNN and
(i) LARS-WG and Stochastic downscalkdgsaggregation methods. So, the likelihood
assessment of any storm represented byDRecurvétableor the continuous seriegithin the
generatedensemblels conductedsuing the 1000 realizationg he likelihood measure would
characterize the probability oion-exceedancef a certain storm evetior the selected GCMs,
RCPs, time periods, disaggregation methahd return periodsThe LARSWG and KNN
method generatebourly and5-minute rainfall segs, while the LARSNG and Stochastic
downscalingdisaggregation method generabedy hourly rainfall series. The critical hourgnd
5-minuterainfall profilesarecalculatedbased on a prselected time window ( 2, 3, 4, 5, 6,0F,
30 days)or the usedefined combination

2.9.1. Storm lkelihood measurement

The GEV distribution is fitted to the 30 AMRrom each of the 1000 realizations to calculate
guantiles for the selected GCMs, RCPs, return periods, storm durdiimes periods,and
disaggregatin methods. The quantiles for each of thentionedcombinations are sorted in
ascending order and ti®n-exceedancerobability of the quantiles is calculated by i/(1000+1),
wherel ranges froml to 1000. The quantiles are expressed as mm/hour anddpdofénst the
probability calculated above, which shows the likelihood measutkeo§torm represented by
theIDF curves/table The mean of the quantiles from 1000 realizations was plotted as IDF curves
in the remaining part of the repoithe likelihoodmeasures cannot be shown for GP method
since it does not generate multiple realizations.

2.9.2. Calculation of critical profile

The critical profile within a fine-resolution (i.e., hourly or-Bninute)rainfall time series can be
calculated using ime window of several days (e.g., 2 4, 5, 6, 7, and 30). For the selected
time window, all the hourly or -Bhinute data points within the time windowf all moving
windows are identified andiccumulatedThis searchs conductedor the critical value @ the
window-accumulated rainfall alontpe entire time seriegandthe maximumvalueis identified
along with its time location. This proedure is repeated for the 10€€alizations the 1000
critical valuesare sorted in ascending order andrnbe-exceedanceorobability is calculateth a
similar way mentioned in the previous secti@ihe cumulative values of the critical profilese
plotted against the probabilitiés show the likelihood of the critical profileShe procedure can
be repeated for anyre-selected time window
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3. RESULTS AND ANALYSIS

The results of the stochastic weather generation, the disaggregation techniquiee &Rl
method are presented in tlsisction The results related to the generated long time serigteof s
specific daily precipitation during the baseline period and under the projections of climate
change scenarios for Saskatoon using LARS are provided inSection 32. The hourlyand
subhourly disaggregation modebeveloped using the Kearest neighhos (K-NN) technique
arepresented andnalyzed inSection 33. Variations in the future IDF curveproduced using

both the KNN and the GP methods compared to the baseline IDF curves are presented and
analyzed based on two GCMs and three RCPs dunm@f' century inSection 3.4. Different
sources of uncertainties and their contributions to the total uncertainty and uncertainties
associated with the prediction of future IDF curves are includ&eation3.5.

3.1. Verification of the stochastic wealher generator

LARSWG was provided with Saskatoondés observed
period (19611 990) t o obtain the parameters of the pr
precipitation. This set of parameters was thezdus generate 1000 realizations of the observed
precipitation series. The performance of the calibrated model is shdviguire 20. The weather

generator was calibrated based on thealpe calculated for all statistics (e.g., K$, and
statistics)concerning the hypothesis test (e.g., Kolmogbo8mirnov test) to determine if the

observed and simulated precipitation series belong to the same distribution. The model was then

A

validated using Saskatoonds obsé&X»e08. daily pr
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Figure20 shows a comp&on between the observed mean daily precipita20a) @nd mean of
extremedaily precipitation 20b) in each month and the corresponding ones of the synthetic daily
precipitation in each montshown as boxplotbased on 1000 realizations obtained fromRSA

WG during the baseline perioflhe mean daily precipitation was calculated as the mean of daily
precipitation in each month over a period of 30 years (AI%®D), the 30 years have 30 AMPs
and the mean of 30 AMPs in each month was termed as mean epnesi@tation, while the
maximum of the 30 AMPs in each month was denoted as maximum extreme precipitation in
Figure 20. The figures show that LAR®/G generated the mean and mean of the extreme
precipitation properties quite well during the baseline pertdowever, LARSWG seems to
slightly underestimate the maximum of the extreme precipitation in the month ofKRigoee(

20c) due tolow success ratef the weather generator in reproducing maximum of the extreme
precipitation valueswhich might contribte to some uncertainty in simulating the future
maximum extreme precipitation. Other months outside the summer season are not considered of
importance for this study.

Generation of daily precipitation series using LAR& requires calculation of relativdhange
factors (RCFs) related to the precipitation amounts, wet spell lengths, and dry spell lengths for
each month. The relative change factors (RCFs) related to monthly precipitation amounts for 15
GCMs from CMIP3 are embedded in the current versionAR&EWG. Nevertheless, the RCFs

for the GCMs from CMIP5 are not included in LARBG archive, which need to be calculated
using downloaded output of the corresponding GCMs. For verification, the downloaded output
of CGCM3.1 (a CMIP3 model) was used to cahtel the RCFs related to the monthly
precipitation amounts and compared with the corresponding values embedded tMIBRS

Table3 shows a comparison between the relative change factors (RCFs), for each month, based
on the embaded and downloaded precipitation valoe&SCMs The comparison shows that the

sign and magnitude of change in mean monthly precipitation amount as presented by the
calculated RCFs are neery different from those embedded in LARSG.

Table3: Relativechanges in monthly precipitation amounts between baseline and future (2020s,
2050s, and 2080s) climate as calculated from CGCM3.1 output (ratio of A1B future scenario to
baseline scenario) as compared to the RCFs embedded inWARS

(20112040) (2041-2070) (2072-2100)
Month LARS-WG Calculated LARS-WG Calculated LARS-WG Calculated
Jan 1.17 1.20 1.18 1.16 1.21 1.15
Feb 1.15 1.20 1.21 1.20 1.26 1.16
Mar 1.15 1.12 1.25 1.14 1.47 1.22
Apr 1.17 1.20 1.36 1.44 1.63 2.02
May 1.14 1.16 1.41 1.74 1.43 1.58
Jun 1.03 1.10 1.24 1.28 1.10 1.14
Jul 0.98 0.97 1.06 0.95 0.96 0.91
Aug 0.96 0.97 1.01 1.23 0.95 0.86
Sep 1.00 0.96 1.01 0.90 1.07 0.97
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Oct 1.08 1.07 111 1.16 1.24 1.27
Nov 1.11 0.99 1.17 1.12 1.27 1.20
Dec 1.15 1.23 1.15 1.10 1.24 1.32

The calclated RCFs for the mean monthly precipitation amouwartdwet and dry spell lengths
are shown inTable 4, which were used in LARSVG to generate realizations of future daily
precipitation scenarios using CanESMghdqwn in Table 4) and HadGEMZES (shown in
Appendix D) based on three RCPs (i.e. RCP2.6, RCP4.5, and RCP8.5).

Table4: Relative change factors for CanESM2 during 20040.

Mean monthly precipitatior Wet spelllength Dry spell length
Month RCP2.6 RCP4.5 RCP8.5 RCP2.6 RCP4.5 RCP8.5 RCP2.6 RCP4.5 RCP8.5

Jan 0.88 1.15 1.16 0.93 1.01 1.20 0.96 0.93 1.00
Feb 1.03 1.00 0.91 0.96 0.94 0.97 0.93 0.97 1.12
Mar 1.61 1.11 1.29 1.37 1.39 1.19 0.94 1.11 0.92
Apr 1.33 149 1.80 0.88 1.15 1.05 0.91 0.88 0.76
May 1.07 1.16 0.96 0.92 0.90 0.93 0.87 1.08 0.98
Jun 0.91 0.72 0.81 0.88 0.75 0.93 0.83 1.20 1.06
Jul 1.08 1.10 1.03 1.09 1.25 0.97 1.34 1.27 1.11
Aug 0.98 0.88 0.88 0.98 0.88 0.88 0.87 0.76 1.04
Sep 0.85 0.87 1.19 1.01 1.07 1.08 0.95 0.97 1.00
Oct 1.24 1.19 1.41 1.01 1.05 1.22 1.00 0.92 0.81
Nov 1.05 1.05 1.06 1.14 1.13 1.09 1.06 1.09 1.05
Dec 1.25 1.42 1.41 1.08 1.05 1.33 0.86 0.88 0.90

Two sets of relative change factors were calculated for €M of the CMIP5 based on all
RCPs, ondncluding wet and dry spell lengths together with the mean monthly precipitation
amount, and anothdsy considering the mean monthly precipitation amounts only. The 1000
realizations of future daily precipitation terseries for the GCMs/RCRegere simulatedising

each of the two sets of relative change factors were used to differentiate between the
contributions of changes in the mean monthly precipitation amounts and changes in wet/dry spell
durations.

The annual raximum precipitation (AMPs) of the realizations of future daily precipitation
projections, obtained from the simulations based on CanESM2 with and without using RCFs
related to wet/dry spell lengths, were used to estimate the expected values and 958h@®nfid
intervals using he Generalized Extreme Value (GEV) distributias shown in Figure2l.
Although the RCFs of mean monthly precipitation amounts are the major contributors to the
changes in the future daily precipitation values, the RCFs of wet/diiyleapgths can affect the
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changes in the future daily precipitation values. The expected values and 95% confidence
intervals of extreme precipitation quantiles for CanESM2 based on three RCPs seem to change
when the RCFs of wet/dry spell lengths are upadjcularly in longer return periods.

The uncertaint in determining the sign and magnitude of change in future extreme precipitation
seens to bemore dependent on the RCPs and tiperiods For theCanESM2anda 100year
return period as shown in FiguRl, the futureexpectedprecipitationintensities during 2041
207071 using the RCFs related to wet/dry spell lengtbis RCP2.6, RCP4.5, and RCP8.5,
compared to the observexpected precipitation intensity of 115 mm/déyring the baseline
period i are 115 96, and 123 mm/day respectively. The correspondinguture expected
precipitation intensities, without using RCFs related to wet/dry spell lengthsRCP2.6,
RCP4.5, and RCP8&re; 114, 84, and 107 mm/day, respectivelytuFe expectedorecipitation
intensities,using RCFs related to wet/dry spell lengths dutimgtime slices 2022040, 2041
2070, and 207-210Q are 118 95, and 96, respectivelyusingthe RCP4.5 of CanESManda
100-year return periodlhe correspondinfuture expectedrecipitaton intensities without using
RCFs related to wet/dry spell lengths into consideratior2@rl-2040, 20412070, and 2071
2100 arel05, 84, and 96 mm/day, respectivelhenthe RCP4.5 of CanESM&nda 100year
return periodare consideredrhe results foHadGEMZ2ES are shown in Appendix B.
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Figure2l: Variations in the future projections of daily AMP quantiles in the City of Saskatoon
according to CanESM2 forced with three RCPs using two sets of change: fadtorset/dry
spell (blue) and without @t/dry spell (red) effects. The expected quantiles (solid lines) and their
95% confidence intervals (dashed lines) are showntiwthorresponding quantiles duritige
baseline period (black)

The AMP quantiles of 1000 realizations of daily precipitatitmiained from LARSNG based

on CanESM2 and HadGEMRS, forced with three RCPs using both sets of RCFs, were
calculated. Figur@2 shows the variability of the-2ear storm valuespown in the boxplo}s

The quantiles were estimatéd fitting GEV distribuions to the daily AMPgrom LARSWG.

The figure for the 100year return period is presented Appendix E. The extreme daily
precipitation quantiles seem to vary depending on whether wet/dry spell effects were considered
or not inthe case of both GCMs anall three RCPs. The sign and magnitude of variation due to
the inclusion of RCFs related to wet/dry spell lengths depend largely on the choice of
GCM/RCP, return period, and time slice. Hence, the future daily precipitation simulated with
consideration bwet/dry spell effects shows differences from the same values simulated without
considering the wet/dry spell effects, which might cause variations in the future IDF curves.
Figure 22 also reveals that in most &ss the variabilitiesn the future IDF curveslue to the
choice of GCMs can be larger than those due to the inclusion/exclusion of wet and dry spells.
Including the wet/dry spell effects ia 100-year return period, the future expected precipitation
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intersity is 131 mm/day for CanESME#hdRCP2.6 during 20122040, compared to the observed
expected precipitation intensity of 115 mm/day during the baseline perioch w800 mm/day

for HAdGEMZ2ES andRCP2.6 during 201:2040.Consideringa 2-year return pead, the future
expected precipitation imeity is 35 mm/day for CanESM2 arRICP2.6 during 2012040,
compared to the observed expected precipitation intensity of 33 mm/day during the baseline
period, whch is 37 mm/day for HadGEMES andRCP2.6 during 201:2040. The variations

due to the choice of GCMs seem to increase with an incre#isergturn period.
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Figure22: Vanatlons in the future projections of daily AMP quantiles fere2r return period in
the City of Saskatoon according to CanESM2 HadGEMZ2ES forced with three RCPs using
two sets of change factors, i.e. with wet/dry spell and without wet/dry spell effects along with the
expected quantiles during the baseline period.

