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Lay Abstract

Accuratehydrological models and inputs plagsentiafolesin creating a successful flood
forecasting ad early warning systeni.he main objective of this research is to identify
adequatelycalibrated hydrological models and skillful weather forecast inputs to improve
the accuracyof hydrological forecastingin various watershedandscapes The key
contribuionsinclude: (1) A finding that acombination of efficient optimization tools with

a series of calibratiosters is essentialin obtaining representativgparameters setsf
hydrological modks; (2) Simplelumped hydrological models, if used approptigtean
provide accuratandreliable hydrological forecasta different watershed typebesides
being computationally efficienand (3)Candidateweather forecast produdtientifiedin

C a n a diwe®egeographical regionsan beusedas inputs to hyalogical modeldor
improved flood forecastingThe findings from this thesis are expected to benefit
hydrological forecasting centerand researbers working on model and input

improvements.
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Abstract

The primary goal of this research issiealuateandidentify proper calibratiompproaches
skillful hydrological modelsandsuitableweather forecast inpute improve the accuracy
and reliability of hydrological forecasting in differetypes of watershed The research
stared by formulating an approactinat examind single and multisite, and singleand
multi-objective optimization methods for calibrating an eMesded hydrological model to
improve flood predictiorin a semiurban catchment. Then dissessgwhether reservoir
inflow in alargecomplex watershed @uld be accurately and reliably forecasted by simple
lumped, mediurevel distributed,or advanced landurface based hydrological models.
Then it is followed by a comparisori multiple combinatiors of hydrological models and
weather forecastnputs to identify the best possible modgbut integration for an
enhanced shoringe flood forecasting in a semniban catchment. In the end, Numerical
Weather Predictia(NWPs) with different spatial and temporal resolutions were evaluated
acrossCcnadabds varied geogr apdndidata precipitation impotn me n t

products for improved flood forecasting

Results indicatthat aygregating the objective functions across multiple sites into a single
objective functionprovided better represtative parameter sets ad semidistributed
hydrologicalmodelfor anenhancegheak flowsimulation Proficientlumped hydrological
models with proper forecast inputs appeared to shbetter hydrological forecast
performance than distributesihd landsurface models in twodistinct watershedsFor

example,forcing the simple lumped model $ACSMA) with biascorrected ensemble
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inputs offeeda reliable reservoir inflow forecast asizeabé complexPrairiewatershed
and a combination ofthe lumped modeMA CHBV) with the high-resolution weather
forecast input(HRDPS) provided skillful and economically viable shaerm flood
forecasts i smal semiurbancatchmentThe comprehensive verification has identified
low-resolution NWPs (GEFSv2 and GFS) over Westand Central parts of Canada and
high-resolution NWPs (HRR and HRDPS) in Southern Ontanegionsthat have a

promisingpotential forforecasting the timing, intensity, and volumelobds
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Chapter 1. Introduction

1.1. Deterministic and ensemblélood forecasting

Recent studies indicate that the intensity of summertime convective stoeqency of
maximum hourly precipitation, and spatial expansion of heavy precipitation widdee

in North America (Prein et al., 2017). The combined effect of intense and frequent rainfall
events, ice jams and snow melts, anthropogenic influencedamastape changes have
contributed to locally induced floods in Canada in the past (Bonah) 2019; Khandekar,
2002; Zhang et al., 2019). Whether due to natural or anthropogenic factors, flooding is
becoming a chronic natural hazard, ahdWorld Meteorological Organization (WMO)
encourages a shift from the traditional structural interverdimh localized approach to
basinwide integrated flood forecasting and early warning syst@&WS) to minimize

flood impact (WMO, 2011).

Operational flood foreasting systems in regional, national, continental and global scales
have various capabilities depending on the domain and climatic region, hydrologic and
hydraulic models, rainfall observation and forecasts, Numerical Weather Rmeslict
(NWP), verification systems, forecast lead times and frequency, forecast style, etc.
(Achleitner et al., 2012; Adams and Pagano, 2016; De Roo et al., 2003; Demargne et al.,
2014; Jasper et al., 2002; Maxey et al., 2012; Pappenberger et al., 2008hé&Jetlal.,

2018; Zahmtkesh et al., 2019)The forecast style of flooding conveyed to the public,
stakeholders or internallcould be categora (e.g., minor, moderate or major),

deterministic (e.g., 100 s of river discharge), or enserabprobabilistic (e.g., 80%
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chance offlooding) (Adams and Pagano, 2016). Traditional flood forecasting centers
usually update a certain rainfalinoff conversion methodri t h expertsdé inte
meteorological outputs to issuaegoric flood outlooks. In most hydrological forecasting

centers, deterministic type floods are issued by forcing a single hydrological model with
Quantitative Precipitation Forecasts (QPF) obtained from deterministic Biteéms

However, many are shiftijn from deterministic to ensemblimsed probabilistic flab
forecasting due to its advantages of showing the total uncertainties associated with weather
forecast inputs, hydrological model parameters, and structural complexity (Cloke and

Pappenberger, 2009)

Hydrological Ensemble Prediction Systems (HEPS) haypeawed flood risk management

by offering longer forecast lead times, making advances in hazard mitigation and decision
making processes, and networking researchers with managers (Michaels, 20&5ar&he
several ways to generate ensembles of flood fetecdhe conventional method is by
forcing hydrological model(s) with Meteorological ensemble prediction systems (MEPS)
informed byNWPs to conceptualize the input uncertainties (Abaza 2@l3; Alfieri et

al., 2014; Buizza et al., 2005; Calvetti aretétra Filho, 2014; Fan et al., 2014a; Horat et
al., 2018; Pietroniro et al., 2007; Thiemig et al., 2015; Zapata and Alberto, 2010; Zs6tér et
al., 2016). Ensembdranalso begenerated by several realizations of hydrological model
parameter sets (e,gisng Monte Carlo simulation) in order to capture uncertainties related
to hydrological model processes such as the initial state of the models and the
parameterizations (Bevennd Freer, 2001; Carpenter and Georgakakos, 2004;

Georgakakos et al., 2004; Papperger et al., 2005). The third and evolving method to
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generate ensembles is by using multiple hydrological models to realize the uncertainties
inherited in the model struckes thatattempt torepresent the physical world (Ajami et al.,
2006; Antonetti eal., 2018; Brochero et al., 2011a, 2011b; Seiller et al., 2012, 2017;
Thiboult et al., 2016, 2017; Velazquez et al., 2011). Even though improvements were made
in ensemble garation approaches, some challenges kst undedispersivity and bias

of ersemble NWPs due to their coarse spatial resolutitage beenaddressedoy
downscaling (Gaborit et al., 2013; Renner et al., 2009) andcbiasction or post
processing methods (Bourdin et al., 2014; Crochemore et al., 2016; Cui et al., 2012; Fan
and vanden Dool, 2011; Jha et al., 2018). On the other hand, severgbrposssing
methods were proposed on ensemble hydrological forecasts instead of ensembl® NWPs t
remove biases and uncertainties (Ajami et al., 2006; Han and Coulibaly, 2019; Hashino et
al., 2007; Madadgar et al., 2014; Wood and Schaake, 2008). Concurrent with the above
advancements, the effectiveness of any flood forecasting system depends waalithe g

accuracy, reliability, and skill of hydrological models and weather forecast inputs.
1.2. Hydrological models and weather forecast inputs

Hydrological models orainfall-runoff models are used to represent the natural system.
Physicallybased hydrolgical models are generally formulated using some physically
measurable parametemsddescribenultiple componergof the basin hydrologiprocesses

with conservation of mas momentum and energyequationgBeven, 1993; Beven and
Kirkby, 1979). On the other hand, conceptual hydrological models are designed to
approximately represent the watershedesysby optimizable parameters, state variables,

and simplified analytical solutions to the governing equat{dlash and Sutcliffe, 1970).

3
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In most distinctive terms, hydrological models can be classified into lumped; semi
distributed, and fully distributednodels based on the spatial representation of the
watershed (Corral et al., 2000; Moradkhani and SoroosB@08; Sitterson et al., 2017).
Lumped hydrological models have one spatially enclosed catclupsineam othe outlet
gauging stationln semidistributed models, the basin is usually discretirgd several
sub-catchments, grids, Hydrological Response Units (HRU) (Kalcic et al., 2015; Sanzana
et al., 2013) or Group Response Units (GRU) (Kouwen et al., 1993) depending on the type
of the model strature. Semdistributed models require an embedded or external hydraulic
routing component and river networks to euinoff from each sutbasin or grid cell to

river nodes and the downstream catchment outlet. Fully distributed models éae t&im
grid-based semidlistributed models but allow for lateral transfer of water between each grid
cell (Haghnegahdar et al., 2014), such as the WR#o model (Gochis et al., 2018).
Hydrological models can also be divided iet@ntbased andontinuous models baseon

the time frame of the input and output data. Exmased hydrological models are calibrated
using one or more selected events (e.g., extreme weather periods), in which each event
usually spans for a few days or weeks, depending ontdhm periods ath c at c hment &
response times. Evebaised hydrological models are mainly used for flood forecasting
purposes in urban and seaorban areas. On the contrary, continuous hydrological models
are setup based on multiple years of historical noetdogical anchydrologicaltime series
dataandareusually applied for hydrological forecasting, water management, and climate
changeimpact studies. This modelaccounts for continuous water and suoisture

contents in surface and sabrface storageones.
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The compkx physical processes of some landscapes cannot be easily represented by
standard hydrological models. Hydrological modeling in Canada has been a challenging
topic due to the geographical and climatological variations acrodartiee courmy, and

the compexity of the watersheds, which inclueairies wetlandsglaciers permafrost,

the Boreal Shield andile drain. Some unique processes such assaaw partitioning,
frozen ground, the interaction between potholes (wetlands), contributing anrd non
contibuting drainage networks, orographic corrections, sublimation, and permafrost,
require proper treatment irhé hydrological model structures and parameters. To
sufficiently accounfor these processes, some models were designed for specific purposes
(e.g, UBCWM for mountain hydrologyFotakis etal. 2014) CRHM for cold regions
(Pomeroyet al., 200Y) or tobe adaptive in diverse landscapes (e.g., Ré&Zeaig et al.,

2018), WATFLOOD (Kouwen 1988, or for national scale hydrologicatodeling(e.g.,

MESH (Haghnegahdar et al., 20)4

Hrachowitz & Clark(2017) discussed complementing modeling philosophieydrdlogy

between distributed and lumped models. Based on their opinion, what is significant in
hydrological modeling is the way models are implemeériecause all models can be
applied at a desired degree of detail, although models would retoagome extent
conceptual. Most importantly, they recommended the use of diverse modeling strategies by
exploiting available macroscale data with msitalemodel development. Therefore, the
choice of the models to be implemented for flood forecastmgxample, shall depend on

the intended purpose, the complexity and scale of the basin, and the type of weather forecast

inputsavailable.
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Once hydrological mdel(s) are identified for the study area, weather forecast inputs
obtained from radar nowcastdumerical Weather Predictions (NWP), or climate change
scenario predictions can be forced to the m@pt produce hydrological predictions with
varying foreast lengths. NWPs are particularly vital for cascading the inherited uncertainty
from initial amospheric conditions and providing shatt longrange flood forecasts
(Pappenberger et al., 2005). Advances in hydrometeorological research have led to the
development of various NWP products across the Globe. The types of NWPs depend on
the scale (Glaodll, Continental, and Regional), forecast length (L-ohtedium, Short and

Very Shortranges), spatial resolution (Levand Highresolutions), and charactertst
(Deterministic and Ensemble). The skill and quality of meteorological variables are
influenced by the variability of NWP types, which also affect the skill and reliability of

hydrological forecasts.

The chaotic nature of the atmospheric system (Lord®69) and its approximate
representation by NW8ystemgreated uncertainties in determinidocecasts (Cuo et al.,
2011). This phenomenon has led to the development of ensemble forecasts. Different
ensemble NWPs vary by the methods they used to pertial conditions (Buizza et al.,

2005).

Among the variables generated by NWPs, precipitafmrecasts have been the main
challenge in achieving the correct intensity, location, and timing of storms (Cuo et al.,
2011). Mainly, summer precipitation fwasts by mesoscale NW§ystems were
considered to be difficult due to the nature of localizeshvective thunderstorms

(Kaufmann et al., 2003). Golding2000, highlighted that the quality of precipitation

6
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forecasts coupled with the catchment size argpaese time should be a primary

requirement for flood prediction systems.

Realtime forecast dat can usually be obtained directly from the providing organizations
(e.g, ECCC, ECWMF, NOAA) that sometimes archive past forecasts (Bougeault et al.,
2010). Veification of NWPs is typically performed using archived forecast data to examine
their qualityso that skillful NWPs can be identified and recommended for operational flood
forecasting. Similarly, verification of hydrological forecasts generated by fprcin
calibrated hydrological models with archived NWP inputs has been practiced for evaluating
theaccuracy, reliability, and overall forecast skill using observed dischargéAdiata et

al., 2014 Fan et al., 201;4Zs6tér et al., 2016
1.3. Challenges in hylrological model calibration

Hydrological modelsattempt torepresent the physicg@rocesss of the natural system
through nodinear mathematical formulations containing variables and model parameters.
Model parameters can be physically measured or dstiim#hrough calibration.
Hydrological model calibration, in simple terms, is a psscof adjusting parameters to
make the output variables (e.g., river dischargservoir inflowy as accurate as possible.
The calibration process or parameter estimatipitdelf is an Inverse Problem, meaning
that it is a process of finding causes guaeters) from a known effect (observed discharge)
(Moradkhani and Sorooshian, 2008). An inverse problem or a model calibraligmased
because solutions (parametersg aonrunique and noidentifiable (Moradkhani and
Sorooshian, 2008; Renard et @D,10; Sun and Sun, 2015) which often lead to uncertainty,

equifinality (Beven, 1993), andbjective function surfacewith multiple local optima
7
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(Duan and Gupta, 1992). Rigms parameterization is a proven method to reduce the
burdenof calibration and validation in hydrological models by limiting the number of free
parameters as few as possible (Refsgaard, 1997), which indirectly minimizes- the ill
posedness problem. Modetférence with Monte Carlo simulation (Moradkhani and
Sorooshia, 2008) and with prior information (Renard et al., 2010) are some of the solutions
recommended for the equifinality and uncertainty problems. For enhancing parameter
identifiability, a sensitiity analysis is an essential step to diagnose and identifyjntse
sensitive parameters before calibration (Shin et al., 2013). Identifiability can also be
improved by an approach proposed by Shafii et(2017), by using flowpartitioning

based crited as part of muHlobjective optimization. Multbbjective opimization in
model calibration has been advanameer the last decades. Its advantagedinding
appropriate tradeffs, handling nofuniqueness, neitentifiability, and uncertainty
problemsand exploring measuremeased (hard data) and informatibased (soft data)
criterion hae been well recognized (Duan and Gupta, 1992; Efstratiadis and

Koutsoyiannis, 2010; Gupta et al., 1998; Seibert and McDonnell, 2002; Tang et al., 2005).

The above terature discusses problems related to the nature of calibration by itself. The
challenges in the hydrological model calibration process depend on several other factors
such as the model type (lumped or distributed; ebdased or continuoushd basin typ
(gauged or ungauged; small urbHaased or large complex). In distributed hydrological
models,the discretization of watersheds is critical and affects the calibration process, the
computational cost, and the quality of outputs (Haghnegalddr, 2015) An approach

proposed by Liu et al(2016, for example, aims to assist the modeler by providipgori
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error metric that quantifies information losses related to routing and changes in land cover
and soil type during discretization processes. Tovesmlibration challenges in ungauged
basins and improve river flow predictions; Bardog2907), discussedransferability of a
lumped hydrological model parameters sets from donor catchments; Pokhrel and Gupta,
(2010, proposed spatial regularization tneds to improve performances in distributed
hydrological models; and Razavi and Couliba{2016, proposé a multtimodel
regionalization approach involving lumped models, neural network and inverse distance

methods.

Some hydrological models can be ussckither a lumped or sewhistributed model based

on the modeler's decision and the intended purposeSARESMA is one of thenodels

that has been applied as a both lumped and-destnibuted model for various forecasting
applications. Kitanidis and Bs, (1980, applied SACSMA as a lumped model for
analyzing uncertainties in reaime hydrological érecasting. Recently, Leach et al., 2018
used it as a lumped model for assessing the effect ofreaktiime data assimilation to
improve hydrological fagcasting in urban basins. SACSMA has also been used as-a semi
distributed model for operational hydogical forecasting purposes at the NWS River
Forecasting Centers (Shamir et al., 2006). It was also adopted for exploring different
calibration scenar® and streamflow simulation approachas semdistributed model
(Ajami et al., 2004).

The conventional calibration approach, either in lumped or distributed hydrological
models, is to calibrate the entire catchment parameters at the basibyuatietmizing or

maximizingsingle or multiple objective functions. An alternative appraacaccount for

9
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interior gauging sites is a mubkite calibration method. Many forms of mtditie
calibration approachdsave beermproposed, for example, sequential/hierarahi¢iay et

al., 2006; Ozdemir et al., 2017; Singh & Bardossy, 2015), weigiwerage (Asadzadeh et

al., 2014; Engeland et al., 2006; Khu et al., 2008; Madsen et al., 2002), and simultaneous

(Leta et al., 2017; Zhang, et al., 2010).