3.2. K-NN Disaggregation models
3.2.1. Selection of optimum winalv size
In order to develop the most appropriateNKl hourly disaggregation model, the optimal

window size (i.e. number of nearest neighbors to the current day of disaggregation) was selected
using the observed daily and hourly precipitation data duriaghttseline period (19€1990).
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The K-NN hourly disaggregation model was used to disaggregate the observed daily
precipitation to hourly precipitation sequences using 30 different window sizes (i.e., 3 days to 61
days) to identify the most appropriate megntangth of the hydrological system for the City of
Saskatoon. Each window size was used to generate the hourly precipitation sequences based on
the daily precipitation values. Subsequently, the corresponding AMPs were identified for
different durations (e., £hour to 24hour). The simulated AMPs of various durations were then
compared with the corresponding observed AMPs, and the performance of each window size
was evaluated based on the Root Mean Squared Error (RKISEjuation 6, where X=
normalized APsand =1, 2, 3, éé,n (total number of year

(AMP; —Minimum valus)

(Maximum valus —Minimum valus) [6]

The RMSE values resulted from 30 widow sizesslhswnin Figure 23, were evalugd to
determine the optimal window size for theNdN hourly disaggregation model. Among the 30
windows,thewindow with 3 dayghalf window)on both sides of the current disaggregation day,
i.e., a window of 7 days, provided the lowest RMSE of 0.12 wbempared with other window
sizes. Thereforethe optimal window size of 7 days was chosen for theNK hourly
disaggregation model.
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Figure23: The performance of various windows obtained for selecting optimal window size for
the K-NN hourly disaggregtion model.

The K-NN hourly disaggregation model was used to simulate the observed hourly precipitation
sequences both randomly and deterministically using the optimal window size. As far as the
extreme precipitation quantiles were concerned, it wasdfdbat random selection of hourly
precipitation sequencdsd no significant effect on the hourly disaggregation simulations. Also
the use of deterministic or random sampling approach produced the same optimal window size
based on the RMSE measure. Howevandom sampling can result in selecting a wide range of
possible hourly disaggregated precipitation sequeti@@she deterministic sampling approach.
Hence, the sampling in-KIN hourly disaggregation model using random selection approach of
one sequere can be adoptedsing a single random realizatiowhich reduces the modeling
complexity and computational time tremendously without compromising the efficiency of the
model.

The calculationof optimum window size was repeated with $wurly precipitatbn data. The
RMSE values resulted from investigating 120 different widow sizlesywnin Figure 24, were
evaluated to determine the optimal window size for tRdNKsulbhourly disaggregation model.
Among the 120 widows, the window with 110 hourghalf window) on both sides of the
disaggregation hour, i.e., a window of 221 hours$otal shows the minimum RMSE of 0.165.
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However, a window size of 221 howsuld be too large for a subourly disaggregation model
becaise it increases the model complexity as well as the computational time. Any smaller
window with reasonably good performan(eith reasonable RMSE}an bemore acceptable
choice for the KNN subhourly disaggregation model. Keeping these criteria in mimel half
window size of 56 hours, i.e., a window of 113 hours shows an RMSE of 0.219. This window
size is almost half of the optimum window siaed has a very similar RMSH herefore the
optimal window size of 113 hours was chosen for thRNK subhourly disaggregation model.
Similar to the KNN hourly disaggregation model, theMN subhourly disaggregation model

was used to simulate the observed -baobrly precipitation sequences randomly and
deterministically using the selected optimal window size.s€h&mulations revealed that the
random selection of stiiourly precipitation sequences had no significant effect on the sub
hourly disaggregation simulations, when compared with the deterministic selection, as far as the
extreme precipitation quantiles veeconcerned.
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Figure24: The performance of various windows obtained in selecting optimal window size for
the K-NN subhourly disaggregation model.

3.2.2. Performance of the disaggregation models

The K-NN hourly disaggregation model was provided wit®00 realizations of daily
precipitation obtained from LAR®/G andtheSas kat oondés observed hour
during the baseline period (198990) to obtain 1000 realizations of hourly precipitation during

the same baseline period. The disaggiegamodel used the optimal window size to generate

1000 realizations of observed hourly precipitation series. The performance of the calibrated
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model is shown irFigure 25 during the spring and summer months (A3eptember). The K

NN hourly disaggregation model seems to simulate the observed mean hourly precipitation, the
mean of maximum hourly precipitation, and the maximum extreme precipitation quite well
except in June with regard to the maximum of the extriemeipitation.

(a) ® (©

18 b

01-
16 60

0.09-

Lh
(=]

0.08-

T SRR s A s 1o M NS
I

0.07-

1+
.
(=]

0.06~ 10

Mean hourly rainfall (mm/hr)
Mean extreme rainfall (mm/hr)

0.05F 30

Maximum extreme rainfall (mm/hr)

=
004r | .
I
| 6F + - 20
003+ El . n |
! ! |
I s :
ooz T 4 3 10
! L
# +
001 1 1 1 1 2r I 1 1 L 1 I 1 L L 1
5
4 . 6Mnuth? 8 g 4 3 %Jonlh? 8 9 4 5 ﬁMunth? g ?

Figure25: Performance of KNN hourly disaggregation model based on the observed monthly
properties (solid lines) and 1000 realizations of disaggregated (box plots) hourly precipitation
time-series during the baseline period (19&B0).

Similarly, the KNN subhourly disaggregation model was provided with 1000 realizations of

hourly precipitation obtained from the-lN hourly disaggregation model attteS a s k at oon 0 s
observed 5nin precipitation data during the period 198209 (MaySeptember) to obtain 1000
realizations of &min precipitation values during the same period. The disaggregation model used

the selectedoptimal window size to generate 1000 realizations of th@rbprecipitation series.

The performance of LARSVG andthe K-NN hourly and sufhourly disaggregation models are

shown inFigure26 during the period 1992009 (MaySeptember). The-Bin precipitation data

from Acadia Reservoir rain gauge were aggregated to daily and haadpipation to conduct

this part of the study.

Similar comparisons to those shownHigure 20 and Figure 25 are shown irFigure 26(a-f) in
addition to comparison betwe the observed and simulateanth precipitation in each of the
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five months based on 1000 realizations obtained frelNKsubhourly disaggregation model
during the period 1992009 Figure26g-i). All figures shav that LARSWG, K-NN hourly, and

K-NN subhourly disaggregation models generated mean, mean extreme, and maximum extreme
precipitation properties reasonably well during the period 881, excepFigure26(c), where
LARS-WG appeargo underestimate the maximum extreme precipitation in most of the months,
which might contribute to the uncertainty in simulating the future maximum extreme
precipitation. Only 14 years &fminuteprecipitation data were available fwonducting this part

of the study; however, 2B0 years of daily precipitation data are generally required in order to

simulate synthetic daily precipitation series in LAR& and capture the climate properties of
the precipitation statiofSemenov and Besw, 2002) Since the baseline period used in this
study is 30 years (19€1990), this issue of underestimation can be minimized during the
baseline period as shownhigure20(c).
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Figure26: Performance of LARSVG (1% panel), KNN hourly disaggreation model (2
panel), and KNN Subhourly Disaggregation Model panel) based on the observed monthly
properties (solid lines) and 1000 realizations of downscaled/disaggregated (box plots) daily,
hourly, and 5min precipitation timeseries, respectaly, during 19920009.

After developing/calibrating NN subbhourly disaggregation moddfigure26), an attempt was
made to validate the KIN subhourly disaggregation model as showrFigure27. The KNN
subhourly disaggregation model was provided with 1000 realizations of hourly precipitation
obtained from the KNN hourly disaggregation model during the baseline period (198D)
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andthe Sas kat oo n 0 gnin eripitatiory dath dusing the period 192R09 (Aprit
September) to obtain 1000 realizations @hiute precipitation during the baseline period. The
simulated 5min precipitation was aggregated to obtain 1000 realizations of hourly precipitation
series dung the baseline period. Thus, the performance of the validated model is shown in
Figure27 during the spring and summer months (Af@dptember) of the baseline period.

Similar comparisons to those shownFigure25 are shown irFigure27. Figure27 (a-c) shows

that the hourly (i.e., by aggregatingntin precipitation to hourly timscak) mean, mean
extreme, and maximum extreme precipitation properties were successfully reproduced by the K
NN subhourly disaggregation model during the baseline period. The usenaf precipitation

from a different time period seems to be applicabledanegating 5min precipitation of other

time periods. Hence, the samanin precipitation series can be used to generate futumen5
precipitation in order to create future IDF curves based on the performance ofNiINehKurly

and subhourly disaggregatio models.
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3.3. The IDF-curves under future climate scenarios

3.3.1. Variations obtained for CMIP5 climate models

IntensityDurationFrequency (IDF) curves for the City of Saskato@revconstructed using the

GEV distribution for the baseline and the projection periods based on two GCMs (CanESM2 and
HadGEMZ2ES) and three RCPs (RCP2.6, RCP4.5, and RCP8.5) for nine selected durations (5
10, 30min, 1-, 2-, 3-, 6, 18, and 24hour) aml four different return periods {25-, 25, and
100-year). The IDF curves are shown in

Figure 28, and the design values during the baseline and projection periods are presented in
Table 5and Table 6, respectively. It can be seen that variations in the future precipitation
guantiles, as represented by the IDF curves, are more significant at shorter durations and for
longer return periods, whicfthe variationsseem to geintensified towards the end of thes21
century.The significant variations in the quantilemphasize the importance of disaggregation

to fine temporal resolution; e.g.;rBin precipitationras GCMs provide precipitation mostly in the
daily temporal scal The sign and the magnitude of future variations in extreme precipitations at
different durations and/or return periods are highly sensitive to the selection of GCMs and/or
RCPs.
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Figure28: Variations in the future IDF curves in the City of Saskatactording to CanESM2
and HadGEMZES based on three RCPs
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Generally, it is observed that there are charfjesease/decreas#) precipitation intensities in
future compared to the baseline period (i.e., historical intensities) for all the return p&heds.
HadGEM2ES: RCP8.5IDF curve shows the highestelative change (i.e., 43.5%) in
precipitation intensity for #nin duration and 10§ear return period during 204070, while
CanESM2: RCP2.6 shows the highesative change (i.e., 31.5%) in precipiia intensity for
6-hour duration and 109ear return period during 202040. HadGEMZES: RCP4.5 shows the
biggestrelativedecrease (i.e., 20.8%) in precipitation intensity féroéir duration and 109ear
return period during 2072100, while CanESM2: BP4.5 shows the biggestlative decrease
(i.e., 15.6%) in precipitation intensity for 2¥ur duration and 10@ear return period during
20412070. Therelative change in precipitation intengs with respect to the historical
intensities for the GCMs/RRs is dependent on the duration, return period, and pieneds
during the 2% century

The results based on two GCMs (CanESM2 and HadGEBIRand three RCPs (RCP2.6,
RCP4.5, and RCP8.5) show chan@esrease/decreas#a) the future IDF curves for th€ity of
Saskatoon. However, threlativechanges in the extreme precipitation intensities (represented by
the IDF curves) with respect to the historical intensities is dependent on the duration, return
period, and time slice. The future IDF curves at-Babrly (e.g., 5min and 15min) durations

show increase in future precipitation intensities for most of the GCMs/RCPs duringSthe 21
century with a maximum value of 43%or HadGEM2ES: RCP8.5 for &ninute duration and
100-year return period during 204D70)increase as compared to the historical intensities. The
historical 5min precipitation intensity during the baseline period (:2820) for 100year

return period in Saskatoon is 265 mm/hr, which might increase up to 320, 381, and 356 mm/hr as
shown ly the future IDF curves during 20/2D40, 20412070, and 2072100, respectively. The
existing urban storm water collection systems are designed based on the historical IDF curves, so
the projected increases in future swdurly precipitation intensities auld make the urban
systems more vulnerable when the variations in the future IDF curves are taken into account.
However, the extent dhe estimatedulnerability depends on the choice of GCMs/RCPs, return
period, duration, and time slice.

Table5: The pecipitation intensity (mm/hr) during the baseline period (19890) for various
return periods.
Duration Return period (year)

2 5 25 100

5-min 57.2 87.2 159.6 265.5
15min 36.5 57.2 107.6 183.1

1-hr 139 222 474 945
2-hr 92 140 265 46.3
6-hr 42 6.4 117 196

24-hr 14 21 34 4.9
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Table6: The expected precipitation intensity (mm/hr) for CanESM2 based on three RCPs obtained from CMIP5 durfhcgthte®ifor
various return periods.

(2011:2040) (2041-2070) (2071-2100) (2011:-2040) (2041-2070) (2071:2100)
Return period (year)
2 5 25 100 2 5 25 100 2 5 25 100 2 5 25 100 2 5 25 100 2 5 25 100
CanESM2: RCP2.6 HadGEMZ2ES: RCP2.6
5-min 50 92 178 317 57 87 160 265 56 87 162 274 56 87 162 275 61 97 199 373 61 97 194 356
15>min 37 60 119 214 37 57 108 185 36 57 109 189 35 56 108 189 39 64 130 241 39 64 128 233
1-hr 15 24 54 115 14 22 47 94 14 23 48 93 14 22 47 93 16 26 58 126 16 25 57 121
2-hr 10 15 29 53 9 14 27 47 10 15 27 46 9 14 26 44 11 16 32 56 11 16 31 53
6-hr 14 26 4 7 12 19 6 11 19 11 19 5 7 14 22 13 21
24-hr 1 4 6 1 2 3 5 1 3 5 2 3 4 2 2 4 5 2 4 5
CanESM2: RCP4.5 HadGEM2ES: RCP4.5
5-min 50 91 177 312 57 89 170 291 56 86 156 259 58 91 172 294 57 89 166 281 55 86 161 272
15>min 37 59 116 204 36 57 109 186 36 56 105 179 37 59 114 199 37 58 109 185 35 56 106 184
1-hr 15 24 52 106 14 22 45 86 14 22 46 90 14 23 52 109 14 23 47 94 15 23 46 85
2-hr 10 15 28 49 9 14 27 46 9 14 26 44 10 15 28 49 10 15 27 45 10 15 27 44
6-hr 13 21 4 6 11 18 6 11 17 4 12 21 4 7 11 17 11 16
24-hr 2 4 5 2 2 3 4 1 3 4 1 4 5 2 2 3 4 2 3 4
CanESM2: RCP8.5 HadGEMZ2ES: RCP8.5
5-min 56 87 165 283 58 90 171 299 56 87 165 285 59 93 180 320 60 97 202 381 55 88 175 315
15>min 36 57 111 194 37 59 113 196 35 56 110 195 38 61 123 226 39 63 128 233 35 58 117 218
1-hr 14 23 50 105 14 23 51 106 14 22 48 97 15 25 56 124 16 26 54 108 15 24 49 96
2-hr 9 14 27 48 10 15 29 51 9 14 28 49 10 15 30 52 11 17 31 52 10 15 29 49
6-hr 12 22 12 20 6 12 20 13 23 12 18 12 18
24-hr 1 3 5 2 2 4 5 1 3 5 4 5 4 5 4 5
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3.3.2. Variations obtained with the GP method and theNqN hourly disaggregation model

The adopted downscaling/disaggregation (LARS and KNN) method was compared
with the GP mdtod developed by Hassanzadeh et al. (2014), amplemented in this
study, in terms of variations in the constructed future IDF curves according to two GCMs and
three RCPs for various return periods. As an example, a return periegeaf & shown in
Figure 29. Generally, the IDF curves constructed using two different approaches seem
comparable in quantifying historical IDF curves as showiiahle7. The GP method uses

sets of equations evolved to map the global scale daily AMP values directlylbacdhscale

daily and suldaily AMPs (1 to 24 hrs durations). The GP method seems to be more accurate
for larger return periods (i.e. 18@ar) and at shorter durations. The historical precipitation
intensity of Xhr duration and 10§ear return period i84.6 mm/hr, which was simulated as
88.4 mm/hr and 84.7 mm/hr by two sets of GP extracted equations (based on CanESM2 and
HadGEMZ2ES output during baseline period) while the same was simulated as 105.2 mm/hr
by the KNN hourly disaggregation model. Howevbgth methods reconstruct the historical
IDF curves successfully during the baseline period (22830) with less than 10% absolute
error.
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Figure29: Comparison between the future IDF curves (221Q0) according to CanESM2
(solid lines) and HadGEMES (dashed lines) based on three RCPs apea2 return period
obtained using two different downscaling approaches, i.e. GP method andWA&RS
combined with KNN Hourly Disaggregation Model.
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Table7: Comparison between the performance efiK hourly disaggegation model and GP
method in simulating the expected precipitation intensity (mm/hr) during the baseline period
(19611990) for various durations and return periods.

Return period (year) Return period (year)

2 5 25 100 2 5 25 100
Duration Historical (observed) hourly Simulated hourly precipitation (Usin

precipitation K-NN Hourly Disaggregation Model)

(19611990) (19621:1990)
1-hr 12.8 21.0 44.9 84.6 13.2 215 48.6 105.2
2-hr 8.7 13.5 25.5 42.7 9.0 13.8 26.2 46.2
3-hr 6.7 104 18.7 29.3 6.8 104 20.2 36.8
4-hr 5.5 8.5 15.0 22.8 55 8.4 15.9 28.1
6-hr 4.2 6.3 10.3 14.7 4.2 6.3 11.7 19.7
12-hr 2.5 3.6 54 7.3 2.5 3.7 6.2 9.6
18-hr 1.8 2.5 3.9 5.3 1.8 2.6 4.4 6.5
24-hr 1.4 2.0 3.0 4.1 1.4 2.1 3.4 4.9

Simulated hourly precipitation (Usin Simulated hourly precipitation (Usin

GPfor CanESM2) (19611990) GP for HadGEMZES) (19611990)
1-hr 13.0 20.9 45.9 88.4 12.7 20.6 43.9 84.7
2-hr 8.6 13.3 25.0 41.7 8.7 13.2 25.6 43.5
3-hr 6.7 10.5 18.8 29.3 6.7 10.4 18.7 294
4-hr 5.4 8.4 14.9 22.9 55 8.4 14.9 23.0
6-hr 4.2 6.1 10.1 14.8 4.1 6.3 10.4 14.7
12-hr 2.5 3.5 5.3 7.1 2.5 3.6 55 7.2
18-hr 1.8 2.5 4.0 5.4 1.8 2.6 3.9 5.2
24-hr 1.4 2.0 3.1 4.1 1.4 2.0 3.1 4.2

The relative changes in future precipitation intensities with respect todtogical intensities
range from a minimum 048.9% to a maximum of 81.7% using the GP Method, whereas
from -0.6% to 75.6% using the-KIN hourly disaggregation model as shown in
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Table 8. The GP method shows thHaghest precipitation intensity of 154 mm/hr for
CanESM2: RCP4.5 of-thour duration and 10@ear return period during 2072100, while

the K-NN hourly disaggregation model shows the highest precipitation intensity of 126
mm/hr for CanESM2: RCP2.6 ofHou duration, and 10§ear return period during 2011
2040. Similar to the KNN hourly disaggregation model, the changes in the future
precipitation intensities obtained from the GP method depend on the selection of
GCMs/RCPs, duration, return period, anddiperiod The difference in the results of the two
methods in generating future precipitation intensities might be due to different approaches
used for developing thdisaggregationmethoalogy, which contribute to the uncertainty in
creating future IDF awes using different methods.

Generally, the IDF curves constructed using two different approaches (tbasé& method

and the two stage method adopted in this study) seem comparable in quantifying variations in
the future IDF curves. However, some difnces were observed in the results produced by
the two methods due to different underlying approaches used for developing the methods.
The adopted twatage downscaling/disaggregation method was based on the combination of
a stochastic precipitation gaagor (LARSWG) and a disaggregation model-{N) for
generating continuous precipitation series, while the GP method was based on the genetic
programming (GP) used to map the daily extreme precipitation gauntiles at the global scale to
the correspondingaily and sukdaily extreme precipitation quantiles at the local scale. The
AMP quantiles of various durations (1 to 24 hrs) extracted from the adopted metihndd (K

and LARSWG) are largely dependent on the downscaled daily precipitation series from the
global to the local scale by LAR®/G as it could be the main contributor to the total
uncertainty. On the other hand, the performance of the GP method entirely depends on how
perfectly the extreme precipitation quantiles at the global scale were mappedtmehat

the local scale in the form of data driven equations extracted from genetic programming
(Hassanzadeh et al., 2014). So, the different approaches used in the two methods would
contribute to quantifying the uncertainty in creating future (201Q0)IDF curves, although

the two methods seem to reconstruct the historical IDF curves successfully during the
baseline period (1961990). The use of two methods provides two sets of IDF curves that
cover a wider range dikelihoods associated with the fute designs of urban storm water
collection systems under the plausible climate change scenarios.
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Table8: Comparison between the N hourly disaggregation model and the GP method in simulating the expected precipitation intensity

(mm/hr)for CanESM2 based on three RCPs during tifec2htury for various durations and return periods.

GP Method K-NN Hourly Disaggregation Model

(2011:2040) (2041:2070) (2072-2100) (2011:2040) (2041-2070) (2072-2100)

Return period (year) Return periodyear)

2 5 25 1002 5 25 100 2 5 25 100 2 5 25 100 2 5 25 100 2 5 25 100
CanESM2: RCP2.6
1-hr 12 18 34 60 14 22 46 82 14 23 43 67 14 23 55 126 13 22 48 103 14 22 49 101
2-hr 8 12 20 31 9 14 25 39 9 14 24 34 10 15 29 52 9 14 27 47 9 14 27 46
3-hr 6 9 15 23 7 11 19 28 7 11 18 24 7 11 23 44 7 11 20 36 7 11 20 36
4-hr 5 7 12 18 6 9 15 22 6 9 14 19 6 9 18 3 6 9 16 27 6 9 16 28
6-hr 4 5 8 12 4 6 10 14 4 6 10 13 4 7 14 26 4 6 12 19 4 6 11 19
122hr 2 3 5 6 3 4 5 7 3 4 5 6 3 4 7 12 3 4 6 9 2 4 6 10
18hr 2 2 3 5 2 3 4 5 2 3 4 5 2 3 5 8 2 3 4 7 2 3 4 7
24hr 1 2 3 3 1 2 3 4 1 2 3 4 1 2 4 6 1 2 3 5 1 2 3 5
CanESM2: RCP4.5
1-hr 15 24 48 81 15 25 50 83 15 26 70 154 14 23 54 122 14 22 46 93 13 21 47 99
2-hr 10 15 26 39 10 15 26 40 10 16 35 66 10 15 28 49 9 14 26 45 9 14 26 44
3-hr 8 12 20 28 8 12 20 28 8 13 25 43 7 11 22 39 7 11 20 36 7 10 19 35
4-hr 6 9 15 22 6 10 16 22 6 10 20 33 6 9 17 31 6 8 16 27 6 8 15 25
6-hr 5 7 10 14 5 7 11 14 5 7 13 20 4 7 13 21 4 6 11 18 4 6 11 17
122hr 3 4 5 7 3 4 5 7 3 4 6 9 3 4 7 10 3 4 6 8 3 4 6 8
18hr 2 3 4 5 2 3 4 5 2 3 5 6 2 3 5 7 2 3 4 5 2 3 4 6
24hr 2 2 3 4 2 2 3 4 2 2 4 5 2 2 4 5 2 2 3 4 1 2 3 4
CanESM2: RCP8.5
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3.4. Uncertainty analysis

3.4.1.Uncertainty die to natural weather variability

The twostage modeling scheme (downscaldigaggregation) can be used to estimate various
sources of uncertainty contributing to the projections of extreme precipitation quantiles
represented by the IDF curves. One of #Huwantages of stochastic weather generators (e.g.,
LARS-WG) is their ability to synthesize a time series of a variable, such as precipitation, and
generate multiple realizationsf a variable such as precipitatioBuch realizations can be
considered repeentations of possible sequences of precipitation at the same location, which is a
realistic way of representing the natural internal variab{liyused due to stochastic natuoé)
precipitation. The effect of such variability (uncertainty) on the IDFvesi due to the natural
variability of precipitation can be quantified using AMP quantiles extracted from each of the
1000 realizations of daily precipitation obtained from LAR& during the baseline period for
different return periods (25, 25, and D0O-year) using the GEV distribution. The simulated
AMP quantiles for various return periods were obtained by fitting GEV distribution to AMPs
corresponding to the 1000 simulated 1000 realizations of daily precipitation, each realization
having 30 years oflaily precipitation. The mean of the AMP quantiles correspondinipeo
simulated 1000 realizations represents the expected intensity, while 97.5th and 2.5th percentiles
represent the upper and lower bounds of 95% confidence interval. The observed AMIBsquan
for various return periods were obtained by fitting GEV distribution to AMPs corresponding to
the observed daily precipitation series.

In the case of the observed AMP quantiles, each of the three parameters of GEV distribution
with three values werwas used to obtain the expected intensity, upper, and lower bouhes of
95% confidence interval. FiguB® shows the expected values @hd 95% confidence intervals
obtained from LARSNG simulations as compared to the corresponding theoretical gsantil
derived for the observed daily AMPs. The simulated expected values slightly overestimate the
theoretical expected quantiles, while the simulated confidence intervals systematically slightly
underestimate the theoretical 95% bounds particularly at laegem periods. Two points are
worth noting in Figure30: first, the stochastic realizations produced by LARS approached

the theoretical confidence interval of the GEV distribution, and second, confidence intervals
should be treated and understood ftale as Figure30 clearly demonstrates wide variability
around the baseline/historical IDF curves. Therefore, such variability around projected future
IDF curves should not be attributed to uncertainty due to climate change.
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(black) and simulated AMPs obtained from 1000 realizations of geglgipitationtime series
during the baseline period using LARBG (red) with the corresponding 95% confidence
intervals (dashelines)

3.4.2. Uncertainty due to natural variability and disaggregation models

The K-NN hourly disaggregation model was provided with 1000 realizations of daily
precipitation values obtained from LARSG to create 1000 realizations of hourly precijatat
sequences during the baseline peritte simulatedourly AMP valueswereextracted from the
disaggregated seriemd GEV distributions were fit to thenihe mearand the 95% upper and
lower bound®f 1000 realizationsvere obtained in a similar wayg @iscussegreviously

Figure31 shows a comparison between the simulated hourly AMP quantiles (expected value and
95% confidence intervals) and the correspondiisgoricalhourly quantiles. Similar to the daily
values, the simulated expected values slightly overestimatbistarical expected quantiles,
while the simulated confidence intervals slightly underestimate the theoretical 95% bounds,
particularly in larger return periods, with some exceptions&38-, and 12hour durations).
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Figure31 The IDF curves based on historical AMPs (black) as compared to the simulated
values obtained from 1000 realizations of baseline time series frbiN Kourly disaggregation
model and LARSNG (red) with correspondg 95% confidence intervals (dashed lines).