The aim of calibrating continuous hydrological model is to find one set of representative
modelparameters over the entire calibration period by using a sotggetive or multi
objective optimization algorithnf-or eventbased hydrological models, the calibration is
generaly performed in multiple independent event periods and hence results iplenult
candidate parameters setgefor each event. In the application of evdatsed hydrological
models for peak flow prediction, the question of which calibrated model paramtter s
should be used can create a practical dilemma. Therefore, novel matkodseded to
address the uncertainties associated with model parameterization and temporal variations

of input storm events.
In general, robust calibration and validation appreacdre required to identify optimum
model parameters and improve hydroladiand flood predictions (Kraul3e et al., 2012)

1.4. Scope of the research

As indicated in earlier sectionsuccessful flood forecasting and early warning system
depend on the qualityf hydrological modelsand weather forecast inpytsand the
characteristics of the watersheds. Without a clear methodology to idenaiifgr parameter

estimation approa@s skillful hydrological models and forecast inputs, flood forecasters

10
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and hydrologsts at large,face challenges in obtaining reliable and aatai short and
mediumrange river flow forecasts in various watemstigpes One of the main gaps in
previous methods in the literature as well as in practical application is that hydrological
model selection and development foaliea calibration and valation performances based
only on historical observation datasets. The forecast performances of the models should be
tested with different weather forecast inputs at various forecast lead linaeklition, the
forecast skill of the hydrological modelsaild be evaluated warioustypesof watersheds
with the appropriate weather forecast inputs. Different Numerical Weather Predictions
(NWPs) have multiple ranges of spatial and temporal resoiot and the hydrological
forecast qualityobtained from these inputdepends on the scale and the type of the
watershed. Some weather forecasts work well in ld@grs, and someare useful in
smaller and urban catchmeni$e scope ofttis research fomeson addrasing the above
challengesto benefit operational flood forecastimpmmunauty future applications in
flood and early warning systems, and research aiming at improving model development,
forecast inputand calibration methadIn thisthesis
1 thenecessargvaluation and verification of different calibration approaches,
multiple hydrological models with diverse model structures, and various dmgh
low-resolution NWPs will be presenteahd

1 thecandidate hydrological modelnodel parametegstimation approachegand

forecast inputs will be identified and discussed in tifferentwatershed types.

11
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1.5. Researchobjectivesand Thesisoutline

In order toachieve the general goal presented in Section 1.4, foureandepistudiesvere

conductedThespecificobjectives okeachresearctare outlined below

1 Researctobjectivel focuses oriormulating and testing an appropriatalibration
approachfor enhancing peak flow prediction at multiple sites in sarban
catchments using evebaised hydrologial models. Thestudy tries to answer the
g u e s tin then appiication of eveiitased hydrological models, which of the
calibrated model parametertsshould be used for peak flow prediction?

1 Researclobjective2 aims ataddressing the challenges fadsdhydrologists working
onfloodforecasting in large and complex watersheds. Outflows fromlzasils often
feed reservoirsThe study appliesarious evaluation and verification techniques to
compare structurally varied hydrological models and idetti€yskillful and reliable

ones br an improved mediurmange ensemble reservoir inflow forecasting in large

and complex watershedsa.generalitt r i es t o a n scananediumiarge q u e st

reservoir inflow forecasting be accurately achieved by simmpledium level or
advanced hydrolgical models@ .

1 Researclobjective 3 addresssthe challenges in urban and samban catchments
because flood forecasting is often influenced thg capability of the combined
hydrological models andeatherforecass to acurately predict floodsThe goal isa
identify a propercombination of skillful hydrological models and weather forecast
inputs for an improved sheréinge flood forecasting in sefarban watersheds he

research tries t avhich medeliaput camibieation coald bei o n

12
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identified for enhanced shot-range flood forecastingin urban/semurban
catchment® .

1 Researclobjective4 focuses on identifying candidate Numerical Weather Predictions
for short and mediunrange flood forecasting inC a n a dvariéd geographical
landscape. It tries to answer theestion fiwhich weather forecast products provide

accurate forecasputs forenhancd flood forecasting And where?o .

The thesis is organized into six chaptersisTirst chapter provide an intraduction
discussing lessons learned from past stydmreshallengesand the general background of
the research. The second chapiezsents an approach formulated for calibrating and
validating an evenbased hydrologicamodel in a semurban watershediming at
improving flood forecasting at interior and outlet gauging stations. The third chapter
evaluates lumped, sedistributed, and landurface based hydrological models with
ensemble weather forecast inputs to enhance reservoir inflow forecasangomplex
Prairie watershed'he fourth chapter investigates multiple hydrological models and several
weather forecast inputs to find an appropriate combinaifomodel and input$or an
improved shorrange flood forecastingn a semiurban catchment The fifth chapter
compares and verifies sevel@lv- and highresolution NWPs across Canada and identifies
the bestandidateshat could improvehe predicton ofthe timing, intensity, and volume

of floods in large and small watersheds. The sixth andl ¢imgpter summarizete main
conclusiors and contribution®f the thesisand providesfollow up recommendatios for

future research
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Chapter 2. Event-based model calibration approachesfor selecting

representative distributed parameters in semurban watersheds

Summary of Paper 1:Awol, F.S., @ulibaly, P., Tolson, B.A. (2018). Evenbased model
calibration approaches for selecting representative distributed parameters -tnrls@mi

watashedsAdvances in Water Resourcéd8, 1227.

In this research, an evebased calibration approach integrating msilte, am single and
multi-objective optimizations is proposed to imprgesak flowprediction at interior and
outlet gauging stations ad semiurban catchment. Comparison has beerfopmed
between multsite simultaneous (MSS), multisite average objective fiation (MSA),
multi-event multisite (MEMS)) and a benchmark-aatchment outlet (OU) calibration

methods.

Key findings of this researctudy are

1 The proposed calibratiomd optimization formulation successfully identified
representative model parareeses.

1 The two multisite approaches (MS and MSA) have better performances than
multi-event MEMS and at the catchment outlet OU approach.

1 A comparison betweeoptimized model parameter sets showed that the DDS
optimization in MSA approach improvece model performance at multiple

sites
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2.1. Abstract

The objective of this study is to propose an exsged calibration approach for selecting
representative serdiistributed hydrologic model parameters and to enhance peak flow
prediction at multiple sitesf a semiurban catchment. The performance of three rsiti
calibration approaches (mulite simultaneous (MS), multisite average objective
function (MSA), and multievent multisite (MEMS)) and a benchmark -aatchment
outlet (OU) calibration mthod, are compared in this study. Additional insightful
contributions include assessing the nature of the spatiporal parameter variability
among calibration eants and developing an advanced eNe®ed calibration approach to
identify skillful modelparametessets. This study used a SWMM5 hydrologic model in the
Humber River Watershed located in Southern Ontario, Canada. Fe® Mgl OU
calibration methods, theulti-objective calibration formulation is solved with the Pareto
Archived Dynamically Dinensioned Search (PBDS) algorithm. For the M& and ME

MS methods, the single objective calibration formulation is solved with the Dynamically

Dimensioned SearcbQS) algorithm.

The results indicate that the MScalibration approach achieved betterfpenance than

other considered methods. Comparison between optimized model parameter sets showed
that the DDS optimization in M3 approach improved the model perfance at multiple

sites. The spatial and temporal variability analysis indicates a preseoneertainty on
sensitive parameters and most importantly on peak flow responses in arbasesht
calibration process. This finding implied the need to evalpatential model parameters

sets with a series of calibration steps as proposed hereimprdpesed calibration and
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optimization formulation successfully identified representative model parameter set, which
is more skillful than what is attainable whenngssimultaneous musite (MSS), multi

event multisite (MSME) or at basin outlet (OU)pgroach.
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2.2. Introduction

Hydrological prediction in semirban watersheds requires a thorough understanding of the
physical processes and the integraig=honse to storm events in partly urbanized and rural
watersheds. In the last couple of decades, thenee Hbeen research advances in
understanding the urban and semban hydrology with new emerging modeling tools.
However, challenges remain due to ttemplex rainfalrunoff responses of combined
urban, rurgland urbanizing areas. Such mixed responseia@sult in multiple peak
flows, which increase prediction uncertainty (Fletcher et al., 2013). Consideration of the
gradual loss of pervious surfacan semiurban areas within hydrological models is non
trivial because this transformation could leadnicreased peak flows, and reduced flood
duration and response time (Miller et al., 2014). Impervious surfaces, on the other hand,
amplify irregular ad periodic flows (Ackerman et al., 2005). Although the research interest
grows, there are only a few gelthes mentioned in calibrating urbanizing catchments. One
possible reason is due to the challenges in transferring calibrated land cover parameters

between catchments (Jacobson, 2011).

Despite their limitation in setting realistic initial conditions, evieased models are
conservative in nature in simulating individual flood hydrographs and peak flows and
provide better flood prediction when compareml dontinuous hydrological models
(Tramblay et al., 2012; WMO, 2011). Several eMeamsed models have beesed for urban

and semurban catchments. For example,-Hdssan et al., 2013compared the
performances of a conceptual HEBAS model and physicalipased distributed Gridded
Surface Subsurface Hydrologic Analysis (GSSHA) model in simulating flood evkats
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semturban watershed and showed that the latter performed better. To identify the dominant
peak flow mechanisms, Kennedy et é2013, used theKinematic Runoff and Erosion

Model (KINEROS?2) in a serrarid urban environment, wkiZhang et al.(2013), applied
Dynamic Watershed Simulation Model (DWSM) in sairbban landscape. The effect of
urbanization on hydrological responses is well studiediddyg several models, such as
Catchment hydrological cycle Assessment Tool (CAT) (Miller et al., 201&}ributed
Hydrology' Soili Vegetation Model (DHSVM) (Cuo et al. , 2008), a coupled Conversion

of Land Use and its Effect at Small regional extent (CtE)Eand Soil and Water
Assessment Tool (SWAT) (Arnold et al.,1998; Zhou et al., 2013) model. baset
models were also used to assess their ability to reproduce past extreme, catastrophic flood

events (Furl et al., 2015; Ogden et al., 2000; Sharif €2@13; Sharif et al., 2010).

The most widely used model for simulating extreme events in urban andidgEmiareas

is the Environment al Protection Agencyo6s
(Huber & Dickinson, 1988; Rossman, 2010). Gironas e{20]0), studied the effects of
various urban terrain morphologies on peak flow simulation by the SWMM nfoaielet

al., 2014 compares two levels of SWMM catchment discretization (macro and-suate)

to examine the degree of parameterizations and undetairsing GLUE. Some advances
were made on the calibration strategies of the SWMM. Krebs €2@13, and Zhang et

al., (2013, employed Nordominated Sorted Genetic Algorithih (NSGAII) and its

revi sed -MSGAIY,irespectiiely) to optimize peesentative Low Impact
Development (LID) scenarios in a small urbanized catchment. Herrera (€088, also

used NSGAIl with SWMM to analyze the tradeffs between low, medium, and high
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flows. Barco et al.(2008, utilized a weighted muHkobjectivefunction and alternating
starting points or constraints to optimize coupled GIS/SWMM4 model for the lakgn
catchment. Zaghlduet al., (2001), used Generalized Regression Neural Network to
improve PCSWMM98 model simulation with inverse calibratiochteque, which was

applied in an impervious test area.

In the application of everiiased hydrological madk for peak flow prediadin, the question

of which calibrated model parameter sets should be used can create a practical dilemma,
unlike with continuas models. Despite the above efforts in improving the simulation and
prediction capabilities of eveitased models, novel methodseastill required to address

the uncertainties associated with model parameterization and temporal variations of input
storm events. Robust calibration and validation approaches arereddo identify
optimum model parameters canmprove runoff predictios (Kraul3e et al., 2012).
Calibration procedures of hydrological models vary by their intended purpose,
characteristics of thwatershed, and the type and complexity of the models. The traditional
approach is to calibrate the estcatchment (lumped orddributed) parameters according

to model predictive performance at the basin outlet assessed via single or multiple
objectives. Some authors have proposed advancing the single site calibration with a
sequential/hierarchical appida(Hay et al., 2006; Ozdur et al., 2017; Singh & Bardossy,
2015) . While the first authors sequential/l
evapotranspiration, water balance, and daily runoff, the second authors diviemabsu

into two hydrdogic response units (HRW@nd two further child HRUs based on influential

parameters such as curve number and hydraulic conductivity. However, itagidimof
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single site approach in improving runoff simulation at interior sites of a distributed

catchmat has motivated mulsite calibration methods.

One straightforward and efficient way of calibrating models to a set of distinct events would
be usingall calibration events in a series, yielding a unique parameter set per event, and
then select the fingbarameter set as the ottt performs best in terms of average
performance across all the events (in this paper, 1ewudnt multisite calibration
approach). However, this could lead to underoverestimation of flows for any arbitrary
event and marka high compromise in seaiing parameter sets that satisfies all events at

once.

A fairly reasonable and default mufiite calibration approach t@usider internal gauges

is by using a weighted average of performance metrics across the gaugingssittsaeh

et al., 2014; EnglJand et al., 2006; Haghnegahdar et al., 2014; Khu et al., 2006; Khu et al.,
2008; Madsen et al., 2002; Shinma & Reis, 2Xid et al, 2002; Zhang et al., 2009). These
studies applied continuous calibration with different tygfenadels. Haghnegahdarat,
(2014) , for exampl e, used t his approach
EnvironmentaleéSurface et Hydrologie (MB$ model (Pietroniro et al., 2007) by
aggregating the objective function of multiple sites into a siogjective and highlighted

that the method has lower computational cost than other methods involvingbjedtive

optimization techniques.

As an altenative to the above approach, some authors proposedsitellsimultaneous
calibration approach to exdively implement multobjective optimization technique and
generate a set of nalominated calibration solutions (Leta et al., 2017; Zhang et 410)20
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With this approach, objective functions at the interior sites are optimized at the same time
and tke optimization result shasvthe tradeoffs between objective functions. Leta et al.
(2017, applied a multsite simultaneous calibration in developi8§VAT Model for a
heterogeneous catchment. Zhang e{20.10, compared three optimization algorithms fo
multi-site simultaneousalibration of the SWAT model. The study highlighted that a multi
algorithm, genetically adaptive multbjective method (AMAGAM) outperforms
commonly used evolutionary mulbbjective optimization such as Strength Pareto
Evolutionary Algorithm 2 (SPEA2Band Nondominated Sorted Genetic Algorithm Il
(NSGA-Il). The above two studies were applied in continuous calibration agpfoa
SWAT model. Other authors also considered rmité stepwise/cascade (Brocca et al.,
2011; Cao eal., 2006; Wang et al2012; Wi et al., 2015; Xue et al., 2016). Brocca et al.,
(2011), for example, used a distributed model with a sequentipli{gtstep) calibration
procedure to investigate its importance in flood forecasting and argued thabdet¢ m

improved peak flow dsnation at internal sites.

To overcome the challenge of high computational cost in iterating through eabhssaob

of a didgributed catchment in mutbbjective global search, the adaptation of tools with
parsimonious charactstics is norrivial. Asadzadeh & Tolson, (2009) developed a
promising optimization tool, Pareto Archived Dynamically Dimensioned Search (PA

DDS), whid is the multiobjective version of Dynamically Dimensioned Search (DDS)
(Tolson and Shoemaker, 2007). S has been compared Wwibenchmark algorithms

of NSGAI I and AMALGAM ( As ad N&@AH band AMAL@AMs on, 2

(Asadzadeh and Tolson, 201apd NSGAIl and SPEA2 (Asadzadeh and Tolson, 2012)
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and the authors concluded that -BA®S showed improvegerformances with limited

computational cost compared to alternative algorithms.

Behavioral parameter sets of distributed models should be identiftedaw efficient
optimization algorithm to help overcome problems of uncertainty and - over
parameterizatio. For example, paramesederived from the calibration process do not
always give improved performances in a validation period (Beven, 1989; Bey&mean,
2001; Brocca et al., 2011; Madsen, 2003). Mediero et al.,, 2Mifn that the presence of
multiple acceptable parametegts not only avoisii e q u i f ibut aldoileads to an
ensemble of flood event simulations, which provide probabilitiesinQuhe calibration
process, they identified the Pareto solutions and fitted a distribution functestiteate

bias and confidese intervals of ensembles in the validation period.

One way of solving the problem associated with distributed catchmennegtara is
through the use of spatial regularizatiaa demonstrated by Pokhrel & Gug2010. The
auttors used a nehinear trasformation to reduce the number of parameters from Ng * Np
(number of grid cells * number of parameters) to 3*N@pplying an adjustable multiplier,

power term and additive constant to each prior estimated parameter value.