The K-NN subhourly disaggregation model was provided with 1000 realizations of hourly
precipitation obtained from LAR®/G and KNN hourly disaggregation model to create 1000
realizations of sunourly (i.e. 5min) precipitation sequences during the baseline period (1961
1990). The observed hourly precipitation was also provided to tHeNKsubhourly
disaggregation model to generatenth precipitation during the same baseline period (1961
1990), which was useb estimate thdistorical 5-min quantiles. A similar procesmentioned
above for the hourly precipitation quantilesyas repeated with the 30 years ofmin
precipitation series, both for simulated 1000 realizations and the observed precigtigtioe.

32 showsa comparison between the simulated-Bobrly AMP quantiles and the corresponding
subhourly quantiledor the gauged precipitatiomn general, the simulated expected values and
the lower bounds overestate thegauged precipitatiorexpected quantiles and their lower
bounds in the shorter durations and longer return periods. However, the upper bounds of the
simulated confidence intervals systematically underestimate the 95% upper bbthelgauged
preapitation in all durations and return periods, while the lower bounds systematically
underestimate the theoretical lower bounds inldrger durations. The overestimation of the
expected values seems to diminish as the storm durations increase.
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Figure32: The subhourly IDF curvesdased ombservedAMPs (black) as compared to the
simulated values obtained from 1000 realizations of baseline time series fiddhidurly and
subhourly disaggregation adek and LARSWG (red) with corresponding 95% confidea
intervals (dashed lines)

Regardless of the downscaling method, it is important to verify the results obtained by a
downscaling method before using the results for purposes in order to reduce the associated risks.
In this study, the results of the adegp twostage downscalindisaggregation method using
LARS-WG and kNN were compared with results obtained from a published method based on
GP. Comparing the results of GP andNKl can be considered a way to quantify
uncertainty/variability due to disaggation from daily to hourly precipitation. Hence, the

expected hourly precipitation quantiles corresponding to 1000 realizations from-WARS&nd

K-NN hourly disaggregation model , and the expected hourly precipitation quantiles from the GP

method of 2yea return period for CanESM2 based on three RCPs during-204Q, 2041
2070, and 2072100 periods are comparedrigure33. Theresults for HadGEMZES and other

return periods are provided in appenBixThe intenal variability of precipitation represented by

1000 realizations can be better explained by the box pldigure33 and the values within the
whiskers of the box plots seem to contain the simulations of then&Rod for almost all the
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cases. This would provide more confidence in using the simulations from the adopted method of
this study as these are comparable to the results of the GP method.
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Figure33: Expectedl-hr AMP corresponding to 1000 realizatiomerh LARSWG andK-NN
hourly disaggregation model (boxplognd thesamefrom GP methodblue dots)f 2-year
return period for CanESM2 based on three R@REg the 2% century.

3.4.3. Uncertainty in the projections of future IDF curves

The K-NN subhourly disaggregation model was provided with 1000 realizations of hourly
precipitation obtained from LAR®G and the KNN hourly disaggregation model to create
1000 realizations of -Bnin precipitation sequences during the projection period (200D)
accoding to two GCMs (CanESM2 and HadGEMS) and three RCPs. The simulated AMP
guantiles were extracted from the disaggregateehsully precipitation series related to various
return periods using the GEV distribution as explained earlier.

Figure 34 shows comparison between the simulatedtsalrly AMP quantiles for both GCMs

and the corresponding theoretical quantiles obtained from the GEV distribution fitted to the
observed (historical) AMPs for-gear return peads. The graphs representing other return
periods and longer durations are provided in Apper@dixin general, uncertainty in the
projections of future extreme precipitation quantiles increases at shorter durations and for longer
return periods. Projectienare highly sensitive to the choice of GCMs and/or RCPs. This
includes uncertainty in projecting both the sign and the magnitude of future vari@gétatse
change)n extreme precipitation quantiles at different durations and/or return periods.
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Figure34: Uncertainty in the projections of future extreprecipitationquantiles based on two
GCMs and three RCPs obtained from CMIP5 and quantified by using GEV shown as 95%
confidence intervals (dashed line@gjh expected quantiles (solid lines)

3.5. Discussion

Generally, it is observed that there are changes irréselution precipitation intensities in
future with respect to the precipitation intensities during the baseline period (i.e., historical
intensities) for all return periods. When thepegted precipitation quantiles are compared,
HadGEMZ2ES: RCP8.5 shows the highestative change (i.e., 43%) in precipitation intensity

for 5min duration and 10§ear return period during 20070, while CanESM2: RCP2.6
shows the higheselative change(i.e., 25%) in precipitation intensity for 4&in duration and
100year return period during 202040. HadGEMZES: RCP4.5 shows the biggestative
decrease (11%) in precipitation intensity fori@t duration and 10§ear return period during
2071210Q while CanESM2: RCP4.5 shows the highetative decrease (9%) in precipitation
intensity for 35min duration and 10§ear return period during 20721L00.
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The relative changs in precipitation intensity with respect to the historical intensities and the
uncertainty bounds in the projections of future IDF curves for the GCMs/RCPs are dependent on
the duration, return period, and tirperiods These dependenes might be useful to consider

while selecting the design valuesstorms(i.e., IDF curves) fothe designof urban storm water
collection systems in the City of SaskatoBrom a practical point of view, Tab&provides a

overall summary of possible changes in design values of rainfall intensities in Saskatoon due to
climate change. Therojected increase in future rainfall intensities intensifies at shorter
durations and longer return periods. Shorter duration storms are of significance to minor system
(e.g., street drainage inlets and storm sewers) and storms of longer return periods are of
significance to major systems (e.g., storm detention pqi@is) of Saskatoon, 2012).

Table9. Historical and projected rainfall intensities for selected durations and return periods of
storms in SaskatooiiBasemeans historical value$jin means the lowesif future projection,
andMaxi s the highest value of future projectiol
highest change.

Intensity (mm/hr)

Duration 2-year 5-year 25year 100-year

Base Min Max | Base Min Max | Base Min Max | Base Min Max

15min |37 35 39 |57 56 64 |108 105 130 |183 179 241
l-hour |14 14 16 |22 22 26 |47 45 58 |94 85 126
2-hour |9 9 11 |14 14 17 |27 26 32 |46 44 56

3.6. Model verification for the Stochastic rainfall disaggregation

We tested the proposed stochastic disaggregation prosedturevo different modes, i.e.
uncoupled and coupled with the LARBG model. In the uncoupled mode, we disaggregated
historical daily rainfall totals during the baseline period (:2820) into hourly timesteps using

100 realizations of the proposed stastic algorithm. Accordingly, we compared historical
AMPs with the simulated envelope of AMPs during the baseline period. Figure 35 shows the
results of this analysis for-dr, 3-hr, 6hr, 12hr, 18hr and 24hr rainfall durations. For each
subdaily duraion, the simulated AMP envelope (grey area) contains the corresponding
historical time series (black solid line). It should be noted that uncertainty bounds in the
simulated envelopes are wider at shorter durations. Hor AMPs, the simulated envelope
might slightly overestimate extremely low AMPs (e.g., feahrAAMPs around 1965). The
algorithm, however, can capture average and large AMPs during all hourly durations quite well.
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Figure 35. Comparison between historical AMPs (black solid lines) anesponding simulated
AMP envelopes (grey areas) obtained based on 100 realizations using the proposed stochastic
disaggregation algorithm.

To further investigate the efficiency of the proposed stochastic disaggregation method, we
considered a coupled expaentation, in which multiple daily LARSVG realizations during the
baseline period are introduced to the stochastic model and disaggregated into hourly rainfall
profiles. Accordingly, we compared historical and simulated AMPs across various rainfall
duraions and/or return periods. Figure 36 shows the results of this experimentation, in which
100 realizations of the historical daily rainfall based on LARS are disaggregated. Each daily
realization is disaggregated 100 times, resulting into 10,000 agafiz of hourly rainfall time

series from 1961 to 1990. For each hourly realization, we extragted3tr, 6-hr, 12hr, 18hr

and 24hr AMPs and used the GEV distribution to quantify the AMPs across various return
periods from 2year to 1068year. In eah panel of Figure 36, the black solid line shows the
historical extremes based on fitting the GEV distribution to the observed AMPs. These lines can
be compared with blue and red solid lines, which show the mean and median of simulated
ensemble extremesespectively. Similarly, dashed black lines in each panel show the theoretical
95% confidence intervals obtained by fitting the GEV distribution to the historical AMPs. These
intervals can be compared with the grey envelope that represent the simulatedr8isidnce

interval obtained from the disaggregated ensemble. As it can be observed, the simulated
envelopes overestimate theoretical lower bounds and underestimate theoretical upper bounds.
This behavior is mainly due to the quality of LAR$BG simulatiors (see Figure 19) that
propagate into shorter durations through disaggregation; nonetheless, the ensemble mean and
median estimates match the historical extremes quite well, although they slightly overestimate
the historical extremes during long return ipds. In summary, he proposedmethod can
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sufficiently reproduce the historical daily and sdaily AMPs and the efficiency of the
proposed method is comparable with the KNN motidreover, he fully coupledstochastic

downscaling/disaggregation framewocan reproduce expected AMP qunatiles during the
baselingperiodandacross differat durations and/or return periods.

Reconstructed ensemble = Expected quantile (historical) === Lower bound (historical) === Upper hound (historical) —— Ensemble median —— Ensemble mean
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Figure 36. Comparison between observed and simulated extremes during baseline period and

their corresponding 95% cadénce intervals across various hourly durations and/or return

3. 7 Future simulationsof the Stochastic rainfall disaggregation

We | inked

duration, we extracted AMPs during three future control periods, i.e-2040, 20412070 and
20712100. We further used the GEV distributions to calculate extreme rainéad

t he

periods.

stochast.i

c

di saggregation
rainfall from 2011 t02100 according to projections obtained from 6 GCM/RCP combinations
considered in the course of this study. For each GCM/RCP combination, we considered 100
daily realizations obtained from LAR®G and disaggregated each realization 100 times. This
resultedinto 10,000 realizations of hourly rainfall from 2011 to 2100. For eachdaip

met ho

corresponding 95% confidence intervals across various hourly durations and/or return periods.
Estimated extremes and their corresponding 95% confidence intervals were then compared with
those obtained for the baseline period (Figure 36). Figurea®3& show parts of this analysis

for projections obtained frorl@anESM2and HadGEMZ2ES, respectively (see Taldéd1l to H6
in appendix Hor more extended results for each GCM/RCP combination). In these figures, rows

and columns correspond to return peri¢gsr, 10yr and 108yr) and future control periods
(20122040, 20412070 and 207R100), respectively. In each panel, solid lines repretent

mean of the simulatedensemble of AMPs and dashed lines correspond to 95% confidence
intervals, derived empially from 10000 simulations. In addition, black lines are related to
baseline simulations and red, greend blue lines correspond to future projections based of
RCP2.6, RCP4.5 and RCP8r&spectively. Considering the overall results, projections hargel

vary depending on the particular GCM/RE@Bmbination considered.Based onthe results

65



obtained from 6GCM/RCP combinatios used, it can be concluded that the extreme rainfall
guantiles in Saskatoon are subjecthange during the 21st century; howeyojected change

in sign, magnitudeand variability of AMPs differ across swdaily durations and/or different

return periods, and are highdgnsitive to the choice tfie GCM/RCP combination. In general,

for all considered combinations, the magnitude &ariability of change in AMPs are more
pronouncedat shorter duration anidngerreturn periodsComparing the results obtained from

the two GCMs, projected changes and differences between three RCPs are stronger in

HadGEM2ES model.
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Figure 37. Corparison between baseline and future AMPs according to projecti@@en&SM2
across various duration and return periods.
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Figure 38. Comparison between baseline and future AMPs according to projections of
HadGEMZ2ESacross various duraticand return periods

Having a large ensemble for future projections can enable a detailed analysis of future rainfall
likelihood across different sutbaily durations and/or return periods presented earlier in this
report This analysis extends theadysis provided in Figure87 and 38 and look inside the
ensemble projections within simulated envelopes. This analysis not only reflects the differences
in future extreme rainfalls across different GCM/RCP combinations, but also can provide a basis
for choosing a particular design rainfall according to the risk accepted in the design and
operation of storm water system. Here, we just compare empirical distributiors ¢fMPs in

three different return periods (for complete likelihood information pleasder rto the
accompanyingoftwaretool (SaskIDF). Figures39 and40 show this analysis faCanESM2and
HadGEMZ2ES respectively. In both figures rows and columns correspond to return periods (2
yr, 10yr and 100yr) and future time episodes (202040, 2@1-207Q and 20712100),
respectively. In each panel, bjugreen and red lines correspond to RCP2.6, RCPard
RCP8.5 respectivelyWhile the simulated envelops can be almost similar in some corresponding
cases, the empirical characteristics of sinadaenvelopes can be largely different from -one
another. Moreover, the differerecacross different GCMs, forced withparticularRCP, can be

quite substantial, highlighting a large uncertainty in the future projections obtained from GCMs.
This can reflet the need for considering the IDF curves obtained from various GCM/RCP
combinatiors and analyzing the corresponding likelihood information to choose alaib
design storms based on the risk accepted in design and operation.
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Figure 39. Comparison he¢en future dhr AMPs according to projections GanESM2across
three different RCPs (2.6, 4.5 and 8.5), three different control periods-22dD] 20412070
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4. CONCLUSIONS AND RECOMMENDATIONS
4.1. Conclusions

The twoestage downscalindisaggregation method is a promisiagproachfor generating long
records of hourly and stitoourly precipitation and constructing a set of IDF curves for design
purposes in Saskatoomhis approachalso enabled the quantification of uncertainties due to the
natural internal variability of precipitation, and enabled a comparison with the GP method to
quantify uncertainty in the disaggregation method

LARS-WG performed well in repragting the mean daily precipitation, mean extreme daily
precipitation, and maximum extreme daily precipitation, underestimating variabflitthe
maximum extreme daily precipitatiaanly in the month of June. Including the distributions of
wet and dry spélengths helped in widening the range of variabilitddextreme precipitation
generated by LARSVG. Compared to a historical (baseline) AMP value of 117 mm/day for a
100-year storm, a maximum value of 144 mm/day was projected for theZBML period wh
CanESM2 and RCP2.6.