The @ove literature reviews dicate that most of mutobjective optimizations were
conducted either for continuous distributed and lumped moddts anapplication other
than flood prediction in semurban watersheds. The objective of this study is t@ldev
and test different entbased calibration approaches for enhanced flood prediction in semi
urban distributed catchments. A second objects to analyze the spattemporal
parameter variability of calibrated parameter sets to address the ungenawentbased
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parametrzations. The recent version of Storm Water Management Model (SMWM5) with
DDS and PADDS optimization algorithmis used as calibration tools in this study. Section

2.3 describes the study area and data. Section 2.3 outlinesethedalogy including
detals of the model and optimization formulations, whereas the results and discussion are

provided in Section 2.4. Firlg] conclusion is presented in Section.2.5
2.3. Study area and data

The research is conducted in the Humber River Whesl Figure2-1), which is located

in Southern Ontario, Canada. The catchment area covers 911 km2, and the main Humber
River drains to Lake Ontario. The distributed catchment is configured by dividing the basin
into 714 sukcatchments witlareas spanning between 4.3 ha (0.043 km2) and 8@ a

km?). Humber River watershed is characterized as a-gdman area with 54% rural, 33%

urban and 13% urbanizing land covers and is administered by Toronto and Region
Consevation Authority (TRCA, D13). The hydrology and drainage patterns of the
watashed are affected by its distinct topographic regions, which contain four hydrologic
soil types (A, AB, B, BC, C, and D) (TRCA, 2008). The dual hydrologic soil groups AB

and BCdenote Sandy loam and Siloam soil typesrespectively (NVCA, 2006).

Gauge ainfall and discharge measurements were collected from Environment Canada and
Toronto and Region Conservation Authority. The temporal resolution of received data
ranges from 5a 30 minutes for rainfatiata and 15 minutes to 1 hour for discharge records
depending on availability. Grourohsed rainfall data were used instead of gridded satellite
or radar data because of unavailability of-taloirly highresolution temporal predi@ation

data in the studwprea. Niemi et al.(2017), also claimed that osite gauge rainfall data
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showed better runoff simulation performance than radsed data in urbanizing
catchments. In the Humber River WatershEdj\re 2-1), eleven rain gauges spatially
distributed across the basin and five river flow gauging stations along the main tributaries
including one near the outlet have been used for this study. To separate the base flow from
direct runoff, a sirple straightline hydrogrgh separation method is used (Ajmal et al.,

2016; Deshmukh et al., 2013).

Significant rainfall events in spring periods are screened and selected based on criteria of
(1) total rainfall amount larger than 20 mm (TRCA & AMEC, 2Q1(2) spatial coverage
anddistribution in the watershed (rainfall amounts measured at most of the rain gauges in
the watersheds), and (3) their consistency with the associated discharge measurement. As
such, ten calibration events and four validation &veme captured in the ped spanning

between 2007 and 201%gble2-2).
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Tale 2-1: Description of SMWM5 model parameters
Parameter

Codes Description Initial range ofparameterg™
IM* Imperviousness [%] 0-99
WH Enraaracterlstlcs Width of Overland floy 163124000
Sp* Depression sirage in Pervious areas 1-600
[mm]
CN* Curve Number-] 1-99
SL* Catchment slope [%)] 0.34.5
NI Mannln_g s n for overland flow in 0.0080.025
Impervious areas]|
DT* Drying time [days] 4-12
SM* Depression storage in Impervious 025
areas [mm]
NP Manning's n for overland flown 0.080.4

Pervious areas]
*parameters used in calibration process
** The initial values oBWMM parameters were collected from the Toronto Region Conservation
Authority (TRCA and AMEC, 2012)

2.4. Methods
2.4.1. Model setup

The StormWater Management Model Y&8VM) is a wellestablished evetitased and
continuous serndistributed model used simulate extreme events and peak flows in urban

and semurban watersheds (Huber & Dickinson, 1988; Rossman, 2010). Due to the semi

urban charaetistics of the study aresand SWMMG6s wi de application
forecasting (Randall et al., 201Robert et al., 2008), the recent version of SWMM
(SWMMD5) engine within PCSWMMJames et al., 20) platform is used in this study.

Curve number method and dynamic wawuting method have beased as an infiltration

model and routing method respectively
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A sub-catchment in S\WMIM5 is represented by a ndimear reservoir model, where the
conservation of mass is applied to generate overland flow (Rossman & Huber.,B3015).
combining Conservatioonf Mass and Manningbds equation,
of a pond in sultatchnent (d) and then runoff at each time step using the following

equations. More detailed information can be obtained from Rossman & H2b&s5,

TT_S MQ Q| Q Q| (2-1)
where| —j, in which each subbatchment area (A) can be partitioned into pervious
and i mpervious areas &sS®dgparhaemetPerr.c eAnd |tnh
wi || be defined for each partition wusing

mannngo6s nd parameters.

“(x rate of rainfall + snowmelt (m/s)
Q= surface evaporation rate (m/s)
“‘Cx infiltration rate (m/s)
‘Q=ponded depth (m)
‘Q = depression storage depth (m)
@ = subcatchment width (m)
“Y= subcatchment slope)
Once d (ponded g¢h) is solved using equati@il at each time step, the volumetric flow
rate (Q in n/s) can be estimated by:
. QY

V) T Q Q J (2'2)
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Using the Curve Number method (in the current research) adilration method and
assuming the cumulative precipitation and infiltration at the start of the timessipnd

F1respectively, the infiltration rate (in m/s) is solveda®ws (Rossman & Huber., 2015).
MM 0O "0OjYo (2-3)
where,O0 0 ——

And, 3 —— ¢ L twhere CN is the curve number anda3s the maximum soil
moisture storage capacity (in mm).

Finally, the drying time (DT in days) is used to calculate a recovery constdjttitat is
used to model the depletion and replenishment ofaflenoisture storage capacitytime

wet and dry peod, respectively (Rossman & Huber., 2015).

SWMM5 consists of several physical and hydrological parameters to generate flow
hydrograph, out of which nine catchment paramefeal¢ 2-1) are investigated to check
their sensitivity against peak flow. 714 scétchments of Humber River watershed are
assigned with unique parameter valuesTahle 2-1, column three indicatetéd range of

initial parameter values for 714 sahtchments that are collected from previous studies and
guidelines (CIVICA & TRCA, 2015; James, 2005). Evegtevent calibration and naiel

testing are performed with simulation time steps of 15 or 30 nsmiggeending on input

data time resolution. For defining the initial wetness of the watershed, the model was run

for 1 to 2 weeks before each storm event a

The methdology proposed in this study is summarized by a flowchart showigune

2-2, which breaks down the calibration procedure into a series of phases. Phase 1 is the
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model setup and calibration/validation data selection phase, which is described above.
Phase 2 is the sensitivity analyplsase, the purpose of which is to fith@ mostsensitive

model parameters in semiban watersheds such the Humber River Basin. Phase 3 is

the spatial and temporal parameter variability assessment that aims to analyze the
uncertainty associated witlventbased calibration and variability of candid parameter

sets. In Phase 4, two calibrations steps are introduced. The first one compares four different
types of calibration approaches and proposes ten individual candidate parameter sets
obtained fromthe best optimization approach. The second sé=ps the candidate
parameter sets to all calibration events and selects a certain number of parameter sets that
have higher scores over the entire events and gauging sites. Phase 5 evaluates the candidate
paameter set(s) in different events to refine tadibration output and select the best
representative parameter set. The details and methodology associated with each of these

phases are described sequentially in the following Sections (Section 2.45}0 2.
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Table2-2: Events selected for calibration and model testing

Amount  Avg. Avg. Amount Avg. Avg.

No Calibration of Disch Discha N Validation of Dischar Dischar
Events rainfall arge rge  o. Events rainfall ge ge
(mm) (mm) (m3/s) (mm (mm)  (m3/s)

1 19Aug05 53.3 304 2824 1 15May-07 47.1 8.7 81.0
2 10-Juto6 66.7 8.7 81.0 2 20Octll 75.6 9.8 90.6
3 28May-13 64.5 10.8 100.0 3 5-Sepl4s 84.1 8.3 76.8
4 8-Jull3 819 29.0 269.0 4 29Now1l 75.2 15.9 147.2
5 31-Jub13 74.5 5.1 47.0
6 27-Jutl4d 29.8 7.3 67.3
7 20-Aug09 19.9 6.8 62.7
8 28Sepl0 41.4 5.4 50.3
9 13May11l 64.2 9.7 90.1
10 7-May-10 37.6 9.0 83.1

" Average discharge measured at the outlet (HC003).
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Figure 2-2: Flowchart of proposed approach for selecting representative parameter set
in eventbased models
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2.4.2. Sensitivity analysis

The sensitivity of different versions of SWMM model parameters has been tested in
different rural and urbamvatersheds (Barco et al., 2008; Irvine, et al., 1993). In this
research, the purpose of sensitivity analysis of SWMM5 model is to identify the most
sensitive parameters for the study basin. It was conducted by using two methods:
Regionalized Sensitivity Aalysis (RSA) (Spear and Hornberger, 1980) and Cumulative

Sum of the Normalized Reordered Output (CUSUNORO) (Plischke)2012

Regionalized Sensitivity Analysis (RSA)Also called Generalized Sensitivity analysis or
HornbergerSpea-Youngmethod (Spear andornberger, 1980), RSA is used to identify
the most sensitive parameters by distinguishing behavioral antat@vioral parameter
sets for NastButcliffe Efficiency (NSE), Peak flow Error (PE) and Volume Error (VE)
model performaces. 3500 parameter seigere generated by using Pareto Archived
Dynamically Dimensioned Search (H#DS) (Asadzadeh and Tolson, 2013) optimization
algorithm. The sensitivity was measured by KolmogdrBmirnov test statistics, which
evaluates the maximunentical distance betweehé curves of the cumulative distribution

function of behavioralO w and norbehavioralO w parameter sets defined by:

Qp 10w O ws (2-4)

Where,Q ; is the maximum vertical distance asdpis the spremum functionQ j
(hereafter called RSA index) value ranges between 0 and 1 representing the limit between
the most insensitive and sensitive parameters, respectively. Most sensitive parameters

would haveahigher maximum vertical distancetleen the curves 60 w and'O w.
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Cumulative Sum of the Normalized Reordered Output (CUSUNORO):Initially
proposed by Plischke, 2012, CUSUNORO is a graphical-grosessing method to
represent the firstrder sensitivity index. Its princie is withdrawn from the ideas of
Contribution to the Sample Mean (CSM) plot (Bolddavin et al.,, 2009). CSM and
CUSUNORO are found to be suitable for estimating the main effect, theorfitst
variancebased sensitiwtindex for cases where there is aicect access to the sampling
procedure and the simulation model to map irqutput relationship (Plischke, 20112

Let “ denote an arrangement of ordered values of input parameters sorted in ascending
order, i.e® o oop B Foop 3 hence its corresponding sorted series of outputs
can be created for ath A scaling factor, whichresembles the outpwariance is then
created using the square root of the sum of sqilares B @ w (Plischke, 2012).

Finally, the cumulative sum of normalized reordered output is defined as:

p
ed

aQ ® o (2-5)

The CUSUNORO valuesd ‘Ohcan then be plotted against the empirical cumulative
distribution of input parameters to visualize the sensitivity of individual parameters on

the output statistics.

SWMM5 model parameter3 élde 2-1) are considered as inpuand differenperformance
metrics were used as outputs. Inputput mapping is performed externally by using Raret

Archived Dynanically Dimensioned Search (PBDS) (Asadzadeh and Tolson, 2013)
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2.4.3. Spatial and temporal parameter variability

The primary objective of this section is to address the variability in dnzs®d
parametrizations in a serarban watershed and Wwoit can be quatified by different
calibration approaches. Befatarting to applalternative and new methods of calibration
formulations and optimization algorithms, we perform this exercise using a benchmark
calibration approach at the catchment eiwithvolving limited manual and multbbjective
calibration. The calibration process is described in detgjether with the other proposed
approaches in Section 2.4.4.1. The outcome assists to formulate and compare alternative
eventbased calibration @poaches in ratting the uncertainties. Different
parameterizations of the SWMM5 model represent several realizations of the physical
process in the event of extreme spring rainfalls. Ten individual das#d calibrations
resultin ten SWMM5 model paranber sets. The ariability of these sets regarding the
model outputas well as differences of calibrated sensitive parameters amorgehts

wasassessed.

First, the spread of two sensitive model parameters (Imperviousness and Drying Time) in
each modeparameter setwere assessed by developing box plots for different percentile
values. Parameter values, collected from 714csubhments, were ranked in ascending
order, and their percentiles were extracted accordingly. The variability of calibrated

paraneters in spacean be observed by the degree of the spread.

Second, the uncertainty of evdrdsed parametrization in a distributed catchment was
evaluated by analyzing the peak flow response. Winethe ten model sets for ten

calibration events by regding each maal sets as an individual model and the peak flow
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simulation results were extracted. The specific objective of this method is to check how
variable simulated peak flows are within each maegeas well as with the observation at
multiple interior sites. Vaous boxplots were used to display standardized peak flow
variability. The Standardized peak flow is calculated by normalizing the deviation of the

simulated peak flows from observed peak flow by their standard deviation.
2.4.4. Model Calibration
2.4.4.1. Event-based Calbration approaches

Three multisiteevertb ased cal i bration approaches are
catchment outletd method to select potenti
calibration parameters in each of these fqpraaches aréné same and are determined

from the sensitivity analysis described above.

i) At Catchment Outlet (OU)

The conventional calibration approach of many hydrological models is to calibrate the
entire catchment using a gauging station locatethetbasin outlet.nl this approach,
calibration to each of the ten events is completed independently. This calibration method
is used as a benchmark to compare its results with other considered calibration approaches.
Limited manual calibration is perfoed before using thdollowing optimization

formulation in order to get initialized solutions.

Single and multobjective optimization techniques could be used to calibrate distributed
models at basin outlets. Here, in order to find the best achievablagiarasets, mukHi

objective optimization with three different performance metrics (N&ascliffe Efficiency

44



Ph.D. Thesisi Frezer Seid Awol McMaster Universityi Civil Engineering Department

(NSE) (Nash and Sutcliffe, 1970), Peak flow Error (PE) (Liong et al., 1995), and Volume
Error (VE) (Niemi et al., 2017) are used to calibrate Hunitiger WatershedtaHC003
gauging station. This formulation is similar to the one used by Barco €008, where

they minimized a weighted objective function summing the total flow volume, peak flow
ratg and instantaneous flow rate errors (each as percentage). Tteliffasence is that
Barco et al.(2008 minimize/maximize a single weighted objective function by changing
the weights depending on target flow type (gagak flow or volume) whereas thgmoach

here gives equal weight to individual objective funetiand used a mukobjective PA

DDS algorithm to identify nomlominated solutions. The exercise is repeated ten times for

ten calibration events with maximum iteration of 500 set for eacmatiion.

The multiobjective target is to maximize NSE and mize PE and VE at station (a)k.

0 € 0YBE wOhé 00O (2-6)
In which:
BOf Or5
0 YO p — h — h
Bop U
DoWw
o L (27)
()]
N O0r 0 g
b o h~.' h
0§

where,1 & 1 j are observed and simulate discharge at each time step, in cubic meter per
second and is theaverage observed discharge;; & 0  are observed and simulated

peak flows respectively; aned & w are the volume of water under observed sintlilated
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flow hydrographs respectively, in million cubic meter. NSE value rahgeseenib a n d

1 with 1 indicating best performance. PE,
and better performing model sets would have values close to 0. Theaketuit OU
calibration approach is ten parameter sets (for ten calibration gweiitsach set being

made up of the average of ndominated solutions corresponding to a specific flow event.

i) Multi-Site Simultaneous multbbjective (MSS)

Multi-objectiveoptimization techniques have been frequently used to calibrate distributed
models A multi-objective optimization algorithm is used to find a feasible set of Rareto
optimal parameter solutions by minimizing or maximizing the objective function vector.
e, 0O GoF= € A QR RMBE 1 where the objective function
vector |= == is comprised of objective functions or performance metr{@hang et al.,

2010).

Multi-site simultaneous multibjective optimization was rpviously considered for
continuous calibration (Leta et al., 2017; Zhang et al., 2010). In the current study, it is
applied for an everltased calibration process. In this calibration approachmization is

performed independently for ten individualca br at i on events. For ea
performance is assessed simultaneously across multiple gauging stations using Nash
Sutcliffe Efficiency (Nash and Sutcliffe, 1970) performance metrlosother words, the
performance at each site in the staga is assessed by a different objective function so

that performances at multiple locations are accountedifiaultaneouslyThat is, for the

five gauging stations in Humber River Watershedr@sented by a, b, ¢, d, and e):

0 ¢ 0°YBE OYOBE GYBE 0 YDE O YO (28
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For optimization, Pareto Archived Dynamically Dimensioned SeafA-DDS)
(Asadzadeh and Tolson, 2Q1&@gorithm is applied to find the Paredptimal parameters

sets. PADDS was used within OSTRICH (Matott, 2005) framework toolkit. The selection
operation in PADDS of nordominated solutions (Paretptimal solution) $ performed

using estimated Hypervaine Contribution (HVC) (Asadzadeh and Tolson, 2013). The
maximum number of iterations is set as 500 and the perturbation parameter is left as the
default value of 0.2. Since there are 10 calibration events, 10 PADD®&izgiton is

performed to evaluate élobjective function values of each solution

The result of the M calibration approach is multiple parameter sets ordooninated
solutions corresponding to a specific flow event. Then, equal weight is given to each
objective functions € € e [ & ¢ QKR 0 & @-Récfind the average of the non
dominated parameter sets and solwgimn each calibration event.

iii) Multi-Site Average objective function (M8&)

This calibration method is frequently useddayeral researcheis account for the interior
sites of a semior fully distributed catchment in the calibration process by taking the
weighted average of multiple objective functions. The objective functions at multiple
gauging stations are aggregatedoia single objette function. Then optimization is

performed to maximize the aggregated single objective function.