For the kNN method of disaggregation, optimum window sizes for hourly andheuldy
disaggregation models were found to be 7 days and 113 hours, respectively. Based on the sub
hourly precipitation series, it was found that vada$i in the future extreme precipitation
guantiles, as represented by the IDF curves, are more significant at shorter durations and for
larger return periods when compared to historical IDF curves. The variatidagire extreme
precipitation quantileseem to intensify toward the end of thes2dentury. The sign and the
magnitude of variations in future extreme precipitation quantiles at different durations and/or
return periods are highly sensitive to the selection of GCMs and/or RCPs.

A 15-minute stom with historical precipitation intensities of 37 mm/hr and 183 mm/hr for 2
year and 10§ear return periods, respectively, is projected to intensify to values of 39 mm/hr
and 241 mm/hr. The same for eh@ur storm are projected to increase to 16 mm/lr H26

mm/hr from historical values of 14 mm/hr and 94 mm/hr for thee@& and 10§ear return
periods, respectively. The intensification is apparently more pronounced for shorter durations
and longer return period storms.

In general, uncertainty in thgrojections of future extreme precipitation quantiles increases at
shorter durations and for longer return periods. Compared to an intensity of 265 mm/hf for a 5
minute historical storm with a 10@ar return period, an intensity of 317 mm/hr was projected
for the 20112040 period with CanESM2 and RCP2.6, while an intensity of 275 mm/hr was
projected for the same period with HadGEM3 and RCP2.6. During 20£D70, the same
return periodstorm is projected to intensify to values of 281 mm/hr and 381 mm/RG#P4.5

and RCP8.5, respectively, based on HadGEHMR Compared to a-lir storm with a historical
precipitation intensity of 84 mm/hr for a 1:@@ar return period, an intensity of 84.6 mm/hr was
projected for 2072100 with HadGEMZES and RCP2.6 using aPdased downscaling
method, while an intensity of 140 mm/hr was projected for the same period with the same
GCM/RCP using the LARSVG and kNN-based downscalindisaggregation method.
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The contribution of internal precipitation variability, represented1B90 realizations using
LARS-WG, to the uncertainty of AMP values should be taken into account and understood
carefully. These realizations provide a wider uncertainty in future projections than other sources
of uncertainty. However, a similar wide rangevariability in the constructed IDF curvesas
produced during the baseline (historical) period; therefore, the uncertainty cannot be attributed to
possible climate change. If such variability was always present, and the historical IDF curves
were succesfully employed, it is logical to consider this source of projected future variability as

a source of additional information. Thus, the mean of the realizations can be considered for
representatiof the IDF curves; this is the approach adopted in thidystor assessing future
values of AMPs.

4.2.Limitations of the study

The assumptions and limitations of the current study are as follows.

1 The development of the-KIN subhourly disaggregation model used only 14 years-of 5
minute precipitation data, wth might not beoptimum for model calibration and
validation. This was due tive data recorded over a limited time period (:20Q9 with
some missing years)

1 Out of eight rain gauges in Saskatoon, only-sBabrly precipitation from the Acadia
Reservoir ain gauge was considered in this study. This might not adequately represent
the spatial variability in precipitation throughout the city; thus caution should be
exercised in deciding on design criteria for urban storm water collection systems based
on the variations observed in the future IDF curves in this study. However, the
precipitation, when available, from any rain gauge can easily be included in Hstatyeo
downscalingdisaggregation method adopted in this research. The general method
adopted in tls study can be applied to any rain gauge in the city considering any other
GCM/RCP for constructing multiple sets of future IDF curves in order to produce a wider
range of variations for future extreme precipitation quantiles in Saskatoon.

1 Two GCMs (theCanadian CanESM2 and the British HadGERR) were considered in
this study, assuming that the two GCMs and the corresponding six RCPs (RCP2.6,
RCP4.5, and RCP8.5) with multiple realizations would cover a wide range of variability,
which was assumed to bsufficient to investigate the adopted twtage modeling
approach. However, the twgiage modeling approach adopted in this research can be
implemented using other multiple GCMs.

1 Only LARSWG was adopted as a downscaling technique. Other downscaling
approabes,aspresenteckarlier, can be used for better quantification of uncertainty due
to the downscaling process.

4.3. Recommendations

For improving the results of the research conducted in this study and for gaining more
confidence in its recommendationisis recommended that the current study be extended in the
following ways:
1 Inclusion of several other Global Climate Models (GCMs) available through PCMDI
under CMIP5 to better understand the impact of climate change on the IDF curves in the
City of Saslatoon, with better estimation of uncertainty due to GCMs using a-multi
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model ensemble. This is not difficult, given the framework already developed in this
study

Improvement in the collectioof fine-resolution precipitation data at various gauges of
the city should be dondy performing quality check of the datellowed by spatial
analysis to construct a representative precipitation record of fine temporal resolution.

The study may consider dynamical downscaling methods using multiple RCMs, and
comparirg the results with the statistical downscaling methods adopted in this study.
There is a body of literature (Westra et al., 2014) suggesting that intensification of sub
daily extreme rainfall intensities occurs as a result of an increase in atmospheric
temperature. With global warming in the northern hemisphere, it is recommended to
investigate the rate of temperature increase in the Canadian prairies under climate
change, and the empirical evidence of a relationship between increasing temperatures and
extreme sulbdaily rainfall intensities.
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Figure Al: Comparison of the observed globally and annuallgraged CO2 concentration,
temperature anomaly, and mean sea level rise and those under the projections of climate change
scenarios obtained from various IPCC assessment reports (e.g., AR4, AR5) (Source: IPCC Fifth
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Figure A2: Temperature increase obtained for SRES emission scenarios and RCPs based on

CMIP3 and CMIP5 climate model simulations, respectively (Source: Rogelj et al. w22

permissio.



Appendix B

B.1 Steps involved in LARSWG

Simulation of multiple realizations of daily precipitation using LAR& involves a

number of steps as briefly described below.
(i) Site Analysis

The stochastic weather generation process in LARS starts withSite Analgisin order
to generate daily precipitation time series. It is necessary to update the information for Saskatoon
in Site Analysis by specifying the local station name (e.g., Saskatoon), latitude, longitude,
altitude, path of the folder where precipitatifles are located, and format of the precipitation
data files (as shown in Figure B.1).

File Edit Format WYiew Help

[SITE]
Saskatoon
[LAT, LON and ALT]
52.13 -186.68 584
[WEATHER FILES]
C:\Program Files (x86)\LARSWGS\data\Rothamsted\5K LocalRain619@.dat
[ FORMAT ]
YEAR JDAY RAIN
[END]

Figure B1: Updated Site Analysis file for Saskatoon

Site Analysis is performed when the file is updated using the Site Analysis optidiRS-WG,

which produces three files namely a parameter file (Saskatoon.wgx), a statistics file
(Saskatoon.stx), and a test file (Saskatoon.tst). L-RNRS uses the parameters located in the
parameter file for generating synthetic precipitation time sevibdle the seasonal frequency
distributions for wet/dry spell lengths and precipitation series are located in the statistics file. The
statistical characteristics of the observed data and simulated data are compared and the results of
comparison are locad in the test file (Table B.1), where the simulated data are generated using
the parameter files of the observed data. Among the important statistics, the test file testtains
statistics (KS, t-, and fstatistics) with the correspondingvplues, averge wet/dry spell lengths

for each month, and mean monthly precipitation amounts for each month. The statistics are used
to assess the performance of LARSS by evaluating the corresponding/aluesi evaluating if

the observed and simulated data belonthéosame distribution, i.e., the simulated precipitation

is not significantly different from the observed data.
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(i) Generation of scenario files

Scenario files are required in LARSG for determining the perturbation rule of the weather
generator paraeters located in the parameter files. In case of generating synthetic
precipitation series based on the parameters calculated from the observed precipitation data,
no perturbation of the parameter values is applied so that the statistical charactétisécs o
simulated and observed precipitation series remain the same. However, relative change
factors (RCFs) are calculated corresponding to the mean monthly precipitation amounts, and
wet and dry spell lengths for each month, which are then included iscémario file for
generating future precipitation time series of arbitrary length under climate change scenarios
by perturbing the parameter values obtained from the observed data. An example of a
scenario file of LARSWG is shown in Figure B.2. For detd explanation of LARSVG
weather generation procedures, please refer to Semenov and Barrow (2002).

J// LARS-WG5.5

I Columns are:

I [1] month

I [2] relative change in monthly mean rainfall

I [3] relative change in duration of wet spell

I [4] relative change in duration of dry spell

Iy [5] absolute changes in monthly mean min temperature

' [6] absoclute changes in monthly mean max temperature

Iy [7] relative changes in daily temperature wariability

I [8] relative changes in mean monthly radiation

[VERSION]

LARS-WG5.5

[MAME]

Saskatoon_CGCM_RCP85_2871-2188

[BASELINE]

1975

[FUTURE]

2885

[GCM PREDICTIONS]
Jan 1.29 1.28 8.92 a.0e a.e8 1.68 1.80
Feb 1.23 1.25 @.78 a.ee a.08 1.68 1.00
Mar 2.12 1.81 @8.79 a.0e a.e8 1.68 1.80
Apr 1.64 1.18 @.73 a.ee a.08 1.68 1.00
May 1.5@ 8.99 @8.71 a.ee a.0e8 1.68 1.00
Jun @.87 8.77 1.14 a.ee a.08 1.68 1.00
Jul @.69 8.84 1.49 a.ee a.0e8 1.68 1.00
Aug 1.29 1.89 @.78 a.ee a.08 1.68 1.00
Sep @.94 1.85 @8.91 a.0e a.08 1.68 1.00
Oct 2.45 1.95 8.85 a.ee a.08 1.68 1.08
Movw 1.39 1.38 @.79 a.0e a.08 1.68 1.00
Dec 1.82 1.25 @.9a a.ee a.08 1.68 1.08

Figure B2: Scenario file used in LARSVG for the perturbation of parameter values obtained
from the observed data
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Table B1: Relative change factors for CanESM2 during 22070.

Mean monthly precipitatior Wet spell length Dry spell length
Month RCP2.6 RCP4.5 RCP8.5 RCP2.6 RCP4.5 RCP8.5 RCP2.6 RCP4.5 RCP8.5
Jan 1.13 1.09 1.29 1.05 1.01 0.99 0.80 0.91 0.94
Feb 0.96 0.84 1.13 1.01 1.12 1.11 0.86 0.99 0.84
Mar 1.61 1.55 2.02 1.34 1.30 1.54 0.97 0.88 0.77
Apr 1.64 1.90 1.38 1.11 1.27 1.21 0.78 0.81 0.90
May 1.01 1.40 1.37 0.95 0.93 1.00 0.97 1.01 0.82
Jun 1.00 0.78 1.14 0.93 0.94 0.89 1.07 1.00 0.88
Jul 0.98 0.84 0.81 1.14 0.93 0.96 0.99 1.23 1.15
Aug 1.22 0.98 1.30 1.07 0.92 0.96 0.90 0.93 0.79
Sep 0.80 1.12 0.99 1.07 1.03 1.07 0.94 0.90 0.87
Oct 1.48 1.58 1.84 1.33 1.23 1.40 0.78 0.78 0.91
Nov 0.90 1.22 1.38 1.27 1.28 1.27 1.01 0.98 0.91
Dec 1.37 1.47 1.20 1.29 1.27 1.45 0.95 0.80 0.91

Table B2: Relative change factors for CanESM2 during 2@T0Q0.