The five sites of Humber River Watershed are evaluated by their respectivS itaktie
Efficiency index:
0 YO 0 "YO&) "YO™O® 0 "YO'Q) "YOj®
(2-9)
0 0 YO
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The singleobjective function § ) is optimized by using Dynamically Dimensioned
Search (DDS)Tolsonand Shoemaker, 200@ptimization algorithm within OSTRICH
framework (Matott, 2005)Similar to the MSS approach, the M8 DDS optimization is
performed independently for 10 individual calibration events and the result is 10 candidate
parameter sets. laddition, the maximunmumber ofiterationsof 500 and perturbation

value of 0.2 was set.

With perfect algorithms that converge to true optimal solution/true set efloimmated
solutions, MSA would yield one of the nedominated solutions generated byusion of

MS-S formulation. In all practical calibration situations, convergence to true
optimal/Pareteoptimal set of solutions is not guaranteed and thus all results are
approximate. The quality of the approximations to the true, but unknown solutions is
dependent onhe algorithm quality (DDS and PADDS) and is also dependent on the
algorithm computational budget. PADDS and DDS computational budgets in terms of
number of solutions evaluated in MSand MSS are equivalent and set to 500 and

replicated 1Q@imes for 10 chbration events.

The main difference between the MSand the MSS approach is on the optimization
method. While M&A is based on a single objective optimization scheme (see Eq@ation

9), the MSS approach employs mutlbbjective optimizabn function (ge Equatior2-8).

In the former MSA approach, although it involves aggregating several objectives, it is
based on a single objective calibration process with the help of Dynamically Dimensioned
Search (DDS) method: i.e. the objective isrtaximize a sinlg NSE value which is the

average NSE of all sites (including at the outlet). ConverselySMBproach aims to find
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a feasible Pareto front by maximizing the objective function vector (rather than a single

value): in which the vector compgs of NSEs atwultiple sites including the outlet.

In MS-S approach, the nesiominated (Paretoptimal) solutions are generated by finding

a tradeoff between individual objective functions using Pareto Archived Dynamically

Dimensioned Search (RBDS) algrithm. At eachteration, MSS searches for a tradeoff

of optimum parameters that simultaneously satisfies individual objective functions or
simultaneously maximizes the performances of each NSEs (interior as well as outlet),
whereas MSA searches the begparameters othe whole 714 sub catchments that

maximize a single NSE value (average of NSES).

iv) Multi-event multisite calibration (MEMS)

This approach involves concatenating the simulated and observed discharge of separate
events and treating it as angle time serig. For the combined mulé@vent series, the
performance metrics (NSE) are then computed at each gauging stations. Thsatenulti
objective function is basically defined in a similar manner as the previous calibration
approach (M&A) (equation 2-9) and thusis also formulated as a singbbjective
optimization problem. One of the differences betweenMk and the above two (MS

and MSA) approaches is that MES is applied over all ten events, whereas the others
performed event by event. Thaptimization wa performed by DDS algorithm with
maximum iteration of 500. The calibration result is one set of candidate parameter sets that

are somehow appropriate for all ten flow events.
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2.4.4.2. Calibration steps

In order to identify the best parameters setess the calitation events, the results of the
above four calibration approaches described in se2td.lare processed and compared

in the following two calibration steps.
Step 1- Select best set of candidate solutions, (eaject best calibratn approach):

Each calibration approach generates a set of candidate parameter sets. The calibration
approach with better performance and score at each calibration event and gauging station
is selected for the next step. This step comprises of a coupadsses. Indlly, we
calibrate the model to ten individual eveni@alfle 2-2) using MSS, MSA, and OU
approaches. At the end of each optimization or calibration approaches ten candidate
parameters sets are feeen for ten flow events. The performance of the final calibrated
sets of parameters would be different for different optimization fornaumafihereforejn

the next process we compared the result of these calibration approaches at each individual
event.Here, since MEMS approach is formulated by aggregating over ten calibration
events, it resulté one set of calibrated parameters foreaents as opposed to the output

of MS-S, MSA, and OU approaches, which have ten sets of calibrated parameters. For
comparison purposewe reapply the final calibrated parameter sets of-ME to ten

events so that the results of four calibration appresdould be compared at individual
events. In addition, comparison is also made at individual gauging stationsi{ésg

Finally, the best calibration approach that performed well at ten calibration events and five
sites is proposed to the next caltiiwa step. The final outcome of this step is ten calibrated

parameter sets from one of the calibration approaches.
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Comparison of calibration approaches is performed using model improvement scale or
Prediction Error Decrease (PED) in percentage (Coulil2093) and Taylor Diagram
(Taylor, 2001) The PED shows the model performance improvement of Iditgti
simultaneougMS-S), and Multisite Average objective function (M&) and Multievent
multi-site (MEMS) calibration approaches when compared to the teak At
Catchment Outlet (OU) approach at five gauging stations. Taylor diagram is used to
precisely quantify andisplay the pattern similarity and statistics of different calibrated
model parameter sets and the observation at multiple gauging sie&s@drnormalized
Taylor Diagram is constructed based Karna & Baptista, 2016 by relating normalized
centered roemeansquared error with ratio of standard deviation of observed and
simulated discharge and correlation coefficient through a Law of Godihe attributes of
Taylor Diagram will be able to show the statistical proximity of individual model sets
derivedfrom two calibration approaches with the observation at five gauging stations.

Details regarding Taylor Diagram can be found in Tay@001).

Step 2- From best approach candidate parameter sets, filter out poor candidateslézg.

top three):

From the first step, ten candidate parameter sets are produced by the best calibration
approach. But the performance of each candidate parasetsein a different calibration

event is not yet evaluated. In this step, wapply each candidate parameter setit

events and aggregate performance across the events and sites to score parameter sets. Then
the most representative parameter setlaosen based on the highest score. Normalized

NSE is used to score the performance across the events and sitetheHsdormance
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criterion (NSE) is normalized by using the maximum and minimum values of the candidate
model parameters sets at each sittevent. Then the sum of the normalized NSE over the
entire calibration events is estimated for each candidate Impademeters sets. The top
three potential model parameters sets with the highest total normalizedrdi®gistered

and proposed for modtdsting and calibration refinement.
2.4.5. Validation

Validation was performed to test and refihe top three model panaeter sets selected
during calibration process using a data set independent of calibration period. We have
selected four validation eventBable2-2) that qualify the event selection criteria described
Section2.3 This phase is dedicated to select the most representative model paratseter se
The model testing and refinement is performed in four new evEatdg2-2). The three

model sets are evaluated by using Taylor Sdlbre(Taylor, 2001)}o further corroborate

the outcome of the previous tvetep calibration processes. This scrmmarizes a Taylor
diagram and defines a single skill score that measures the correlation coefficient and
centered roemeansquarederror along with standard deviatidifaylor, 2001) It is

defined as:

P : (2-10)

Where: S indicates the Taylor Skill Scofe;is model variancef is observed variance;

R isthemodel correlation codffient, and2 is maximum correlation attainable, here taken
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as the maxi mum of model 6s correlation coef |

A and2 get closer tal and2 respectively.
2.5. Resultsand discussion
2.5.1. Sensitivity analysis

The sensitivity analysisF{gure 2-3) indicates that Imperviousness (IM) is the most
sensitive SWMM5 parameter to NSE, PE, and VE model performances in Humber River
watershed. Té RSA indexes show that after Impemnwsness and Drying time (DT),
Depression storage in Impervious areas (SM) and Pervious areas (SP) appear to be slightly
sensitive to the model performances, particularly to Peak flow Error. This result is
analogous to he plots of Cumulative Sum of the Maalized Reordered Output
(CUSUNORO) Figure 2-4). The CUSUNORO plots indicate that Imperviousness (IM)
followed by Drying time (DT) have the largest first order contribution to NSE, VE, and PE

as the departure dii¢ir cumulative sum of the normalized output from the horizontal line
(y=0) is considerable. The different direction of CUSUNORO plots for NSE avi&t PE
indicates that the contribution of each parameter to the mean and variance and the output

is positiveif above the horizontal and negative if below the horizontal.

The results of both sensitivity analyses are reasonable forusban areas like Humber

River watershed, which covers about 50% pervious and 50% impervious areas. The
rainfall-runoff responses governed by the percentage of imperviousness in the sub
catchments upstream of the gauging station and recovery time (drying time) of the saturated

soil in pervious areas of the sahtchments. In general, Imperviousness and Depression
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storage are fountb be the most sensitive parameters of SWMM model to peak flow and
volume in urbanizing watersheds, which is also supporteBdrgo et al., (2008 For
calibration, the SWMM p arcansideredeas ishaserelatvelpt Ma
less impact to NSE and Peak flow in both Impervious and Pervious areas.

Seqsitivity of SWMM5 ]paramete‘rs to threle performlance metrics
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Figure 2-3: Output of Regionalized Sensitivity Analysis. Figure displays the sensitivity
index value bnine SWMMS5 parameters for NaShitcliffe Efficiency (NSE), Peak Flow
Error (PE) and Volume Error (VE). HigherSA index corresponds to higher sensitivity
of parameters to the output performance. Description of parameter letter cedeis)is
presentedn Table 2-1.
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Cumulative sum of the reordered normalised performance metrics

04 , _NSE_ ‘ 02 . _PE

0.2}

deviation from the mean

0.2 0.4 0.6 0.8 1
cdf of parameters

deviation from the mean

0 0.2 0.4 0.6 0.8 1
cdf of parameters

Figure 2-4: Cumulative Sum of the Normalized Reordered Output (CUSUNORO) used as
first order sensitivity of SWMMS5 parameters to three performance metrics (NSE, PE and
VE). The deviation from the mean (CUSUNORO values or z(i) in Egn. 5) is plotted
against the empiral cumulatve distribution of input parameters-éxis). Higher

deviation from the mean indicates higher sensitivity of parameters to corresponding
performance metrics. Descriptions of parameter letter codes (for each colored lines of the
plots) are preseed inTabe 2-1.
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2.5.2. Spatial and temporal parameter variability

The study assessed the degree of uncertainty in-basetd calibration of SWMM5
distributed model paramete sets that were obtained by an evmded calibration
processes perfored for ten calibration events. The parameter variability (uncertainty) was
demonstrated by temporal scale (among calibration events) and spatial scale (within 714
subcatchments). Ifrigure2-5, the spatial varidlity of the two most sensitive parameters
(Imperviousness and Drying Time) that are generated by ten calibrated maraatstis
shown. The medians and the interquartile ranges (IQR) of the box plots in higher percentile
imperviousness values show vaiidyp between individual calibration events. Lower and
medium percentiles values of imperviousness have relativelyasimiédians and IQRs
among the parameter sets. In general, higher uncertainty is observed among- the sub
catchments with higher imperviausss (>80% Imperviousness). This result can be
reasonably expected from a samban watershed where high imperviousaaréighly
influence the rainfaftunoff response in the time of extreme evehRigure2-5 also shows

that pervious areas that have relatively faster recovery time to be in a drying state when
saturated (<20% Drying Time or less than 5.5 days) shows higher variability or uncertainty.
Rapid recovery time is often recognized in hydrologic saugD such as medium and
coarse sandy soils, which pertains to high rate of water transmission or infiltration

(Rossman, 2010; NRCS, 2007)

Figure 2-6 shows the peak flow variability of the ten potential represent&iWM5
model parameter sets in different calibration events. The uncertainty is expressed by
standardized peak flow deviation from the observation recorded at multiple gauging
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stations. Tk degree of the deviation is quite significant in almost all exsrtsneasuring
stations. The medians and associated IQRs are either above or below the green horizontal
line (observation), which depicts underestimation and overestimation of peak fldkes by
potential model parameters sets. Outliers were also observethion occasions. This
investigation indicates the existence of high uncertainty in reproducing peak flows by the
majority of model parameters sets. Within each boxplot, it can be seamipaine point

(one model parameter set) matches (or close to imgchith observed peak flow, which

is, in fact, the calibrated model parameter set for each event that the boxplot is constructed.
The results of this variability analysis give an ovemwief the difficulty in selecting
representative parameter sets strilbuted semurban watersheds and the need for a robust

method of calibration when dealing with ewratsed model parametrization.
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Figure 2-5: Box plots showing the spread of the lower, middleetfaned upper percentile
values of most sensitive calibrated parameters (Impervioudregsand Drying Time
Right) to illustrate their variability in ten Model Setsgxis). Parameter values, collected
from 714 sukcatchments, were ranked in ascending ortléodel parameter sets
represent different realization of the PCSWMM model in ten calibration events.
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Figure 2-6: Figure showing Peak Flow variability of model parameter sets. 10 plots are
constructed fod O calibration events and eabloxplotwithin a plot corresponds to

different gauging stations. Individual boxplots are developed frostandardized peak

flows, which are generated by ten different Model Parameter Sets in order to demonstrate
the variablity of different realizations of SWMMS5 model. Standardized peak flows are
calculated by normalizing the deviation of the simulateakgw from observed peak

flow by the standard deviation of the simulated peak flow. Green horizontal line along the
zeroy-axis is computed based on observed peak flow.
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2.5.3. Calibration Approaches

The outputs from the four multibjective calibration approbhes presented isection
2.4.4.1(MS-S, MSA, ME-MS and OU) are evaluated in ten individual calibration events
at five gaging stations. Their performances are compared at each calibration steps

mentioned in sectiol.4.4.2.

Figure 2-7 and Figure 2-8 present the comparison of calibration agmtees fo the first
calibration step. The relative improvement of Mgitie average objective function (MS

A) and Multisite simultaneous (MS) over the benchmark Atatchment outlet (OU) is
guantified by the prediction (simulation) error decrease (RiEdgentge. The PED (in
Figure 2-7) shows the improvement of NSE of both MSand MSS approaches when
compared to OU at five gauging stations. Using eitifethe multisite calibration
approaches improves the nabgperformance by about 28% in the interior sites when
compared to the conventional at catchment outlet calibration method. Comparing the two
multi-site optimization methods, aggregating the objectivections over the gauging
stations (MSA) gives a faily better performance than calibrating the multiple sites
simultaneously (MSS). With a reference to the benchmark OU calibration, the NSE
performance metric of M@ is improved by an average of 43% eompared to MS

where it was improved by only 29%.fmct, only 4 out of 42 calibration events and stations
show slightly higher NSE performance for MsS out of which 3 are at the outlet. At the
outlet, there are some occasions where the benchmarka@ittiyation shows improved
performance over both MS ard MS-A. This is a reasonable because it is generally easier
to improve the performance at one location during optimizing. The calibrated parameter
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sets from Multievent multisite (MEMS) calibrationapproach is r@pplied for each
calibration event to eWaate and compare its result with the other methods. It is found that
the performance of MIMS is significantly lower than both muisite optimizations as well

the benchmark calibration approach. hsiigh not shown idrigure 2-7 due to its high
percentage difference to present in PED metrics with other calibration approaches, the

comparison is shown iRigure2-8.

The performace of the four calibration approaches was teatesix calibration events, and

statistical comparison is shown by the Taylor Diagrafiguire2-8. Confirming the model
comparison using PED metricskingure2-7, the MS-S and MSA calibration approaches

have better statistical proximity and pattevith the observation than MEIS and OU

methods. The Taylor diagrams indicate that-R&pproach has relatively more confined
points towards t he o hdliee)and tonsistantly(poveBtGlieab | ac
better calibration approach than MsSard other methods. The mukvent multisite (ME

MS) optimization has more sparse points aw.

inconsistent performance over the calilma events.

In general, the calibrated model parameter sets generated bysiteudtverage objective
function (MSA) approach achieved improved model performance (NSE) and statistical
measures (standard deviation, root mean squared error and corretetificient) during

calibration stefdl and hence selected for calibration s2ep

Ten calibrated parameter sets generated byAM&ptimization approach were applied
again to each of the ten calibration events and the results were extfgiae.2-9
demonstrates the normalized NSE performance metrics evaluated at five gauging stations.
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The summation of the normalized NSE over each gauging sites and calibration events
indicates that Model parameter Set 5 has thbdst performanc®llowed by Model Set
2 and 3. The result indicates that it is fairly reasonable to represent distributedrisaemi
watersheds by qualifying model parameter sets generated from multiplebasexoh

calibration process.

With the above redts in mind, theDDS algorithm used by M@ appears to converge to

a better approximate true solution than the PADDS algorithm employed &y &pHroach.