Mean monthly precipitatior Wet spell length Dry spell length
Month RCP2.6 RCP4.5 RCP8.5 RCP2.6 RCP45 RCP85 RCP2.6 RCP4.5 RCP8.5
Jan 0.93 1.03 1.29 1.05 1.10 1.28 0.91 1.01 0.92
Feb 0.96 1.16 1.23 0.99 1.04 1.25 0.93 0.87 0.78
Mar 1.99 2.13 2.12 1.41 1.43 1.81 0.92 0.91 0.79
Apr 1.89 1.87 1.64 1.06 1.21 1.10 0.79 0.81 0.73
May 0.97 1.21 1.50 0.94 0.96 0.99 0.86 1.00 0.71
Jun 1.22 1.04 0.87 1.07 0.96 0.77 0.92 0.93 1.14
Jul 0.90 0.78 0.69 1.18 0.89 0.84 1.13 1.23 1.49
Aug 0.94 1.05 1.29 1.08 0.99 1.09 0.82 0.91 0.78
Sep 0.98 0.97 0.94 1.10 1.04 1.05 0.97 0.88 0.91
Oct 1.26 1.61 2.45 1.31 1.37 1.95 0.82 0.81 0.85
Nov 0.81 1.37 1.39 1.27 1.37 1.30 1.00 0.95 0.79
Dec 1.31 1.51 1.02 1.09 1.11 1.25 0.92 0.91 0.90
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Table B3: Relative change factors for HadGEMNES during 20142040.

Mean monthly precipitson Wet spell length Dry spell length
Month RCP2.6 RCP4.5 RCP8.5 RCP2.6 RCP4.5 RCP8.5 RCP2.6 RCP4.5 RCP8.5
Jan 1.24 1.01 1.37 1.05 0.72 1.04 1.10 0.90 0.88
Feb 1.17 1.06 1.13 0.76 1.06 0.94 0.90 0.87 0.94
Mar 1.17 1.00 1.09 0.90 0.58 0.81 1.18 1.20 1.29
Apr 1.48 1.05 1.36 0.96 0.85 0.88 0.93 1.17 1.07
May 0.97 1.03 0.79 0.82 0.89 0.91 1.28 1.22 1.40
Jun 0.74 0.98 1.00 0.76 0.88 0.78 1.01 0.93 0.74
Jul 0.91 0.92 1.24 0.81 0.81 1.00 1.01 1.04 0.94
Aug 0.82 0.90 1.00 0.94 1.20 1.20 1.13 1.20 1.11
Se 1.46 1.26 1.68 0.97 0.97 1.11 1.08 0.88 1.03
Oct 1.48 1.02 1.29 1.01 0.79 1.07 0.98 1.04 1.30
Nov 1.01 0.83 1.08 1.02 0.82 1.07 0.98 1.03 1.10
Dec 1.08 1.11 1.14 1.00 1.19 0.88 0.94 1.17 1.01

Table B4: Relativechange factors for HadGEMRS during 20422070.

Mean monthly precipitatior Wet spell length Dry spell length
Month RCP2.6 RCP4.5 RCP8.5 RCP2.6 RCP4.5 RCP85 RCP2.6 RCP4.5 RCP8.5
Jan 1.11 1.07 1.13 0.94 1.13 0.97 0.86 0.81 1.06
Feb 0.96 1.04 1.37 0.8 1.20 1.39 0.98 0.94 0.89
Mar 1.37 1.47 1.62 0.80 0.95 0.86 1.17 1.27 1.57
Apr 1.31 1.47 1.66 1.06 1.18 1.18 0.95 0.98 1.14
May 1.19 1.19 1.47 0.83 0.95 0.87 1.26 1.12 1.17
Jun 0.96 0.98 1.10 0.78 0.81 0.77 0.99 0.83 0.93
Jul 1.06 0.84 0.76 0.84 0.79 0.75 1.03 1.03 1.05
Aug 1.00 0.78 0.85 0.95 0.93 0.94 1.05 1.20 1.27
Sep 1.48 1.08 1.63 0.89 0.80 0.99 1.00 1.29 1.11
Oct 1.46 1.57 1.05 1.08 1.13 0.89 1.09 1.04 1.19
Nov 1.19 1.35 1.21 0.93 0.81 1.13 1.06 0.94 0.84
Dec 1.13 1.05 1.18 1.31 0.97 151 0.84 1.08 0.86
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Table B5: Relative change factors for HadGENES during 20742100.

Mean monthly precipitatior Wet spell length Dry spell length
Month RCP2.6 RCP4.5 RCP8.5 RCP2.6 RCP4.5 RCP8.5 RCP2.6 RCP4.5 RCP8.5
Jan 1.24 1.33 1.06 1.04 0.87 0.76 0.87 1.10 0.75
Feb 1.12 1.21 1.36 0.87 1.09 0.61 0.90 0.96 0.94
Mar 1.00 1.22 1.59 0.98 0.55 0.59 1.11 1.49 1.19
Apr 1.40 1.55 1.63 0.84 0.82 1.07 1.13 1.22 1.07
May 1.14 1.21 0.84 0.90 0.75 0.52 1.12 1.07 1.38
Jun 1.17 0.89 0.94 0.85 0.70 0.62 0.83 1.01 0.96
Jul 1.01 0.68 0.60 0.73 0.80 0.64 0.89 1.01 1.11
Aug 0.76 0.95 0.63 1.07 1.00 0.89 1.15 1.08 1.19
Sep 1.62 0.99 1.12 1.09 0.78 0.93 0.96 1.13 0.98
Oct 1.47 1.22 1.74 0.99 0.81 0.86 1.13 1.21 1.06
Nov 1.05 1.45 1.41 1.26 1.13 1.17 0.90 0.96 0.90
Dec 1.08 1.22 1.30 1.08 1.11 1.18 0.86 1.02 1.10
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Figure B3: Variations in the future projections of daily AMP quantiles in the City of Saskatoon
according to HadGH2-ES forced with three RCPs using two sets of change factors: with
wet/dry spell (blue) and without wet/dry spell (red) effects. The expected quantiles (solid lines)
and their 95% confidence intervals (dashed lines) are shown with the correspondinggjuanti
during the baseline period (black).

90



RCP2.6 (2011-2040) RCP2.6 (2041-2070) RCP2.6 (2071-2100)

1000— ‘ ‘ ‘ ‘ 1000 ; ; ; ‘ ; 1000 ; ; ; ; ;
500 i e ...... + ...... 500 e + ...... ...... # ...... 500 S + ...... +o e .
D O .
— RCP4.5 (2011-2040) — RCP4.5 (2041-2070) — RCP4.5 (2071-2100)
= 1000— ; = 1000— ; ; = 1000— ; ; ;
=z : : : : = : : : : : = : : : * :
?, 5005 ST + TS E 500k S R é SO0k ....... ....... o
I + | : T i I + T : : : z + : : : :
= 2500-F SV = 250k-FwEem B B 2500 B b E i
N I S S e B G O A |
£ 0 £ 0 = 0
RCP8.5 (2011-2040) RCP8.5 (2041-2070) RCP8.5(2071-2100)
1000 =7 1000+ 1000+
750 . .. ........ ........ ........ _ 750 . . .. .. ...... ........ .. 750 . ....... ....... ....... ......... e
3500 + T ........ e ¢_ 500k + ...... 4 b o 3500 + + ...... + ...... RN
: P4 wlida i o
R .\N-'\\\“, WO A e BN BN JNPS S ISEA U IR
g@‘\“ch\ﬁ.\«“ ] «\0\)&\_ _«-\{(\\ . \\\0\,\\ 'A%zg,@?’;\\\l\\m\& Lﬁ\ WA ?’ﬁ'gﬁ""%\:r\l\jﬂfggf%\;%\‘“‘“°
P o e Pl o o St ot ca“%aé"@cﬁ“’

\" ; 5
a0 S V5
[ C:a“?’ \\aﬁi’:;@@\\\

Figure B4: Variations in the future projections of daily expected quantile$@6tyear return
period in the City of Saskatoon according to CanESM2 and HadG@ES/drced with three
RCPs using two sets of change factors, i.e. with wet/dry spell and without wet/dry spell effects
along with the corresponding daily expected quantiles during the baseline.
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Appendix C

An attempt was made in this study to investigate the homogenegiybdfourly rainfall data
recorded at four raigauges in the City of Saskatoon during the period 2Z4¥® with missing
records during 2002004. An attempt was also made to identify the representative rain gauge
for the City of Saskatoon by evaluating tensistency between the rain gauges with comparison
to the Environment Canada (EC) daily rainfall data during the same period.

C.1 Double mass curve analysis

Analysis of double mass curves was conducted for each of the four rain gauges to investigate th
homogeneity of rainfall records over the period of operation. The double mass curves of the four
rain gauges against EC measurement station show some fluctuations in the corresponding slopes.
There are more fluctuations in slopes of the City Hall, thefddibaker Fire Hall (i.e.,
Diefenbake), and the Warman Fire Hall (i.e., Warman) stations than that of the Acadia
Reservoir rain gauge (i.e., Acadia). The slope of the Acadia record suggests that this gauge
record might be more consistent with the EC datd thus, it might represent a reliable sub
hourly data series for the City of Saskatoon. Other rain gauges, i.e., City Hall, Diefenbaker, and
Warman contain substantial missing data in their records, which is approximately 19% each,
whereas Acadia gaugea$ 11% missing data during the period of-Bobrly rainfall record. The
amount of missing data seems to affect the fluctuations in the slopes of the corresponding rain
gauges. The comparison of double mass curves among the rain gauges in Figure Cthashows
Diefenbaker and Warman gauges might be consistent in recordidgpadlg rainfall, while no

other two rain gauges seem to demonstrate such consistency. Examination of Figure C.1 reveals
that the Acadia gauge seems to keep consistency with EC ragdaitl in the early few years,

and later deviated from that trend during the last few years due to underestimation. On the other
hand, the remaining three rain gauges seem to underestimate the EC rainfall values except in
1992 and part of 1993.
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C.2 Efficiency of rain-gauges as compared to EC records

The rain gauges seem to underestimate the annual total rainfall of EC in most of the years except
in 1993, 194, 2006 and 2007 where Acadia overestimated the EC annual total rainfall (Figure
C.2). Overall, Acadia seems to estimate the annual total EC values better than the other rain
gauges in most of the years, although some of the rain gauges estimate ECGataintahfall

quite closely in some years.
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C.3 Tukeyods multiple comparison test

The differences of mean betweeref@nbaketAcadia (DA) and WarmarAcadia (WA) rain-
gauges are significant at 10% significance level, since 4myes are less than 0.10. Also the
differences of mean between Environment Carldi@éenbaker (ED) and Warman
Environment Canada (W) are gnificant at 10% significance level since thegdues are less

than 0.10 in Table C.1. Figure C.3 shows that the differences in mean levels f&-C, D-C,

W-C and WD rain gauges includes the zdnoe within their intervals and so, the differences
may become zero anytime leading to a-s@nificant difference between two means at 10%
significance level. But the differences in the results between Diefenbaker and Acadia; and
Warman and Acadia are comparatively large with the highest differencednetarman and
Acadia (W and A) rain gauges. As compared to EC data, the differences in the mean between EC
and Diefenbaker; and EC and Warman are comparatively large with the highest difference
occurs between Warman and EC (W and EC) rain gauges. Owcalllia has the lowest
difference in the mean in comparison to EC, which is also suggested by the correspending p
value (i.e. pvalue>>0.10).
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Table C1: Results of Tukeyds test for meamampar i son

Stations Dﬁference vayer U.pper p-value
in mean limit limit
City Hall-Acadia -0.209 -0.542 0.123 0.529
DiefenbakerAcadia -0.346 -0.678 -0.014 0.077
Environment CanadAcadia 0.075 -0.257 0.408 0.981
WarmanAcadia -0.386 -0.719 -0.054 0.034
DiefenbakerCity Hall -0.137 -0.469 0.195 0.850
Environment Canad&City Hall 0.285 -0.047 0.617 0.216
WarmanCity Hall -0.177 -0.509 0.155 0.685
Environment Canad®iefenbaker 0.422 0.089 0.754 0.016
WarmanDiefenbaker -0.040 -0.372 0.292 0.100
Warman Environment Canada -0.462 -0.794 -0.129 0.006
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Figure C3: Differences in mean rainfall between the rgauges and EC station

C.4 Extreme rainfall of the City rain gauges

The extreme rainfall can be analyzed by the identificabf annual maximum rainfall of various
temporal resolutions at the four rain gauges in Saskatoon. The annual maximum rainfall of
different temporal resolutions (i.e., daily;hbur, 15min, and 5min) at each of the four rain
gauges and trankll aEaenbakdraAirdory Station were used to compare the
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variability in the extreme rainfall (Figure C.4). It is apparent from the previous results shown in
Figures C.1o C.3that Acadia rain gauge is more consistent with the EC daily rainfalltdan

other rain gauges in the city. However, the remaining three rain gauges seem to perform quite
similar to Acadia in terms of median and intprartile ranges of the corresponding extreme
rainfall values. The median and inguartile ranges of the iragauges fall within the inter
guartile range of the EC station in case of daily rainfall. The medians of extreme rainfall values
at the rain gauges were not significantly different from each other in cases of other temporal
resolutions. The annual maximurainfall of 5minute resolution at Acadia rain gauge shows
quite similar variability as that of other rain gauges. However, the annual maximum rainfall of
other temporal resolutions at Acadia rain gauge shows more variability than those of other rain

gawges.
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Figure C4: Annual maximum rainfall of different temporal resolutions at the city rain gauges; A:
EC: Environment Canada, Acadia, C: City hall, D: Diefenbaker, and W: Warman

The analysis of double mass curve and ogherformance evaluation criteria show that the
Acadia rain gauge might be more reliable showing higher consistency with EC data having mean
value, which is not significantly different from the EC mean rainfall value. Therefore, the sub
hourly rainfall daa from Acadia rain gauge was considered for the hydrological study in the City
of Saskatoon.
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Appendix D

Table D1: Internal parameters used in the GP search for extracting equations representing the
relationships between the AN at the GCM (CanESM2 and HadGEM?2) and the local scales

GP parameter Type of parameter Value
Inicmaxlevel Variable parameters 19, 20
Dynamiclevel (internal settings) 24, 25, 26
Realmaxlevel 30, 32, 35
Minprob 0.025, 0.08

Mathematical operations  Fixed parameters {+, -, X, /, exp(X), %}

Terminal 24

Table D.2: Internal parameters used in the GP search for extracting equations representing the
relationships between the AMPs at the GCM (CGCM3.1) and the local scales

GP parameter Type of parameter Value
Inicmaxlevel Variable parameters 17,18
Dynamiclevel (internal settings) 23, 24
Realmaxlevel 29, 30
Minprob 0.025, 0.08

Mathematical operations  Fixed parameters  {+, -, X, /, exp(X), %}

Terminal 24
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Table D.3: Equations extracted incGP based on CanESM2 and their performance statistics for training, validation and testing data sets

Duration Equations Training Validation Testing
(h) RMSE R MB MARE RMSE R MB MARE RMSE R MB MARE
1 Quocal(X)=(Qacm(X)-24/Qzcm(X)*-2) (23 Qacm(X)/exp(Qacm(X)/24)+Qscm(X)/8) 2449 100 -5.78 0.02 16.00 1.00 -6.61 002 10366 096 7.93 0.07
2 QLocal(X)=Qacm(X)¥24+(36@em(X)+11Qeem(X))/(Qocm(X)+12)+24 9.36 1.00 174 0.01 525 1.00 1.82 0.01 5271 097 8.08 0.07
3 QLocal(X)=10Qscm(X)+exp(24/Qcm(x))-48 340 1.00 -0.69 0.01 255 1.00 -064 0.01 3085 097 214 0.07
4 Quocal(X)=119Qscm(X)/24+2.7183Qcm(X)-exp(24/Qcm(X))-24 324 1.00 056 0.01 248 1.00 051 0.01 2406 098 281 0.08
5 QLocal(X)=145Qscm(X)/24-Qaem(X)%/288-exp(24/Qcm(X) +1) 3.05 1.00 -027 0.02 293 1.00 -035 0.02 2094 097 142 0.08
6 Quocal(X)=31Qscm(X)/6-Qacm(X)%192-exp(24/Qcm(X))-1) 457 100 -0.38 004 453 1.00 -061 004 1769 0.97 093 0.09
7 QLocalX)=4Qocm(X)-exp(Qem(X)/24)Qacm(X)+576/Qscm(X)exp(24/(exp(exp(Qem(x)/24))) 657 099 118 005 6.34 0.99 095 005 1593 0.97 226 0.10
8 QLocal(X)=576/Qscm(X)*+3Qacm(X)-576/Qscm(X)-exp(Qscm(X)/24)/Qecm(X)+46 381 1.00 0413 001 347 1.00 0.03 002 1435 096 121 0.10
9 QLocal(X)=3Qccm(X)+24Qscm(X) % (Qacm(X)>+576)+(24@cm(X)-Qacm(X)2)/(576-Qaem(X)) 3.24 1.00 0.99 0.03 321 1.00 0.84 0.03 1376 096 1.89 0.09
10 Quocal(X)=3Qacm(X)+Qacm(X)Z24exp(@cm(X)/24)+Qacm(X)/24-Qocm(X) 4288 235 1.00 -0.90 0.03 235 1.00 -1.00 0.03 1229 096 -0.22 0.08
11 Quocal(X)=25Qscm(X)/12-Qaem(X)%/576+exp(24/Qcm(X))-576/Qscm(X)+47 208 1.00 0.83 0.02 193 1.00 0.80 002 1201 095 146 0.08
12 Quocal(X)=2Qecm(X)-Qaem(X)%288-552/Qacm(X)+47 272 100 172 004 271 1.00 175 004 1118 0.94 215 0.10
13 Quocal(X)=29Qscm(X)/24+(Qscm(X)2+48Qem(X))/(Qacm(X)+24+exp(Q@cm(X)/24)) 340 099 086 0.05 331 099 0.69 0.06 943 096 112 0.08
14 Quocal(X)=Qacm(X)+24exp(224/Qscm(X))+24Qeem(X)(576+Qscm(X)?)+2.7183 130 1.00 -0.07 0.01 086 1.00 -0.07 0.01 8.95 094 016 0.09
15  Quocal(X)=(576-Qacm(X)12-3Qacm(X))/(exp(exp(24/Qcm(X)))+24)+2Qcm(X) 150 1.00 0.66 0.02 157 1.00 0.68 0.03 916 094 1.08 0.10
16 Quocal(X)=(Qacm(X)-8)(48 Qaem(X)+1152/Qsem(X))/192+2Qem(X) 203 1.00 050 0.03 202 1.00 040 0.03 789 095 0.83 0.08
17 Quocal(X)=(48-Qacm(X)+24/Qacm(X))/exp(48/Qcm(X))+24/(exp(24/Qcm(X))+Qacm(X))+2Qacm(X) 0.99 100 -002 0.01 082 1.00 -0.03 0.01 718 095 0.27 0.07
18  Quocal(X)=(24Qscm(X)-576)/(exp(Q@cm(X)/24)+24)+25Qcm(X)/24-24/Qacm(X)+25 137 1.00 0.58 0.02 149 1.00 0.60 0.02 6.44 096 071 0.02
19  Quocal(X)=((6912+48Qcm(X)%)/Qacm(X))/(Qacm(X)*+576)+Qscm(X) 0.75 1.00 0.05 0.01 0.68 1.00 0.09 0.01 6.64 095 027 0.07
20 Quoca(X)=23Qscm(X)/24+331776Qcm(X)/(25Qecm(X)*+576Qscm(X)+331776) 0.82 1.00 0.02 0.02 0.80 1.00 -0.01 0.02 596 0.96 024 0.07
21 Quocal(X)=48/exp(24/Qcm(X))+exp(EQccm(X)*exp(Qacm(X)/24-24))+Qscm(X) 0.74 1.00 -031 001 046 1.00 -0.30 0.01 6.24 095 -0.04 0.07
22 Quocal(X)=Qocm(X)-exp(24/Qcm(X))-exp(2Qcm(X)/(Qocm(X)+24))+(24Qcm(X)-576)/(24+Q@cm(X))+24 ~ 1.41  1.00 0.09  0.02 1.19 1.00 0.09 0.02 6.11 095 0.39 0.06
23 Quocal(X)=(48-(96Qacm(X)-576)/(576Qacm(X)))/exp(24/Qcm(X))+Qacm(X) 055 1.00 045 001 057 1.00 046 0.01 576 095 0.65 0.07
24 Quoca(X)=24Qzcm(X)/(exp(exp(Qcm(X)/576))(exp(Q@cm(X)/24+1)+24)+Qacm(X)+24/exp(24/Qcwm(X)) 130 1.00 -030 001 079 100 -0.29 0.01 519 095 -0.08 0.07

Units of RMSE and MB are mm/day
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Table D.4: Equations extracted from GP based on HadGE®and their performance statistics for training, validation and tesdilagsets

Duration Equations Training Validation Testing
(h) RMSE R MB MARE RMSE R MB MARE RMSE R MB  MARE
1 QLocal(X)=3Qaem(X)+Qacm(X)exp(1+Qem(X)/24)-exp(49Qcm(X)/576)+73 2885 1.00 393 0.01 2436 1.00 358 001 1112.32 0.94 11.78 0.07
2 QLoca (X)=Qacm(X)%288+4Qscm(X)-48/Qacm(X)+72 9.32 1.00 -1.61 0.03 641 1.00 -2.07 003 4648 0.97 1.06 0.08
3 QLocal(X)=71Qsecm(X)/12+23Qscm(X)¥/13824+1 153 1.00 0.56 0.01 1.39 1.00 0.57 0.01 28.09 097 182 0.06
4 QLocal(X)=48Qscm(X)?/(5522Qacm(X)-7.3891)2Qeem(x)+31.3891 403 1.00 -1.05 0.03 4.03 1.00 -1.23 0.03 16.68 098 -0.35 0.06
5 Quocal(X)=Qacm(X)712+(Qscm(X)-24)/exp(@cm(X)/12)+Qecm(X)/exp(8/(Qcem(X)+8))+Qecm(X)+24  2.02 1.00 0.84 0.01 1.43 1.00 0.81 0.01 1438 098 1.26 0.06
6 Quocal(X)=(27Qscm(X)+exp(Qcm(X)/24)+600)(@cm(X)+1)./576+2@cm(X) 1.17 1.00 0.23 0.01 0.93 1.00 0.25 0.01 13.82 098 055 0.08
7 QLocalX)=(21Qscm(X)*+1632Qcm(X)+1152)./576 059 1.00 0.19 0.00 044 1.00 0.18 0.00 12.83 097 048 0.08
8 Quocal(X)=Qacm(X)2/(48-Qacm(X)%(1152-Qacm(X)))+71Qscm(X)/24 0.61 1.00 -0.20 0.01 0.64 1.00 -0.17 0.01 11.78 097 0.13  0.08
9 QLocal(X)=Qaecm(X)/48+2.5@cm(X)+exp(EQacm(X)/24)+exp(Qem(X)/24)/24+exp(Qcem(X)/24) 0.34 1.00 -0.05 0.00 0.31 1.00 -0.03 0.00 1024 097 0.28 0.08
10 Quocal(X)=(Qacm(X)-2.7138)(Q@cm(X)-24)/48+70Qcm(X)/24 1.14 1.00 0.36 0.01 1.03 1.00 0.40 0.01 9.11 0.97 057 0.07
11 Quocal(X)=3Qacm(X)+(23Qscm(X)*+Qacm(X)3)/1382424/exp(exp(24/Qem(X)?)) 141 1.00 0.61 0.02 1.43 1.00 068 0.02 8.76 097 080 0.08
12 QuocalX)=3Qscm(X)-24Qeem(X)/(eXp(Qecm(X)/12)+2Qsem(X)-24+576/Q@cm(X)) 1.30 1.00 -0.14 0.01 1.09 1.00 -0.11 0.01 8.00 097 -0.11 0.07
13 Quocal(X)=(Qacm(X)*-Qacm(X)exp(1/(24exp(Qscm(x)/24))))/(Qacm(X)+24)+45Qcm(X)/23 0.81 1.00 0.03 0.01 0.73 1.00 0.06 0.01 762 097 0.04 0.07
14 Quocal(X)=69Qucm(X)/24+24/exp(Qcm(X)/24)-23 0.72 1.00 0.24 0.01 0.74 1.00 0.25 0.01 6.74 097 023 0.07
15  Quocal(X)=Qccm(X)2/144+2Qcm(X)+1/exp(Qcem(x)/12) 0.21 1.00 0.05 0.00 0.20 1.00 0.06 0.00 724 096 010 0.07
16 Quocal(X)=1-((5Qecm(X)-24)(24Qacm(X)))/576+exp(Qcm(X)/24)/24+2Qcm(X) 0.22 1.00 0.11 0.00 0.22 1.00 0.12 0.00 7.04 096 019 0.07
17 Quocal})=((3Qscm(x)-96)(exp(Q@cm(X)/24)+2Qscm(X)-24))/576+2@cm(X) 037 1.00 -0.17 0.01 0.32 1.00 -0.15 0.01 598 097 -0.09 0.06
18  QuocalX)=45Qscm(X)/24-Qaem(X)(24-Qaem(X))(24+Qacm(X))/13824 0.95 1.00 -0.03 0.01 0.97 1.00 0.00 0.01 5.74 097 0.03 0.05
19  Quocal(X)=727.4067Qcm(X)/(387.7032Qccm(X))-121Qscm(X)/576 1.26 1.00 -0.18 0.02 1.20 1.00 -0.12 0.02 548 096 -0.15 0.06
20 Quoca(X)=25Qscm(X)/24+Qucm(X)?/1152+(Qcm(X)¥/72+24Qcm(X))/(Qaem(X)+24)1 055 1.00 0.29 0.01 0.55 1.00 0.30 0.10 519 097 033 0.06
21 Quocal(X)=(Qacm(X)exp(Qscm(X)/24)24Qscm(x))/(0.5Qscm(X)+47.9765)+2Qcm(X) 1.04 1.00 -0.15 0.02 1.08 1.00 -0.10 0.02 548 096 -0.90 0.06
22 Quocal(X)=0.5exp(1+Qcm(X)/24-576/(Qscm(X)*+24Qscm(X)))+1.5Qscm(x)-0.25 0.99 1.00 -0.11 0.02 0.98 1.00 -0.06 0.02 527 096 -0.03 0.06
23 Quocal(X)=2Qccm(X)-(Qacm(X)-21.28)/(exp(Qcm(X)/24)+24/Qcm(X))- 0.77 1.00 0.02 0.00 0.61 1.00 0.02 0.00 475 096 000 0.06
24 Quocal(X)=(2Qecm(X)*-4Qacm(X)2+192Qscm(X))/(Qocm(X)?+120Qscm(X)-576)+Qscm(X) 1.01 1.00 -0.03 0.02 0.99 1.00 0.00 0.02 450 096 -0.02 0.06