One of the key reasons is that MSesult quality is summarized by precisely the objective
function keing optimized byMS-A. Another reason is likely that when solving the 18S
formulation, PADDS is spending substantial effort to approximate a Psetto five
dimensions and as such, PADDS is generating candidate solutions from much diversified
parts & parameter spaceln contrast, DDS is generating candidate solutions concentrated

in the area of parameter space that leads to a good average objective function value.
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Figure 2-7: ModelImprovement (defined by Prediction Error Decrease in percentage
(PED *100) ) of Multisite Simultaneous (MS) and Multisite Average objective
function (MSA) calibration approaches when compared with Catchment Outlet (OU)
approach at five gauging statisrand ten calibration events.
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Figure 2-8: Comparison of Taylor diagrams showing an eMepevent statistical
evaluation of simulateddivs from four calibration approaches (M MSA, MEMS, &
OU) evaluated at six calibration events. The Taylor Diagrams summarized three
statistical performancgat five gauging stations for each event. Different colors denote
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respective calibration apprahes while different shapes correspond to different stations
(gauging sites). Perfect modsdt would align themselves closer to the black arc as well
aspointt OBS6, which depict agreement with obse

65



Ph.D. Thesisi Frezer Seid Awol McMaster Universityi Civil Engineering Department

Calibration Events
1 2 3 a 5 | 6 7 8 9 10

Metric -> Normalized NSE SUM |Rank

1/10 10 10|10 09 09 00|10 0.7 08 04 05|07 01 06 0010 10 09 00|09 09 10 00|09 06 09 00|10 08 09 09 00|07 09 0.2 04 05|10 10 09 00| 28 5
2107 08 09|10 10 10 10|09 0.7 10 02 04|04 08 03 09(09 09 10 09|10 05 07 08|10 06 10 03|10 09 0.7 10 08|04 09 08 0.2 03|10 07 1.0 05| 32 2
3107 09 03|07 09 02 07|09 10 10 10 10|09 06 10 09|05 10 01 10|02 04 09 09|09 0.7 01 03|06 08 10 0.2 10|09 09 0.7 0.7 08|07 07 02 10| 30 3
° 404 02 01|04 02 00 09|06 01 05 10 07|10 10 10 10|05 03 00 08|00 0.1 03 09(08 00 00 04|00 00 03 00 08|10 09 08 06 04|06 02 00 06| 19 10
% 505 1.0 08|09 09 10 05|07 09 09 03 08|08 03 07 10|08 10 10 09|09 06 10 10|09 05 10 03|10 09 10 10 09|03 09 05 0.2 05|08 07 1.0 08| 33 1
-g 6|04 10 08|09 05 10 04|07 04 07 00 06|00 00 01 05|06 10 09 01|10 08 10 03|09 06 09 02|09 07 09 10 04|02/10 00 00 06|08 09 10 01| 25 7
= 7|05 00 08|09 09 09 09|07 04 00 04 04|05 08 04 09|09 00 10 08|10 10 00 10|10 10 10 10|06 10 07 09 09|05 09 03 05 00(1.0 1.0 09 04| 29 4
803 10 07|08 09 10 10|07 00 09 00 00|01 02 00 09|02 10 09 08|07 00 10 05|09 08 10 04|10 10 10 10 10|01 00 04 00 03|01 00/210 03| 24 8
9/00 07 00(00 00 01 0.1(00 01 09 08 07|10 08 08 06|05 0.8 05 06|03 04 08 02|00 04 09 01(00 08 00 10 04|08 00 10 10 10(03 01 02 08| 20 9
10/ 03 10 07|07 09 10 08|07 05 09 01 05|01 03 00 09|00 10 09 04|07 01 10 06|08 10 10 09|10 10 10 10 09|00 00 05 00 05(10 10 10 10| 28 6

[22] m — m o - ™~ o (<)} m ~— ™~ [22] o -~ ™~ [22] o - ™~ m [«2] (22] ™~ o o — ™~ m L)) m i r~ m [«)2] m i ™~ m o mn -~

sutions | § § S 8§ 8 8 5|8 8888|888 ¢38/8g 8835|888 38/88838|gsgge8s|gss88s8/8¢g 8 s

T s s T s T s T s T s ) s I b T s I s T s s s r T T T s s pu s T s T s s T b oy s s T T I

Normalized NSE
1 0
Good Bad

Figure 2-9: Performance ranking of 10 model parameter sets in ten calibration events. NorniNdizie8utcliffe Efficiency

index (NSE) is used to score the performances at each gauging stations with sum over all sites and over all eventsrdisplayed
the right side. Highest score corresponds to best performing model parameter set and vice veeanTdgshows the

Normalized NSE values according to color palette displayed at the bottom side.
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Validation Events

1 2 3 | 4
Metric -> Taylor Skill Score SUM | Rank
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Figure 2-10: Model validation of top three model sets of-W&pproach in different

events. The Taylor Skilc6res are evaluated at each of the five gauging sites for four
different events. Most skillful models would have a score of 1 and the least ones have a
score of 0.

2.5.4. Validation

To verify the outcome of the above calibration processes, the top three miaheéza

sets (Model Set 5, 2 and 3) were evaluated at validation events because their performance
from calibration step 2 are not significantly differéBummation of Normalized NSE: 30,

32 and 33 irFigure2-9). The Taylor skill score was used to evaluate these SWMM5 model
parameter sets at multiple sites and results are presentéduire 2-10. Based on the
scores, Model Set 5 appears to be more skillful than Model Set 2 and 3 as its score is close
to 1 for majority of gauging stations and events. The summation of the Taylor Score over
the gaugeand evens (Sum=16) isdlhighest. Conversely Model Set 2 and 3 have lower
scores because Taylor Skill Score penalizes models with little statistical pattern similarity
and weak correlation with observations. In general, Taylor Skill Score is found&o be
precise evaluation totd select skillful SWMMS5 model parameter sets that could represent

the distributed watershed in space and time.
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2.6. Conclusion

A proposed everbased calibration approach integrating msiie and multobjective
optimizations was sed to select represent@ SWMM5 model parameter sets in a
distributed semurban watershed. We compared the performance of four calibration
approaches in reproducing the desired spring flow responses at interior sites of Humber
River Watershed. TheseeaMulti-site simultaneouéViS-S), Multi-site average objective
function (MSA), Multi-event multisite (MEMS) and a benchmark Atatchment outlet

(OU) calibration approaches. MS and OU approaches utilized DS optimization

algorithm, whereas the ottseapplied DDS algorithm.

A spatiotemporal variability of calibrated model parameter sets among different
calibration events was initially assessed in anticipation of capturing the uncertainty of
eventbased parametrization. The results indicated thag iseronsiderable unceirnéy in
calibrating highly impervious sutatchments (>80% Imperviousness) and pervious areas
with rapid recovery time (< 5.5 days of Drying Time). Another remark from the variability
analysis is the presence of uncertainty in d&alk response by the metiparameter sets.

The uncertainty in reproducing peak flows by the majority of model parameters sets at
multiple interior sites is a clear indication of a need for a robust calibration approaches in

eventbased distributed models.

The output from the prased calibration approaches and steps demonstrated that multi
site average objective function (M§ and multisite simultaneous (MS) calibration
approaches showed superior performances against the-eéveit multisite and

bentimark calibration appro&es. The desired flows at interior upstream sites were better
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reproduced using M3 and MSS methods as compared to calibrating using the outlet

(OU), a finding similarto Letaet al.,(2017).

Most importantly, aggregating the obje functions across rtiple sites into a single
objective function (MSA) outperformed the muksite simultaneous (MS) approach.
Individually calibrated model parameter sets from -RKiSalibration approach shows
significant improvement of NSE perfoemce metrics when compdréo MSS at the
majority of stations. This is also supported by Taylor diagrams, which demonstrated that
the MSA approach attained better statistical pattern and amplitude of observed
hydrographs. Using M@ method, ten parametesets extracted from temdividual
calibration events were cresssted again at all events in the second calibration step. This
step was able to identify the top three parameter sets out of ten potential model sets using
their aggregated normalized NSEtimated at multiple sig2 Model parameter sets 5
followed by 2 and 3 appear to outperform the rest of the model parameter sets. Validation
was made at four different events to test the statistical performances using Taylor Skill
Scores. And the resultdicates that Model Paratee Set 5, which is calibrated using MS

A approach, is the most skillful and representative SWMM5 model parameter set in the

study area.

In Generalusing the single objective DDS algorithm in MSapproach to find the best
averageNSE of five gauging stains in the catchment area is found to be more efficient
than using the mulobjective PADDS algorithm to find nordominated Paret&ront of

five NSE performances.
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The study discovered thatcombination of efficienbptimization tools with a series of
calibration approaches is important in finding candidate parameters sets and representing
distributed catchments by evemaised hydrological models. The study takes advantage of
the DDS and PADS algorithms to select nedominated solutions and represeiviat

model parameter sets. Finally, the authors strongly believe that the methods and calibration
approaches employed in this research can also be applied in other watersheds. An
interesting result from the study is thateraging/aggregating objective ftionis during

calibration provide better simulation output, which can be applied for any cases.
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Chapter 3. Identification of hydrological models for enhanced ensemble

reservoir inflow forecasting in a large complex Prairie watershed
Summary of Paper 2. Awol, F.S., Coulibaly, P., Tsans, I.,, Unduche,F. (2019).

Identification of hydrological models for enhanced ensemble reservoir inflow forecasting

in a large compleRrairiewatershedWater, 11(11),2201

This researcliompares lumpedemidistributed and landsurface based modelstivraw
and biascorrectel ensemble weather forecast inputs to identify the best model for reservoir

inflow forecast in darge complexvatershed.
Key findings of this research include:

1 Biascorrecting precipitation forecasts for a training period ofadtlewo years
before theforecast time produced skillful ensemble hydrological forecasts.

1 The lumped models forced with biasrrected ensemble forecast inputs provided
better forecast performance than distributed or-suréce models, up to a week
aheadutlook.

1 Thebenchmark distributed model was as reliable as the lumped srodglup to
3 days forecast.

1 Overall,the SACSMAwith SNOW 17model emerged as the best mauel

provide accurate and reliable medimamge forecasts complex watershed
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3.1. Abstract

Accurateand reliable flow forecasting in complex Canadian prairie watersheds has been
one of the major challenges faced by hydrologists. In an attempt to improve the accuracy
and reliability of a reservoir inflow forecast, this study investigatesttrally different
hydrological models along with ensemble precipitation forecasts to identify the most
skillful and reliable model. The key goal is to assess whether- sirattmediunrange
ensemble flood forecasting in large complex basins can be talguaahievedy simple
conceptual lumped models (e.g., SACSMA with SNOW17 and MACHBYV with SNOW17)

or it requires a medium level distributed model (e.g., WATFLOOD) or an advanced
macroscale landurface based model (VIC coupled with routing module (RVIEIgven
(11ymember precipitation forecasts from secaymheration Global Ensemble Forecast
System reforecast (GEFSv2) were used as inputs. Each of the ensemble members was bias
corrected by Empirical Quantile Mapping method using the Canadian Precipitatio
Analysis (C#&A) as a training/verification dataset. Forecast evaluation is performed for 1
day up to 8&ays forecast lead times in artonth hindcast period. Results indicate that
biascorrecting precipitation forecasts using verifying datasets (suchR&) for a taining

period of at least two years before the forecast time, produces skillful ensemble
hydrological forecasts. A comparison of models in forecast mode shows that the two
lumped models (SACSMA and MACHBYV) can provide better overall forgaghrmance

than the benchmark WATFLOOD and the macroscale Variable Infiltration Capacity (VIC)
model. However, for shorter lediines, particularly up to day 3, the benchmark distributed

model provides competitive reliability, as compared to the lumpetktaoln genead, the
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SACSMA model provided better forecast quality, reliability and differentiation skill than

other considered models at all lead times
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3.2. Introduction

Prairie watersheds are characterized by several small depressions, potholes and, wetland
andpoorly connected drainage systems that may or may not contribute to the main river
system (Fang et al., 2007). They are often featured by their long winter periods, high spring
snowmelt contribution to annual runoff, deepzen soils and rapid irfration, intense
rainfall in spring and early summer, lower soil moisture, and evaporation from summer to
fall (Fang et al., 2007). Relevant methodologies were proposed to assess several aspects of
the hydrological cycle such as snowpack, spring meltpsmisture, rainfall frequency, and
evaporation, in the Canadian Prairie regions (Armstrong et al., 2008; Fang et al., 2010;
Hayashi and Van Der Kamp, 2000; Shook et al., 2015). The effect of climate, land use, and
ecosystem change on the hydrological psses bcold and wetland regions were also
studied (Eum et al., 2017; Hedstrom et al., 2001; Patiigiiams et al., 2018). Even
though some efforts were made to formulate the realistic representation of wetland
processes in hydrological models (Evensatnal, 2016; Gray and Landine, 1988;
Mekonnen et al., 2014; Pomeroy et al., 2007; Shook et al.,, 2013), challenges of

hydrological forecasting and flood predictions in such complex watersheds remain at large.

Several important works have already beengeréd br enhancing flood prediction in
several watersheds: for example, using single or multiple hydrological models (Ajami et
al., 2006; Antonetti et al., 2018; Brochero et al., 2011; Seiller et al., 2017, 2012; Thiboult
et al., 2016; Velazquez et al.0P1, 2A0; Viney et al., 2009), or feeding ensemble
numerical weather products to models (Alfieri et al., 2014; Calvetti and Pereira Filho, 2014;
Fan et al., 2014b; Liechti et al., 2013; Pietroniro et al., 2007; Thiemig et al., 2010; Zsotér
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et al., 2016)Velazqlez et al.,(2011), for example, analyzed 16 lumped hydrological
models with 5émember ensemble weather inputs. They detected that the mudél
approach of a grand member ensemble provided more forecast skill and reliability than
either a single mdel with meteorological ensembles or multiple models with the
deterministic forecast at all lead times. Pietroniro e(2007), assessed the benefit of using
Environment Canadabs MESH (Model i-MELt i on
Surface and Hydrologymodelin the Great Lakes catchment with inputs frorandi®&mber
ensemble forecast variables supplied by Meteorological Service of Canada (MSC). Fan et
al., (20149, suggested the use of local or regional ensemble forecasts instead of low
resolution globalensemb# inputs and data assimilation methods. In their work, they
applied MGBIHB distributed model with biasorrected secondeneration Global
Ensemble Forecast System (GEFS v2) reforecast inputs and suggested that the
improvements made could addres® tlack of spread in reservoir inflow forecasts
especially in early lead times. Using the same hydrological model, Fan €045,
evaluated the importance of three sets of ensemble QPFsHeomMGGE (THORPEX
Interactive Grand Global Ensemble) databaslager basins that have major reservoirs
and hydroelectric plants. Their verification methods confirmed that the performance of
hydrological forecasts depends on the quality of each ensemble precipitation products, but
they also highlighted the impred relability and robustness of ensemble river flows
obtained from the combined super ensemble inputs. Abaza €2@L3, compared
currently available Canadian meteorological forecasts and concluded that streamflow

forecasting fed by Regional ensemptedicton systems (EPS) provided higher reliability
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than the Global EPS followed by their deterministic counterparts, as also supported by Fan
et al.,(20143. The use of multiple models with the global, regional and local ensemble and
deterministic inpw has Bo been implemented in several operational flood forecasting
centers across the globe (Achleitner et al., 2012; De Roo et al., 2003; Demargne et al., 2014;
Jasper et al., 2002; Maxey et al., 2012; Florian Pappenberger et al., 2008; Unduche et al.,

2018).

The main challenge in getting accurate and reliable sfaoxd mediurrrange flood
forecasts in large complex watersheds arises from the type of hydrological models, and the
quality of weather forecast inputs applied. The choice of the modelsntpbemened for

flood and streamflow forecasting depends on the intended purpose, the type of forecast
inputs, and the complexity and scale of the study area (Hrachowitz and Clark, 2017). Given
the complexity of a prairie watershed in defining wetland aodwetland physical
processes and its representation by model structures for a specific applicatiortiofereal
flood forecasting, it is essential to identify the candidate hydrological model(s) from
multiple diverse potential models. Once the hydroldgmadel or group of models are
identified, the skill and reliability of hydrological forecasts can be enhanced by feeding

gualitative ensemble weather forecast into the models.
The limitations of previous works and the scientific challenges are that
1) orly a few studies were conducted on large and complex Prairie watersheds,

2) only a lumped model or a distributed model was used independently, for hydrological
forecasting study. Alternatively, in some cases, the mutilels were only a collection of

lumped coreptual models,
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3) identification of best hydrological model was usually based on historical meteorological
or in some cases, deterministic weather forecast inputs. Evaluation and comparison of
models based on raw and b@asrected ensemble preitgtion forecasts were not studied.