Units of RMSE and MB are mm/day
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Table D.5:Equations extracted from GP based on CGCM3.1 and their performance statistics for training, validation and testing data sets

Duration Equations Training Validation Testing
(h) RMSE R MB MARE RMSE R MB MARE RMSE R MB  MARE
1 QLocal(X)=0.31482Qcm(X)?+0.31482Qcm(X)exp(Qscm(X)/24-exp(24/Qcm(X)))+96 5735 099 -484 0.10 5484 1.00 -2.71 0.10 75.38 0.97 170 0.16
2 Quocal(X)=Qacm(x)?/6+0.90558/exp.03773(24+Q@cwm(x)))+83.36069 2323 099 310 0.07 21.78 1.00 3.19 0.07 4279 097 7.07 0.12
3 QLocal(X)=Qacm(X)?/12+2Qcm(X) +24/Qacm(X) +exp(Qsem(x)/24)+50 541 1.00 0.95 0.02 514 1.00 0.93 0.02 3459 096 309 0.1
4 QLocal(X)=(Qacm(X)+24 24+Qsem(X)+Qoem(X)/8+exp(Qem(X)/24) 332 1.00 0.13 0.00 221 1.00 0.25 0.00 31.11 095 142 0.11
5 Quocal(X)=24/Qacm(X)/24+24/Qcm(X))+25Qecm(X)/24+24+Qcm(X) (24+Qacm(X))/24 275 1.00 -1.01 0.02 284 1.00 -1.15 0.02 2525 0.95 014 0.11
6 QLocd(X)=4Qccm(X)+(576/Qscm(X)+Qacm(X))/exp(24/exp(Qcm(X)/24))+exp(Qcm(X)-24)/24)) 282 1.00 0.19 0.03 277 1.00 031 0.03 2163 0.94 1.05 0.12
7 QLocalX)=3Qccm(X)+(Qacm(X)?-Qacm(X)+24)/(48+Qcm(X))+48exp(@cm(X)/24)/Qscm(X) 242 1.00 -0.18 0.02 257 1.00 -0.05 0.02 18.18 094 026 0.13
8 QLocal(X)=Qacm(X)%288+3Qscm(X)+72/Qscm(X) 280 1.00 0.24 0.02 263 1.00 0.32 0.02 16.54 0.94 063 0.13
9 QLocal(X)=3Qecm(X)+72/Qacm(X)+(exp(Qscm(X)/24)-72) Qscm(X)/576 3.04 1.00 -0.70 0.02 331 1.00 -0.58 0.02 1597 093 -0.30 0.13
10 Quocal(X)=3Qacm(X)+24Qscm(X)/(72+2exp(24Qacm(X))+exp(Qcm(X)/24)) 290 1.00 0.38 0.03 273 1.00 043 0.03 13.76 094 0.46 0.11
11 Quocal(X)=2Qscm(X)+72/Qscm(X)+7Qacm(X)/16 212 1.00 0.03 0.02 208 1.00 0.09 0.02 12.86 0.93 0.25 0.12
12 Quocal(X)=2Qacm(X)-exp(2.5417+1/Qcm(X)-1/Qecm(X)?)+24 215 1.00 0.05 0.01 213 1.00 0.08 0.01 12.10 093 0.5 0.11
13 Quocal(X)=2Qacm(X)-Qacm(X)/(24+exp(24Qacm(X)) +Qacm(X))+6+24/Qscm(X) 050 1.00 -0.01 0.01 0.53 1.00 0.00 0.01 10.78 0.93 0.05 0.11
14 Quocal(X)=2Qscm(X)+12/Qscm(X)-Qacm(X)/24+(3Qscm(X)+24)/Qacm(X) 1.77 1.00 -0.24 0.02 1.84 1.00 -0.21  0.02 9.71 093 -0.16 0.12
15  Quocal(X)=23Qscm(X)/12+48/Qcm(X)-Qacm(X)/16.611+2 1.21 1.00 0.01 0.02 1.28 1.00 0.04 0.02 932 093 012 0.11
16  QuocalX)=1.5972Qcm(X)+Qccm(X)?/864+8 1.23 1.00 -0.64 0.02 1.18 1.00 -0.59 0.02 887 093 -054 0.10
17 Quocal(X)=1081Qscm(X)/576+48/Qcm(X)-24/exp(48/Qcm(X)) 1.33 1.00 0.18 0.02 1.25 1.00 0.21  0.02 765 094 030 0.10
18  Quocal(X)=Qacm(X)/192+25Qcm(x)/24+14 091 1.00 0.10 0.02 0.92 1.00 0.07 0.02 705 095 0.22 0.08
19  Quocal(X)=1.5Qscm(X)+Qacm(X)exp(Qscm(X)/24)/1152+12/exp(Qem(X)/24) 1.02 1.00 -0.33 0.01 1.07 1.00 -0.29 0.01 6.75 095 -0.26 0.09
20 Quocal(X)=4Qocm(X)/3-Qacm(X)(48-Qacm(X))/300+8 0.96 1.00 0.07 0.02 0.93 1.00 0.11 0.02 6.26 095 0.15 0.09
21 Quocal(X)=Qecm(X)%192+11Qcm(x)/12+12 045 1.00 -041 0.01 046 1.00 -042 0.01 6.00 095 -0.28 0.08
22 Quocal(X)=Qacm(X)¥576+13@cm(X)/12+9 1.38 1.00 -0.39 0.02 1.33 1.00 -0.37 0.02 6.10 095 -0.34 0.09
23 Quocal(X)=(144+4Qcm(x)+exp((Qem(X)+24))/24+Qcm(X) 1.01 1.00 -0.07 0.02 1.04 1.00 -0.01 0.02 585 0.94 0.00 0.09
24 Quocal(X)=Qacm(X)¥576+25@cm(X)/24+8/Qscm(X)+6.389 058 1.00 -0.02 0.01 054 1.00 0.01 0.01 530 095 0.04 0.09

Units of RMSE and MB are mm/day
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Figure D1: Comparison between the GCGédale (using output of HadGEMES) daily AMP
guantiles and the corresponding lesahle daily and sutlaily AMP quantiles during the
baseline (1961.990) period in Saskatoon (durations are indicateale the plot$
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Figure D.2: Comparison between the GGbale (using output of CGCM3.1) dahAMP
guantiles and the corresponding lesahle daily and sutlaily AMP quantiles during the
baseline (1961.990) period in Saskatoon (durations are indicateale the plot$

102



Appendix E
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Figure E1: Variations in he future IDF curves for-ear return period in the City of Saskatoon
according to CanESM2 and HadGEMS based on three RCPs.
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Figure E2: Variations in the future IDF curves forygar return period in the City of Saskatoon
according to CanESM2 and HadGEMS based on three RCPs.
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Figure E3: Variations in the future IDF curves for-3®ar return period in the City of Saskatoon
according to CanESM2 and HadGEMS based on three RCPs.
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with K-NN Hourly Disaggregation Model.
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Table E1: Comparison between the-N hourly disaggregation model and the GP method in simulating the expected precipitation
intensity (mm/hr) for HadGEMES kased on three RCPs during thé'2&ntury for various durations and return periods.

GP Method K-NN Hourly Disaggregation Model
(2011:2040) (2041:2070) (2072:2100) (2011:2040) (2041:2070) (2072:2100)
Return period (year) Return period (year)

2 5 25100 2 5 25 100 2 5 25 100 2 5 25 100 2 S5 25 100 2 5 25 100

HadGEM2ES: RCP2.6
1-hr 15 22 39 68 19 29 48 65 17 27 51 84 13 22 48 99 15 25 59 133 15 25 60 140

2-hr 10 14 23 36 12 18 27 35 11 17 29 43 9 14 26 44 10 16 31 56 10 16 30 54
3hr 8 11 17 25 10 14 20 25 9 13 21 29 7 11 20 35 8 12 24 44 8 12 23 41
4hr 6 9 14 20 8 11 16 19 7 10 16 23 6 8 16 27 6 10 19 34 6 10 18 31
6hr 5 6 10 13 6 8 11 183 5 8 11 15 4 6 11 19 5 7 14 22 5 7 13 21
12 3 4 5 7 3 4 6 ¢ 3 4 6 7 3 4 6 9 3 4 7 11 3 4 7 10
8 2 3 4 5 2 3 4 5 2 3 4 5 2 3 4 6 2 3 5 7 2 3 5 7
24 2 2 3 4 2 3 3 4 2 2 3 4 2 2 3 4 2 2 4 5 2 2 4 5

HadGEM2ES: RCP4.5
1-hr 14 21 38 62 16 26 46 68 15 25 59 125 14 23 54 122 14 22 49 105 14 22 46 90

2hr 9 13 23 34 11 16 27 36 10 16 33 58 10 15 28 48 9 14 26 45 10 15 27 44
3hr 7 10 17 24 8 12 19 25 8 12 23 38 7 11 21 39 7 11 20 35 7 11 20 32
4hr 6 8 13 19 7 10 15 20 6 10 18 29 6 9 17 30 6 9 16 26 6 9 15 24
6hr 4 6 9 13 5 7 11 13 5 7 12 18 4 7 12 20 4 6 11 17 5 7 11 16
12 3 4 5 6 3 4 6 ¢ 3 4 6 8 3 4 7 10 3 4 6 8 3 4 6 8
18 2 3 4 5 2 3 4 5 2 3 4 6 2 3 5 7 2 3 4 6 2 3 4 5
24 1 2 3 4 2 2 3 4 2 2 4 5 1 2 4 5 2 2 3 4 2 2 3 4

HadGEM2ES: RCP8.5
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1-hr 14 26 89 303 17 28 51 78 15 25 42 59 14 24 58 139 16 25 56 124 14 23 51 104

2-hr 9 17 45 110 11 17 29 41 10 16 25 33 10 15 29 51 11 16 31 52 10 15 29 49
3hr 7 13 30 66 9 13 21 28 8 12 18 23 7 12 23 41 8 12 23 39 7 11 21 37
4-hr 6 10 24 48 7 11 16 22 6 10 15 18 6 9 18 33 7 10 18 29 6 9 17 28
6hr 5 8 15 26 5 8 11 14 5 7 10 12 5 7 13 23 5 7 12 19 5 7 12 18
122 3 4 v 11 3 4 6 (¢ 3 4 5 6 3 4 7 11 3 4 7 9 3 4 6 9
8 2 3 5 9 2 3 4 5 2 3 4 4 2 3 5 7 2 3 5 6 2 3 5 7
24 2 2 4 (¢ 2 2 3 4 2 2 3 4 2 2 4 5 2 3 4 5 2 2 4 5
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Figure E5: Expected dhr AMP corresponding to 1000 realizations from LAR& and KNN
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Figure E8: Uncertainty in the projections of future extreme precipitation quantileésyear
return period based on two GCMs and three RCPs obtained from CMIP5 and quantified by using
GEV shownas 95% confidence intervals (dashed lines).
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Figure E9: Uncertainty in the projections of future extreme precipitation quantilesyeab
return period based on two GCMs and three RCPs obtained from CMIP5 and quantified by using
GEV shown a®95% confidence intervals (dashed lines).
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Figure E10: Uncertainty in the projections of future extreme precipitation quantiles fge@5

return period based on two GCMs and three RCPs obtained from CMIP5 and quantified by using

GEV shown as 95%omfidence intervals (dashed lines).
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Figure E11: Uncertainty in the projections of future extreme precipitation quantiles feyd&0
return period based on two GCMs and three RCPs obtained from CMIP5 and quantified by using
GEV shown as 95% confideng#ervals (dashed lines).
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Figure E12: Uncertainty in the projections of future extreme precipitation quantiles of durations
from 5-min to 24hour for 2year return period based on two GCMs and three RCPs obtained
from CMIP5 and quantified by using GEYi@vn as 95% confidence intervals (dashed lines).
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Figure E13: Uncertainty in the projections of future extreme precipitation quantiles of durations
from 5-min to 24hour for 5Syear return period based on two GCMs and three RCPs obtained
from CMIP5 and gantified by using GEV shown as 95% confidence intervals (dashed lines).
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Figure E14: Uncertainty in the projections of future extreme precipitation quantiles of durations
from 5min to 24hour for 25year return period based on two GCMs and three RCiamel
from CMIP5 and quantified by using GEV shown as 95% confidence intervals (dashed lines).
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Figure E15: Uncertainty in the projections of future extreme precipitation quantiles of durations
from 5-min to 24hour for 10Gyear return period based tmo GCMs and three RCPs obtained
from CMIP5 and quantified by using GEV shown as 95% confidence intervals (dashed lines).
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