As such, the objective of this research is designed to address these limitations and identify
the best hydrological model from diverse muattbdels for shortand mediurrrange flood
forecasting in a Canadian Prairie wateed. In this study, four structurally varied
hydrological models were set up in order to simulate and forecast inflows to the Shelmouth
Reservoir which is located in Upper Assiniboine River Basin. A mixture of two lumped,
one distributed and one macrogctand surface models were used in this research. In
forecast mode, biasorrected precipitation from secogéneration Global Ensemble
Forecast System (GEFS v2) reforecasts was fed into the four models in order to evaluate

the reliability, skill, and ovell forecast performance of the ensemble reservoir inflows
3.3. Materials
3.3.1. Study area

The Canadian Prairies are mainly located in Saskatchewan, Manitoba, and Alberta
Provinces. The research is conducted in one of the main Canadian Prairie watersheds, the
UpperAssiniboine River Basin upstream of the Shelmouth Reservoir, also called Lake of
the Prairie (Figure 3-1). The catchment area contributing to the reservoir inflow is
approximately 18,000 kfn While much of the bas is located in Saskatchewan, the
Shelmouth Reservoir itself is located in thevifnoe of Manitoba. Inflow into the reservoir

is generated from three major upstream tributaries: the Whitesand River, the Shell Rivers
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and the main stream of the AssiniboR&er. This Prairie watershed which is known to

have a complex hydrology is chat@dzed by abundant potholes and wetlands, poorly

interconnected streams and rantributing areas, long and cold winter periods, deep

frozen soils and rapid infiltratiorhigh spring snowmelt contribution to annual runoff,

intense rainfall in spring andarly summer, lower soil moisture and evaporation from

summer to falFang et al., 2007; Unduche et al., 2018) T h e

basi

nos

topog

from 250 m a.s.l. at its lowepoint to 820 m a.s.| at its highest point, and its annual

precipitation is apprdrately 460 mm(Shrestha et al., 2012Jhe land cover of the basin

is mostly dominated by cropland, which contributes aboub®% of the land cover

(Shrestha et al., 2012)

Legend

T Shellmouth_Dam DEM
* Meteorological stations gy Hiehen
4 Gauging_stns Low : 364
— Rivers
B shelimouth_Reservoir
:I Upper_Assinb_basin 50 25 0 50 Kilometers

Wetland extent (NCA-2011)

Figure 3-1: Study areaof the Upper Assiniboine River Basin
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3.3.2. Data
3.3.2.1. Ensemble weather forecast

An 11-member ensemble data from secgemeration Global Ensemble Forecast System
(GEFS v2) reforecast (Hamill et al., 2013) supplied by Nationaté&ls for Environmental
Prediction (NE P ) , hereafter called AGEFSv20 was
GEFSV2 issues forecast once a day in 3 hourly time step up to 8 days lead time with 50 km
spatial resolution and the next eight days with a lowerapasolution. For this research,

daily total precipitation forecasts from Jan 2014 to Dec 2017 were used for the input
datasets; the first two years used for bias correcting the last two years. Only precipitation
forecasts were used as forcing data, wbileer variables were taken from obssion

because the accuracy of flood prediction is highly impacted by precipitation forecasts than

any other variables (Zsotér et al., 2Q16)
3.3.2.2. Observed Data

Average daily temperature and precipitation data were obtaim@dEnvironment Canada

for the eleva weather gauging stations that are distributed across the catoffigeme

3-1). These data were used as inputs to the hydrological models. The &oip the
hydrological nodels which is regarded as the simulated reservoir inflow was compared
with calculated (observed) reservoir inflow in the calibration process. Detail information
on the reservoir inflow estimation is providedSection 3.3.2.3whereas calibration and
validation will be discussed iBection 3.4.2In addition to the gauge data, precipitation

data were also collected from The Canadian Precipitation Analysis (CaPA). The CaPA is
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developed by statistical interpolation of a backgrofield from shortrange preipitation
forecasts, and observation from radar and grenaskd rainfalineasurements (Mahfouf et

al., 2007) The spatial and temporal resolution of CaPA is 15 km and 6 hours respectively.
For this study, CaPA precipitation data is used for bias camgediobal ensemble

forecasts, which will be further discussadSection 3.4.3.
3.3.2.3. Reservoir inflow

The study ara is the watershed upstream of the Shelmouth Reservoir. There is no flow
gauge (actual streamflow measurement) at the outlet of the watershibe. nddguth of the

reservoir or the Dam section, the outflow is regulated by structural mechanisms such as
releasing water through the conduits (using gates) and spillways. These releases are
controlled and measured daily. Therefore, the outflow from therveir is a regulated

outflow measured at the conduits and spillway, and due to this reason, it cannetthe dir

used for calibration. Instead, the reservoir inflow is implicitly considered as the outflow

from the entire watershed and is used for catibhg the hydrological models. The inflow

is, in this case, a collection of water from major and minor trilrgahat goes into the
reservoir. The estimated inflow is conside

measuring collectively the rivelofvs coming from the tributaries.

The inflow into Shemouth Reservoir is calculated based on a simple wasercdal
equation. Given records of daily reservoir levels, the elevaieastorage curve of the
reservoir, and the summation of outflows measuatetie spillway and conduit, the water

balance can be formulated by the equaBeh Here, losses (such asapeoration and
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infiltration) within a day are assumed to be negligible, and lateral inflows are included in

ol nfl owdé variabl e.
Oy
"0¢ QA ¢ HD "Qa € % (3-1)
(0]
Where— is the change in storage in eday time difference. The change in storage is

obtained from the elevatiestorage curve by looking at tlaily average reservoir levels
between the first and the second dBye reservoir inflow is calculated daily for pteal

application at Manitoba Hydrological Forecasting Center

As described above, the reservoir inflow is regarded as a streamflow sreastiof all

the tributary rivers and streams supplying water to the reservoir. Since the inflow is not an
actual flow measurement of the suppling rivers, it is prone to some degree of errors.
However, the calculated reservoir inflow is believed to bebiés possible method of
measuring the fAunregul atedd water soméhd out f |
calculation method. We used a simple water balance equation to calculate the daily inflow,

only accounting for the daily change in storage tre daily measured regulated reservoir

outflow. The daily losses (e.g., evaporation and infiltrationpaseimed to negligible. Such

an assumption might contain some uncertainties. However, the uncertainty for daily water
balance is not believed to bersiderable, for example, comparing with monthly water

balance where such losses cannot be ignored
3.4. Method

Figure 3-2 shows the methodology adopted in this research. Ensemble weather forecasts

products from GEFSv2 eve collected. Each ensemble member of pitatipn forecasts

88



Ph.D. Thesisi Frezer Seid Awol McMaster Universityi Civil Engineering Department

was biascorrected byhe Empirical Quantile Mapping method using CaPA as a verifying
data Gection 3.4.3 Four structurally various hydrological models were applied in the
watershed includinghe benchmark model. Using raw and biasrected GEFSv2
ensemble inputs, the model s6 forecasting

hindcast period

Ensemble weather forecasts

Reforecast GEFS (11 members) | Raw/Bias-correction (BC)
Multi-models with various model
structure/types

Raw

BC with CaPA

Lumped
SAC-SMA+SNOW 17
MAC-HBV+SNOW 17
Fully Distributed
WATFLOOD (Benchmark)
Macroscale land-surface based
VIC+RVIC

Figure 3-2: lllustration of themethodology dopted

3.4.1. Hydrological Models

Four different hydrological models with diverse model structures were applied in the study
area to meet the research objectives describ&bation 3.2The models applied herein

are a combination of two lumped models, one itisted and one macroscasnbtisurface
based hydrological model. The lumped models are the Sacramento Soil Moisture
Accounting (SACGSMA) model coupled with SNOW17 (Anderson, 2006) routine and the

McMaster UniversityHydrologiska Byrans VattenbalansavdetpifMAC-HBV) (Samuel
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et al., 2011) model coupled with SNOW17 routine. The third model applied is the
macroscale landurface based Variable Infiltration Capacity (VIC) mofehng et al.,
1994)coupled with a routing module. VIC has been applied in nearbylar river basins

for climate change and other hydrological studies (Dibike et al., 2018; Eum et al., 2017,

2014a, 2014b)The above three models were calibrated and validated in this research

As a benchmark, we used the distributed WATFLOOD modebuen, 1988). For this

study, a calibrated and operational WATFLOOD model whginedfrom the Manitoba
Infrastructure, Hydrological Forecasting Centre. The model has been used by the center to
provide operational flood forecasting using reade weatheforecast data tessue short

and mediurrrange river forecasts in the Upper Assiniboine River basin and other nearby
watersheds (Unduche et al., 2018). WATFLOOD is a Canadian Hydrological model
specifically developed for flood forecasting and watersheudilsition. The modas used

as a primary routing module for the Canadian national hydrological modeling system
(MESH) (Haghnegahdar et al., 2014). Newman et(2017), argues that a calibrated
hydrological model which has a familiar practical applicatioriocal river forecasting
systems has a better functional capability than reference statistical systems to test models,
and employs significant water budget interactions is a suitable choice for use as a

benchmark model.

For SACSMA and MACHBYV models, meareal daily temperature and precipitation time
series data were created by using the Thiessen polygon method from eleven meteorological
gauging stations that are distributed across the catchment. The average catchment elevation

and latitude of the centicbvalues were used as an input to the SNOW17 model in addition
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to precipitation and temperature data. These inputs were used to calibrate and validate the

two lumped models.

For the VIC (version 4.2.d) model, daily gridded interpolated precipitation wasa

generated from 11 gauging stations, using a bilinear interpolation technique. Daily gridded
minimum and maximum temperature data were provided by the Natural Resources Canada,
which apppli ®tde asmodti mi ng splinesoionsfloMUSPLI N
several grourdbased stations in Canada to generate -teng daily gridded data
(Hopkinson et al., 2011; Hutchinson et al., 2009). ANUSPLIN has been used as forcing

data for the VIC model in several studies (Dibike et al., 2018; Eum et al., 201%a,

2014b). Daily average wind speed data performed from the Global Environmental
Multiscale (GEM) model (Coté et al., 1998). The grid resolutiothefVIC model was

about 1/8 degree. Land cover data is obtained from Moderate Resolution Imaging
Spectoradiometer (MODIS) Land Cover Type (MCD12Q1) Version 6 data product (Friedl

and SullaMe na s h e, 2015) . Soi l data were importe
Database V 1.2 (FAO et al., 2009). The runoff from the land surface VIC grid cells was
routed b and along the river networks using the RVIC routing module (Hamman et al.,

2017) based on Lohmann et, #1.996)

For the WATFLOOD model, gridded interpolated daily precipitation and temperature data
were used to set up awdlibrate the model. The mode&hs set up at a grid resolution of

approximately 5 km for the Upper Assiniboine River Basin
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3.4.2. Calibration and Validation

The catchment outflow simulated by the hydrological models is considered as the reservoir
inflow becausehe reservoir, located at tiwery downstream location, collects all water
from tributary rivers and lateral inflows. During the calibration process, the comparison

was made between the simulated and the observed daily reservoir inflow time series.

Dynamically Dimensioned Search (DD&)gorithm (Tolson and Shoemaker, 2007) was
used to optimize the calibration of SACSMA/SNOW17, MACHBV/SNOW17, and
VIC/RVIC models. Calibration and Validation of the models were performed with daily

timesteps from January 2005 December 2015 with-{ear pin-up periods.

DDS has been previously compared with other optimization methods, such as shuffled
complex evolution (SCE) by Tolson and Shoemaker (Tolson and Shoemaker, 2007). In
their study, the dimensionality and efficienafy DDS, for example, was test, and the
authors concluded that DDS provided better results than SCE both witlahalhigh
dimensional problems, and is more efficient. DDS has been used to calibrate several
hydrological models from simple lumped to medilevel distributed models.(ge, SWAT

(Aliyari et al., 2019; llampooranan et al., 2019), MESH (Rokaya et al., 2019), GRHM
AHM (Krogh and Pomeroy, 2019)) to very complicated lsndface based models (e.g.

WRFHydro (Lahmers et al., 2019; Sharma et @19).

For lumped models, 1Pparameters of SNOW17, 15 parameters of SACSMA, and 12
parameters of MACHBV were calibrated. The optimizing parameters are presented in
Appendix A.1, A.2, and A.3 for SNOW17, SACSMA, and MACHBYV, respectively. For

VIC model, theotal number of parametershie optimized and calibrated is increased from
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the default 13 to 53 including the wetland and routing parameters. The optimizing
parameters for the VIC model are presented in Appendix A.4. Like the lumped models, the
simulatedreservoir inflow from VIC/RVC model was compared with daily observed flow

in the calibration process.

For all models, a single objective function obtained by a weighted average of two
performance metrics was used in the DDS optimization. The performragides that were
given equalveight are Kling Gupta efficiency KGE) (Gupta et al., 2009), and Peak Flow

Criteria PFC) (Coulibaly et al., 2001) as defined below

0 "00 p i p » p Q0 p (3-2)

7 (3-3)

BN
wherei is the correlation coefficient between simulated inflamd observed reservoir
inflow, Gandware raips of the standard deviation and mean of simulated inflows to the
corresponding observed inflow respectivélyandr] are the peak simulated and observed
inflows respectively, anéd is the number of peak flows greater than-tied of the mean
peak flow observed. Whil&KGE values closer to 1 indicatebetter model performance, a

PFC value closer to 0 signifies bgstak flow simulation accuracy.
3.4.3. Bias correction

Each of the eleven ensemble precipitation forecasts from the GEE&utb13.3.2.9) was
biascorrected bythe Empirical Quantile Mapping method (Amengual et al., 2012). The

biascorrection of ensemble forecasts were performed using the reanalysis precipitation
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product of CaPA as a verifying database. Daily CaPA precipitatioa series from
January 2014 to Decerab2015 were used to biasrrect ensemble weather forecasts from
January 2016 to December 201Figure 3-3). That is, 4years of daily ensemble
preciptation forecasts were areled first (Jan 2014Dec 2017). Then CaPA data was used
as a training dataset for the firsy2ars of ensemble forecasts. Parameters from the quantile
mapping in the training period were applied to the lage@s of ensembli®recast time
series. Thisstep is repeated for each ensemble member to produce -aohiested

ensemble GEFSv2 inputs

CaPA precipitation

| Bias-correction

Ensemble GEFSv2 precipitation forecast

; 2014 | 2015 .| 2016 | 2017 i
Figure 3-3: TheBias-correction process using the Empirical Quantile Mapping method

3.4.4. Hindcast simulation (model update and forecast)

Hindcast simulation is performed in order to verify the hydrological models in forecast
mode. The raw and bia®rrected Reforecast GEFSsemble datasets were fed into the
four calibrated hydrological models. The focus of the stutly &ssess the reservoir inflow
forecast accuracy and skill of the models during the high flood periods. Therefore, 2017 is
selected for forecast verificatiowhich observes frequent spring and summer floods in the
area. The hindcast period was from A@R017 to September 2017. Continuous model

update and forecast were performed during the hindcast perigdré 3-4). The
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hydrological models were run with observed meteorological data for at least one year
beforett f orecast day in order to preserve an
other words, thebserved inputs were supplied to the models up teddapen ensemble

forecasts were fed to the models for the next eight days, and this mode| apdditeecast

continuouslyevery day during the entire hindcast period

Issue date | LDT1 (dayl | LDT2 (day2 LDT8 (day 8
(@00z) forecast) forecast) forecast)

» [ Run models for 1 year 20170401 Run models using forecast inputs
5
(o]
@ £ [ Run models for 1 year 20170402 | Run models using forecast inputs
o ®
é 'gn [ Run models for 1 year 20170402 | Run models using forecast inputs
a ©
£ 5
33
€ [ Run models for 1 year > 20171031 [ Run models using forecast inputs >

Figure 3-4: Model update and forecast in the hindcast period

3.4.5. Ensemble forecast verification

Outputs from the previous step (model update anechst) are daily ensemble reservoir
inflow forecasts from four hydrologat models for 1up to 8day lead times. The forecast
skill and reliability of each model s ense

using various ensemble verification tmes which are outlined belaw

3.4.5.1. Mean Continuous Rank Probability Score ( [} | and Skill Score (r4 [

MeanCRPSmeasures the error of the commutative probabilitthefensemble forecast.
For infinite number of classes or continuous varialfl&&¥Sis calculated as follows
(Wilks, 2006) Given cumulative distributio function of an ensemble y is P(y) and

corresponding cumulative probability of observed value x with a step function 1{.}
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representing 1 for ensemble values greater than observation and 0 otherwise, the CRPS and
the mearCRPScan be computed by equatidt.

The meanCRPScan be decomposed to mean reliability @and potentialCRPS
componentsaccording toHersbach, 20Q0Y ‘Q és directly related to rank histogram but
provides more information. It measures the klity of the system by examining whether

the frequency of observations that fatisainy one of ranked bins is equivalent to the other

bins by taking into consideration the width of the bmevhi ch t he rank hi st
do Hersbach, 2000 The potatial CRPS(6 'Y 0 Y is the CRPS of a perfectliable

system (i.e. whely Q& 0) or for adeterministidorecast where there is no spreéddy 0 "Y

is directly related to the spread of the ensembles and the presence of dddiskma¢h,

2000. The larger the spread,dihe moreoutliers the larger thé 'Y 0 "Y 6 'Y 0, "WQ énd

6 YD "Yare negatively oriented, meaning a value of zero corresponds to a perfect

ensemble forecast. Details of the derivation can be faukiérsbach, 2000
6YDY 0w pw ©® Q0

o %Y g 6 Y (3-4)

OYDYWQaod'YDY

Continuous Rank Probability Skill Scoré {Y 0 )¥&Ya scalar accuracy or performance

measurement of the foretimg system byevaluating the mean continuous ranked

probability score @ 'Y U) 'of ensembles with relative to a reference forecasting system
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(Bradley and Schwartz, 2011y is positively oriented with a perfect score of 1 and is

calculated by:

—_—

0Y0Y

SYYYp ——
oYvu

(3-5)

For the reference forecasting system, we used the climatological ensembles of the last
twenty-four years of historical daily reservoir inflows. This is preaity used by Manitoba
Hydrdogical Forecasting Center to issue mediamd longterm ensemble forecasts at the

site (Muhammad et al., 2018). Pappenberger ef2l15, discussed the option of using

climatological observations as an alternative benckimgdrological ensemble prextion.
3.4.5.2. Reliability diagram

Reliability diagramalso called Attribute Diagram bdysu & Murphy,(1986), is a measure

of the accuracy of ensemble forecasthich plots the observed relative frequency with
respect to forecastingrobability in different bins of the categofyilks, 2006). It is a plot

of forecast probability versus observed frequency, and perfect reliability is indicated by a
curve lying alog the diagonal of a reliability diagram (Atger, 1999)

The CRPSdecompogion parameters dflersbach(2000, were used to draw reliability
diagrams in this study. We apply 5% and 95% confidence intervals for the reliability
diagrams using the bootstragaepling technique to measure the conditional verification

pair sample ucertainty.
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3.4.5.3. Relative operating characteristics ROC) and skill score (ROC Scorg

ROCis a powerful metric to measure the probabilistic forecast occurrence of events across

a range of thresholds (Mason and Graham, 2002). For each thrée@adxamines the
correspondence between the forecast and observation by defining the probability of
detection (hit rate) and the probability of false detection (False alarm rate). R@Cfaurv
sever al thresholds can then be coaBalset ec
Al arm Rated values as absci ssROCculveaoved and
the 45 degrees diagonal but more towards thdefbposition indicatinghi 6 Hi t Rat e
and | ow OFal se Al ar m Ra tROGshdwsthesdsaminaiond Gr ah
skill of the ensemble forecast system (Brown et al., 2010). Discrimination skill indicates

the ability of the forecasting system to categorize occurrence anolcearrence of floods

defined between uselefined probability thresholds (Brown ek,a2010; Mason and

Graham, 1999)

A single scalar score can summarize the qualig@Ccurves ROCscore is a functioof
the area under the ROC curve (AUC). (Wilk8D8) formulates a simple equation ROC
Scoreas:

YO OYwéE T &0 Y6 p (3-6)
whereAUC is the area under the curve of each Relative Operating Characteristics curves.

A perfect system that h&0OCcurves close to the top left corner would have a score of 1.
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3.5. Results
3.5.1. Calibration and validation

As noted inSection 3.4.2DDS optimization was used to calibrate parameters of SACSMA
with SNOW17, MACHBV with SNOW17, and VIC with RVIC models. Among the ten
years chosen for calibration and validation, the recent five consecutive year2(ft 1 to

2015) were used to calibrate im@dels and the previous five years (2006 to 2010) were
used to validate the modelRdure3-5). The reason why we used recent dataédibration

is that we want torain the models using high consecutive flood periods. Looking at the
historical time series from 2006 to 2015, the recentyr@&'s are high consecutive flood
years than the previous fiyears. Moreover, it is highly likglthat this trend will continue

past 2016 and the near future due to anticipated climate change impact in the region and
other similar factors that caused the recent high consecutive flood years. Since the
challenge of achieving the accurate reservoioimfforecasting arises particulaiduring

flood periods, and the objective of the paper focuses on improving the accuracy of flood
forecasting in large complex watersheds, the hydrological models were trained/calibrated

with the recent flood years.

The peformance metrics of the modelgeasummarized inTable 3-1. The KGE
performance statistics indicate thila¢ SACSMA model outperforms MACHBY followed

by VIC during calibration as well as validation periods. The lumped models (SACSMA
and MACHBYV) gpear to show better performances than the macroscale model (VIC). The
Peak Flow Criteria (PFC) shows that SACSMA and MACHBYV have improvedavd

comparable ecuracy in peak flow prediction. VIC model slightly underestimates and
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delays peak flows occasially, although it maintains the hydrograph during spring and

summer high inflow seasons

The performance of the models can be seen from the simulated angedbfew
hydrographs shown irFigure 3-5. Visual inspetion shows that all three models
comparatively capture the pattern of the observed resenftowirmydrographs during
calibration and validation periods; although SACSMA and MACHBYV models appear to
reproduce the peak flows better than VICaddition tothe visual inspection, the RMSE

and PBIAS values of each model are displaydéigure3-5 to provide more information

on the hydrographs. It can be seen that SACSMA provided better accuracy and less bias
during @libration andvalidation followed by MACHBYV and VIC models in decreasing

order of performances.

The calibration of the models was performed in a daily time step, and the optimization
method (DDS algorithm) used during the calibration was the same forodkls. The

objective function is also the same, which is the avera¢estt andPFC. However, there

are differences in the number of parameters (dimensionality) among the models. Note that
the lumped models were coupled with SNOW17, hence the total muhtie calibated
parameters are the summation of individual
(15) plus SNOW17 (10). As noted in Appendix A.4, the default number of VIC/RVIC
model parameters was further refined to improve the calibration outputoabetter

represent the wetland, landcover, and soil types of the basin. The parameters were refined
and increased from the default 13 to 53 based on land cover classes and soil mapping units

(Figure Al). A simple test has been done before refiningdrenpeters by péorming the

100



Ph.D. Thesisi Frezer Seid Awol McMaster Universityi Civil Engineering Department

calibration using the default 13 parameters, and the preliminary results were much worse
(KGE = -2.3, not shown in the results section) than after refining the parami¢@EsH

0.653). With the default parameters, VIC, as anosgale lanésuface based model, was

not correctly estimating the water and energy balance equations in a vertical column at each
grid cell and transferring water between grids and river netwlaykssing the routing
module (RVIC). After refining, the mad significantly improved the water interaction in

wetland areas, and different land cover and soil tiles and routed the flow to the outlet.

The message here is that an effort has been made to employ a better calibration approach
with an efficient optimiation algorithmfor the advanced model (VIC). As discussed in
Section 3.4.2DDS is a competitive and efficient optimization tool that has been applied in
several distributed and larsdirface based hydrological models. Thus, it is safe to say that
the contusion (i.e. tle improved performance of SACSMA and MAHBYV over VIC in the
calibration outputs) was not limited by the search algorithm

Table3-1: Performancestatistics of the three hydrological models froatilration and
validation. The definition of the abbreviations is presemeslection 3.4.2

Calibration Validation
SACSMA MACHBV VIC SACSMA MACHBVY VIC
PFC 0.180 0.174 0.270 0.234 0.231 0.247
KGE 0.796 0.740 0.660 0.776 0.679 0.653
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Figure 3-5: Calibration and validation plots of SACSMA with SNOW17, MACHBYV with
SNOW17, and VIC with RVIC models. RMSE: RdeanSquare Error, and PBIAS:
Percent BiagYapo et al., 1996re displayed for each model to provide more
information in addition to the visual inspection of the time series

3.5.2. Model camparison in forecast mode

3.5.2.1. Overall forecast quality and skill

The GEFSv2 ensemble precipitation forecasts were-twaected bythe Empirical

Quantile Mapping method using CaPA as a verifying analgsisdescribed irfsection
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3.4.3 Both raw and biasorrected &FSv2 inputs were fed into four hydrological models
in order to(1) realize the effect of the bi@®rrection on the output hydrological forecasts

and(2) compare the models forecast performanceagé postias correctiorprocess.

Figure 36 shows thanean CRPS, which measures the overall probabilistic error of the
ensemble reservoir inflow forecasts generated by four hydrological models and GEFSv2
inputs. As expected, the biasrrected GEFSv2 ensembles significantly edigrm the

raw GEFSv2 inputsagardless of the hydrological models used. The quality of hydrological
forecasts was much improved by b@srecting each ensemble precipitation forecast of
GEFSv2 with CaPA reanalysis datagure 3-6 also shows a&omparison between the
forecast quality of the four hydrological models. For all models, the overall forecast quality
declines as the lead time increases, as ¢ggelt can be seen from the figure that the mean
CRPSvalues othe SACSMA model are the Weest followed by MACHBYV, WATFLOOD,

and VIC in ascending order of forecast probability error. Whether using raw GEFSs or bias
corrected GEFSs as in inputs, the rsul hydrological forecast skill of the two lumped
models (SACSMA and MACHBYV) outperformsetbenchmark distributed WATFLOOD
model and the macroscale VIC model at all lead times. However, the benchmark model
provides a better skill than VIC and is relatwelose to the two lumped models at early

lead times.

So far, the modevérsevaluateddasedon teeir overall foretcast error.
In order to add a comprehensive outlook, a reference ensemble forecasting system is used

to evaluate their sks.
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Figure 37 shows the mean CRPS skill score (CRPSS) of ensemble reservoir inflows
simulaed by the four different hydrological models. It can be seen from the figure that, the
CRPS%alues of the four models have a similar trend a€fRESdepicting hat the lumped
models have better forecast skill than the benchmark and macroscale modgsriGg

to the reference climatologichhsed ensembles, SACSMA provides the best quality of
ensembles at all lead times, followed by MACHBV, WATFLOOD, and VICG: Ttmped
models were competitive throughout the forecast horizon with minor exceptionheFor
first two to three days, the skill score of the benchmark WATFLOOQOD is relatively close to

the lumped models, but the forecast skill gradually deteriorateteatdad times
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Figure 3-6: MeanCRPSof ensemble reservoir inflows generated with Rait) and
Bias-corrected(right) ensemble GEFSv2 precipitation forecasts
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Figure 3-7: Comparison of reservoir inflow ensembles between four hydoalbignodels
usingCRPSskill score CRPS&

3.5.2.2. Reliability

Thereliability of the ensemble hydrological forecasts was evaluated by two metrics; using

the reliability component o€ERPSafter decomposition of (Hersbach, 2000), and using

Reliability Diagram.
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Figure 38 shows the components of CRPS after the decompositethod of Hersbach,

2000. Here, the summation of the reliability (left) and potential CRPS (right) components
of each hydrological modelk the meanCRPS The reliability and potentiaCRPS
compnents follow the same trend as the m€RPSand CRPSS The decomposition
indicates that the lumped models (SACSMA and MACHBYV) were more reliable and have
less spread and outliers than the benchmark WATFLOOD and macroscale VIC models.
The reliability compnent contributes about half of the mé&aRPS The rest coms from

the potential CRPS Remarkably, it can be observed that the forecast quality of
WATFLOOD during the first two or three days comes from the reliability component
because this value is lowand much closer to the lumped models than the pot&RBE
component. The overall forecast quality of SACSMA model remarkably remains the same
up to lead time of day 6, as can be seen from &HPSaNndCRPSSalues. This effect is

mainly due to the potgial CRPScomponent which remains either constant or sijgh
dropped as going from day 1 to day 6. SACSMA model generates ensembles that are less
spread and have low number of outliers in the first six days forecast as explained by the
potential CRPSconponent. The potentig&@ RPSrapidly increased in all modetdter lead

time seven, which indicates that the ensemble spread and presence of outliers start to
significantly rise irrespective of the model type after a selagnforecast. The sudden rise

and ckcline of mearCRPSand CRPSSn most models after day sevenaybe due to this

effect
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Figure 3-8: CRPSdecomposition components. Tieé& plot shows the reliability
componentandtheright plot shove the PotentiaCRPScomponent. Comparison of these
attributes was made between four hydrological models.

Figure 39 shows the reliability diagrams of the hydrological models for forecast lead time
of day 1, 3, and 5. For a oy lead time forecast, threliability curvesof SACSMA,
MACHBYV, and WATFLOOD were all reasonably aligned along the diagonal line, which
indicates that they achieve relatively more reliable forecasts. The conditional observed
frequency is comparable with the forecast probabilitthwglight exceptiongn the very

lower bin. For day three forecasts, this trend minimally changes, but overall, the reliability
of the WATFLOOD is not significantly lower than the lumped models. For day five, the
reliability curve of SACSMA is stillclos¢ o t he di fhigonal i (épk, es
higher forecast probabilities. MACHBY is relatively reliable on day five forecast, as shown
by its diagram. However, the reliability curve of WATFLOOD at day five is away from the
diagonal line indicating itseliability was prgressively declining after day three forecast.

The reliability of VIC, although relatively moderate at day one, was reduced at day three
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and five forecasts because it continuously underestimates the forecast. The 90%
Confidence Interval (Cl) of the reliabity diagrams showed that uncertainties in the
conditional verification pair samples increased in all models as the forecast lead time
increases. However, the advancement of conditional uncertainty in the forecasts in lumped
models wasot substantial whrecompared to the benchmark and macroscale models. This
is because the reliability lines of SACSMA and MACHBYV are within the CI bounds most
ofthetimeand their Clbés are closer to the diag
lines are eitherahte | ower or wupper | evel of the CI 6
this occurs on day three lead time. This characteristic indicates that 90% of the cases, the
reliability diagram attributes of VIC, and sometimes WATFLOOD did not betorthe
intervalwhe e t he Atrueodo value of the attributes

does not hold
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Figure 3-9: Reliability diagrams of ensemble reservoir inflows at three seleoteddst
leadtimes. Different colors show different model types. The 90% confidence intervals
were shown in the reliability lines for each model. The inset histograms show the
frequency of occurrence in each forecast bin.
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3.5.2.3. Hit and False alarm rate distribution

As descibed in Section 3.4.5.3ROC displays the hitate and false alarm rate of a

forecasting system at different thresholds.

Figure 310 shows theROCcurves of the models at day 3 forecast lead time. The hit rate
versus false alarm rates was dmaver varying higher probability threshold levels of
reservoir inflows because the primary focus of this research is on flood forecasting.
Simulated ensemble inflows exceeding 75, 80, 85, 90, and 95 percentiles of the observed
reservoir inflow were takennio considergon. At day three lead timeFi{gure 310),
SACSMA performed well in attaininthe highest true alarm and lowest false alarm rates

for all probability thresholds as compared to other models, the closest one being MACHBYV.
Forecasting the mosk&eme floodor flows exceeding 95 and 90 percentile inflows is a
challenge that most models lack with different levels of forecast $ki# lumped models

and subtly the benchmark are deemed sufficient to construct ensembles that have good
discriminationskills to forecast up to 85 percentile reservoir inflow. Although R@C

curves stipulate that VIC can, in fact, reproduce 80 percentile flows up to five days ahead

forecast time other probability thresholds have almost zero.skills
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Figure 3-10: Relative Operating CharacteristiRQOQ curves drawn for probability
thresholds exceeding 75, 80, 85, 80d 95 percentile reservoir inflovisr threedays
ahead forecast. The four plots are for foulfelient hydrological models.

In Figure 311, theROC Scoresf each model, estimated by the average of the area under

the ROCcurves for the considered probability thresholds, are shown. It summarizes the

performance and discrimination skills of the madel

horizons. TheROC Scoresindicate that the forecast skills of WATFLOOD and VIC

ensembl

es

f

or

al

monotonically decrease as the lead time increases, but for the case of SACSMA and

MACHBYV, even though their skill unevenly decline, they havenpetitive and relatively
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decent forecast performances.eTtlecliningROC Scoresindicate that as the lead time
increases, the ROC curves (not shown here) progressively approach the diagonal line which
is the <climatol ogi cal Bfownretala 2010). inrgenérad,e r o
considering all the foresalead times and probability thresholds, SACSMA appeared to
have a better discrimination skill more than the others, followed by MACHBYV,

WATFLOOD, and VIC in order of performance.
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Figure 3-11: TheROCScoremeasured by the Area Under tROCCurvesof four
hydrological models.

3.6. Conclusion and Discussion

The objective of this study was to identify hydrological models from a pool of diverse
model strigtures that camproduce better forecast skill and reliability and provide an
enhanced shorind mediunrrange reservoir inflow forecasts in a Prairie watershed: The
Upper Assiniboine River Basin. A comparison of forecast skill and reliability between the

selected hydrologal models was made using raw and ‘wagected ensemble
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precipitation forecast products. The best model was selected from two lumped models
(SACSMA with SNOW17 and MACHBYV with SNOW17), a benchmark distributed model
(WATFLOOD), and macrasale landsurfae based model (VIC). Daily total precipitation
forecasts were collected from anthiember secondeneration Global Ensemble Forecast
System reforecast (GEFSv2). Each of the ensemble members wasrpgrsed by
Empirical Quantile Mapping gthod using th€anadian Precipitation Analysis (CaPA) as

a training/verification dataset. Raw and btasrected GEFSv2 precipitation were supplied

to the hydrological models to evaluate and compare the forecast skill and reliability of the
ensemble inflav outputs. Foreast evaluation was performed in-an®nth hindcast period
where daily ensemble reservoir inflow forecasts were issuedday 1ip to 8days forecast

lead times. SACSMA, MACHBYV, and VIC models were calibrated in the study area by
comparingsimulated and aterved inflows into Shelmouth Reservoir while WATFLOOD
model, which is operationally implemented for the Provincial-tiea¢ flood forecasting

was used as a benchmark.

Results indicated that simulated ensemble reservoir inflows generateiddrorrected
GEFSv2 provided significantly better forecast quality than the raw GEFSv. Even though
this result is expected, two things are noticed; first, the dma®ction of each ensemble
members instead of the mean or median provided a consisttreliable eresmble inflow
forecast, and second, biesrrecting forecasts using verifying datasets (such as CaPA) for
a training period of at least two years before the forecast time results in an improved

hydrological forecast. This method and the ioyad result cabe beneficial for users at
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operational flood forecasting centers as they would generally prefer less advanced and

quick postprocessing methods.

All models were supplied with bissrrected ensemble GEFSv2, and various ensemble
verification metrics were usd to compare the model outputs up to eight days of forecast

| ead times. The overall forecast quality
using mean CRPS and CRPSS metrics. Results indicated that the two lumped models
(SACSMA and MACHBYV) prwrided better overall forecast performance than the
benchmark WATFLOOD and the macroscale VIC models. Although the lumped models
(SACSMA and MACHBYV) were found to be comparable, SACSMA provided enhanced
forecast skill than MACHBYV at all leatimes. For shder leadtimes, particularly up to

day 3, WATFLOOD provided relatively competitive overall forecast quality as of the

lumped models.

The CRPS decomposition by (Hersbach, 2000) was found to be vital to interpret and better
analyze the ovehaforecast performance. This decomposition indicated that the modest
forecast skill of WATFLOOD in the first 2 or 3 days came from the reliability component

of CRPS. The decomposition of CRPS further indicated that the superior performance of
SACSMA is de o its ability to generate ensemble inflow forecasts with less ensemble
spread and low presence of outliers in the first six days of the forecast as explained by the

potential CRPS component.

Reliability diagrams of the hydrological models at differezadtimes provided further
insight into the forecast skill of the ensembles. At shorter lead times, the reliability
diagrams of SACSMA, MACHBYV, and WATFLOOD indicated that they all achieve
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relatively reliable forecasts as the conditional observed frequescgomparable with the
forecast probability. However, after day 5, the reliability of WATFLOOD deteriorated
while MACHBV and SACSMA, in order of increasing performance, remain within
reasonable calibration accuracy. The reliability of VIC, althoughivelgtmoderate at day

one, was weak because it continuously underestimated the forecast.

In order to evaluate the discrimination skill of the ensembles, two threbhe&t metrics

were used to evaluate the -hattes and falsalarm rates at different high forecast
thresholds: Relative Operating Characteristic (ROC) curve and the ROC Score measured
by the area under the ROC Curves. ROC curves of the models were drawn and compared
for ensemble reservoir inflows exceeding between 75 and 95 percentilea,5a\pircent
increment. For day three forecast, SACSMA and MACHBUYdels attained highest true
alarm, and lowest false alarm rates for all probability thresholds with the former slightly
outperformed the later. As the lead time increases, forecastingdsisertreme flows
exceeding 95 percentile inflows was a challenge for most models. However, the lumped
models and moderately the benchmark were sufficiently able to generate ensemble inflows
that havevery goodskills to forecast inflows exceeding the 8Brgntiles. Overall,
considering all the forecast lead times and probability thresholds, SACSMA provided better
discrimination skill than the others, followed by MACHBV, WATFLOOD, and VIC in

order of decreasing performance.

In general, ensemble inflow farass generated by the lumped models offered substantially
better performances as compared to the benchmark distributed model or thescadero

land surface models. The distributed benchmark model unequivocally provided reliability
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as good as the lumpedbads up to three days ahead even though it deteriorates rapidly at
later lead times. It is anticipated that the forecast performance of the VIC model could be
improved by increasing the grid resolution of the model, which was set up-éedri@
horizonal resolution. Overall the SACSMA appeared to generate the most reliable and
skillful ensemble reservoir forecast inflows for up to a week ahead lead times and should

be considered as an alternative operational model in the study area.

The performance ofiffierent hydrological models depends on many factors such as the
scale, the complexity of the basin, the spatial and temporal resolution of the input data, the
structure of the models, the degree of discretization of the models, and the number of
parametes o be calibrated, etc. For the models that were appti¢kis research, these
factors are interconnected and thus affect their calibration performance jointly. The
intended purpose of the hydrological models in this study is to simulate and forecast sh
and mediurrange reservoir inflows.Regardless of the structure and degree of
discretization of the models, the objective is to obtain a time series (hydrograph) implicitly
at one location, which is considered as the watershed outlet, and no iloeatmns or

sites are needed. The way the inputs were supplied to the models depends on the type of
the model (e.g.lumped, distributed) and the discretization level (esgatially lumped
catchment, grids, GRUs, HRUSs). Hence it can be said that tiheat@n performance of

the hydrological models was influenced jointly by the above factors.

Moreover, there are many referencé®m the literature where lumped models
outperformed various distributed or lasdrface based models. The Distributed Model

Inter-comparison Project (DMIP) has implemented several hydrological models at eight
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basins of the RiveForecasting Centers in the USA, and the results showed that lumped
models (particularly SACSMA) provided better performance than distributed (such as
WATFLOOD, SWAT) and lanéurface based models (such as VIC, NOAH) (Reed et al.,
2004). Results from the Model Parameter Estimation Experiment (MOPEX) also
demonstrated a significantly improved performance of SACSMA comparing te land
surface based models inding VIC and SWAP (Duan et al., 2006; Nasonova and Gusev,
2007). Maurer et al., 2010, performed a comparative study between SACSMA and VIC
models, and the results revealed that the former lumped model had an evident better

calibration performance over theger landsurface model.

The research is conducted to identify best performing hydrological models for improved
hydrological forecasting in a specific large complex watershed of the prairie region of
Canada. The Upper Assiniboine Basin is characterizediaBr ai r i e 0 wat er she
known for its complex hydrology due to the presence of potholes. Hence, the study area is
considered as one example of a complex watershed. The hydrological models have a
diversified structure (lumped, distributed, and moesrale landsurface based) and
implemented to evaluate and select the model thatkadsespotentialfor simulating and
predicting reservoir inflowkr suchacomplex basin. If another kind of complex watershed
with the same scale is used, it is bedieéthat a similar conclusion would be drawn. The
previous studies that provided similar conclusions were conducted in various watershed
landscapes. The MOPEX project was tested in twelve watersheds that have various land
cover types such as croplands, et*orests, and natural vegetation in different altitudes

(Duan et al., 2006; Nasonova and Gusev, 2007). In the DMIP study, the dominant land

117



Ph.D. Thesisi Frezer Seid Awol McMaster Universityi Civil Engineering Department

cover properties of the eight basins were mainly agricultures and forests with varying
topographies and soil typéReed et al., 2004; Smith et al., 2004). The comparative study
of Maurer et al.(2010, was performed in sno@ominated catchments. Overall, the same
candidate model(s) would highly likely be identified to better simulate and forecast
mediumrange resewir inflows in other types of complex watersheds with a similar scale

and characteristics.

In general, for hydrological forecasting focusing on basin outflows and not interior sites,

the study indicated that lumped models, particularly SACSMA with SNO\MDvided

better performance thahedistributed or lanéurface models in complex watersheds. Not

only the calibration but also the validation and forecast verification analysis have given the
superiorityin simple models. The verification of hydrologidakecasts generated from
biascorrected ensemble weather forecast 1inpu

performances for the intended purpose
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Appendix A: Brief description of the calibration of models
A.l. SNOW17

The Snow Accumulation and Ablation Model (SNOW17) debwas devieped by
(Anderson, 2006) as part of the NWS river forecasting system. It is a conceptual model that
usesa temperature index to determine energy exchange atimessnowair interface

(Anderson, 2006)

Inputs to the model are:

i.  The nean arealsserved prapitation time series obtained by Theisen Polygon

method

ii.  The nmean area observed temperature time series obtained by Theisen Polygon
method

iii.  The average elevation of the catchment

iv.  The latitude of the centroid of the catchment

v. The parameters that were cadited ardisted in Table A 1.
The MATLAB version of the source code was used to set up and calibrate the model in the

study area.

Outputs from SNOWL17 are outflow and Snow Water Equivalent. The outflows are the
summation of sowmelt and rain. The couplingechanism of SNOW17 with SACSMA
and MACHBV models is performed by forcing outflows from SNOW17 into the

hydrological models.
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Table A 1: SNOW17 model parameters

No Parameters Description Unit Ranges
1 SCF Snowfall correctia factor C 0.4¢1.6
5 MEMAX Maximum melt factor during nomain periods mm/6 h°C 0.52.0

considered to occur on June 21

Minimum melt factor during nomain periods

3 MFMIN considered to occur oBecember 21 mm/6 h/°C - 0.050.5
4 UADJ The average wind fumion during rairon-snow mm/mb/°C 0.03:0.2
periods
5 NMF Maximum negative melt factor mm/6 h/°C 0.050.50
6 MBASE Base temperature fpr nomin melt factor °C 0c2.0
above which melt typicallgccurs
Lower Limit Temperature dividing tranistic
7 PXTEMPL from snow, if tem_p is less than or equa_l °C LHdn
pxtempl, all precip is snow. Otherwise it
mixed linearly
Upper Limit Temperature dividing tranistic
7 PXTEMP?2 from snow, if temp Is gr_eater than_ or qual i °C 1103.0
pxtemp2, all precip is rain. Othersd it is mixed
linearly
8  PLWHC percent liquid water holding capacity of th ¢ 0.020.3
snow pack
9 DAYGM Daily melt at snowsoil interface mm/day 0c0.3
10 TIPM Antecedent snow temperature index C 0.1¢0.2
A.2. SACSMA

The Sacramento Soil dMsture Accounting (SAGMA) model has been used as a lumped
conceptual model at the National Weather Service (NWS) for operational river forecasting
purposes. It has alsbeen included within the National Weather Service Hydrology
Laborat or y 6dribuRé Hydralagic Modé& (HIRDHM) by adding several
processes (Koren et al., 2004). Details description of the lumped SACSMA model can be

found in (NWS, 2002).
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In this research, SACSMA was implemented as a lumped continuous model in Upper
Assiniboine Bain. The MATLAB version of the source code was used to set up and

calibrate the model

For calibrating the model, the following inputs are used:

i.  Outflow (rain plus snowmy from SNOW17
ii.  The catchment area of the basin

iii.  Observed catchment outflow estimatgdcalculated reservoir inflow
The lists the parameters of the model that were calibrated by DDS optimization are
presented iTable A 2.

Table A 2. SACSMA model parameters

No Parametes Description Unit  Ranges
UZTWM Upper zone tension water maximum storage [mm] 1¢150
UZFWM Upper zone free water maximum storage [mm] 1¢150
LZTWM Lower zone tension watanaximum storage [mm] 1¢500

4 LZFPM Lower zone free water primary maximumsige [mm] 1¢1000

5  LZESM Lower zone free water supplemental maximt (mm]  1¢1000

storage

6 ADIMP Additional impervious area [] 0.0c0.4

7 UZK Upper zone free wateateral depletion rate E]day 0.1¢0.5

8 LZPK Lower zone primary free water depletion eat E?ay 88221

. [day

9 LZSK Lower zone supplemental free water depletion ra 1 0.01¢0.25

10 ZPERC Maximum percolation rate [-] 1¢250

11 REXP Exponent of the percolation equatioH [ [-] 1¢5.0

12 PCTIM Impervious fraction of the watershed area [-] 0.0c0.1

13 PFREE fraction percolating from upper to lower zone fre [ 0.0c0.6

water Storage
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14 athorn I O2yaidlyld ¥ gatork2 Ny G KI[] 0.1-0.3
15 Rq Routing Coefficient [-] 0.0c1
A.3. MACHBV

McMaster UniversityHydrologiska Byrae Vattenbalansavdelning (MABBV) is a
modified version of the lumped conceptual HBV model edited by (Samuel et al., 2011) at
McMaster University. Detail description of the model can be found in (Bergstrom Sten,
1978). MACHBV has been implemented in seVeCanadian watersheds for flood
forecasting purposes (Han et al., 2019; Han and Coulibaly, 2019; Leach et al., 2018; Razavi

ard Coulibaly, 2017, 2016)

The model was calibrated in Upper Assiniboine River Basin in this study. The MATLAB
version of the sawe code was used to set up and calibrate the model. The following inputs
were used for calibration:

I.  Outflow (rain plussnowmelt) from SNOW17
ii.  The catchment area of the basin

iii.  Observed catchment outflow estimated by calculated reservoir inflow
The lists theparameters of the model that were calibrated by DDS optimization are
presented iTable A 3.

Table A 3: MACHBV model parameters

No Parameters Description Unit Ranges
1 athorn Aconsty i’ F2NJ ¢K2NY GKgl A [] 0.1-0.3
fc Maximum soil box water content [mm] 50-800
*fe-
3 Ip Limit for potential evaporation [mm/mm] 8;*2
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A nonlinear parameter controlling runoff

4 beta generation H 1c10

5 KO Flow recession coefficien ian upper soil [days 1¢30
reservoir

6 lsuz Athl_'eshold value used_to contro_l response (mm] 1-100
routing on an upper soil reservoir

7 Kl Flow recession coefficient in an upper soil days] 25100
reservoir

8 cperc A constant percolation rate parameter [mm/day] 0.01-6

9 K2 Flow rec_:essmnoeffluent in a lower soll [days] 20-1000
reservoir

10 maxbas A triangle welghtlng function for modelling days] 1¢20
channel routing routine

11 rer Rainfall correction factor [] 0515
An exponent in relkion between outflow and

12 al storage representing nelinearity of storage, [-] 0.520
discharge relationship of lower reservoir

A4. VIC

The Variable Infiltration Capacity (VIC) model is a Macroscopic L-andace distributed
hydrological model. Detail geription of the model ecabe found in (Liang et al., 1994).
Since VIC computes its energy and water balance equations in a vertical column at each
grid cells, an external river routing module is required to route runoff and baseflows to the
edge of eachrgl cell throughout theiver network to the catchment outflow (Lohmann et

al., 1996). For this purpose, the python version of RVIC routing module (Hamman et al.,

2017) is used in this research. Version 4.2.d of VIC was setup and coupled with RVIC

Meteordogical forcings to the nodel are:
i.  Average daily gridded interpolated precipitation data from the ground network,

ii.  Daily gridded minimum, and maximum temperature data from ANUSPLIN,
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iii.  Average daily wind speed from the Global Environmental Multiscale (GEM)

model.

Physicalinputs are:
i.  Digital elevation model for SNOW elevation bands and flow direction
computation
ii.  Land cover data from Moderate Resolution Imaging Spectroradiometer (MODIS)
Land Cover Type (MCD12Q1) Version 6 data product
iii. Soil data f romzed WoAdGd Batalbhser(HWVSD) V 1.2

The grid resolution of VIC model setup was about 1/8 degree. At each grid, three elevation

bands and three soil layers were used in the study area.
Some of the main processes are described below:

Snow:Rainsnow patitioning, snowaccumulation, and melting are simulated at-gtid

level using temperature index method lapsed through the Elevation (SNOW) bands.

Evaporation:is simulated at each elevation band and land cover type using Renman

Monteith Approach.

For this study, thedynamic wetland module was activated to calibrate the wetland
parameters becayses a Prairie watershed, the area has abundant wetland and potholes, as
shown inFigure A- 1. The default parameter$ the VIC/RVIC model Table A 4) were

further refined to improve the calibration output and to better represent the physical
characteristics of such a large complex basin. Wetland parameters were refined based on
the vegetabn type in the catchment. Each of the three major land cover classes (Fgure A
1) in the area has been assigned with its own five wetland parameters. Similarly, the six
soil parameters were swategorized into six soil groups based on the dantirand
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associated solil types of the baskidure A- 1). After parameter refining, the total number

of parameters to be calibrated was increased from the t&8aa 53including the routing

parameters.
FTelnl | - Legend
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Figure A- 1: Soil and Land cover tiles discretization for VIC model

126



Ph.D. Thesisi Frezer Seid Awol McMaster Universityi Civil Engineering Department

Table A 4: VIC/RVIC model parameters

No Notation Range Unit  Definition
Soil
parameters
1 b 10°-0.4 - Variable infiltration cave parameter
2 Ds 103-1 - Fraction of Dsmax where ndimear baseflow begin:
3 Dm 0.1-30 :jnar;/ Maximum velocity of baseflow
4 Ws 051 i I_:raction of maximum soil moisture where ner
linear baseflow occurs
5 s2 0.3-1.5 m Thicknes®f middle sdimoisture layer
6 s3 0.3-1.5 m Thicknes®f bottom soil moisture layer
Wetland
parameters
7 bmin_depth 0.01-0.3 m Lake depth below whicbhannel outflow is O.
0.001 - Width of lake outlet, as a fraction of the lak
8 wfrac - .
0.05 perimeter

9 depth_in 0.01-03 m Initial lake depth

Fractionof grid cell runoff that enters lake (instee
of going directly to channel network)

11 lake _depth 0.1-1.5 m Maximumallowable depth ofake

10 rpercent 0.1-1 -

Routing
parameters
12 VI 0.5-3 m/s  Flow/Wave velocity
200 -, e
13 Df 4000 m4/s  Flow diffusion
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Chapter 4. Identification of combined hydrological models and numerical
weather predictions for enhanced flood forecasting ina semiurban

watershed

Summary of Paper3: Awol, F.S., Coulibaly, P., and Tsanis, |. (2019). Identification of
combined hydrological models and numericaather predictions for enhanced flood

forecasting irmsemiurban watershedournal of HydrometeorologynderReview.

In this researchiwelve hydrological models (lumped and distributed) were firstipetnd
calibrated using historical data. Then madefith an improved calibration performance
were selected for forecast verificatiom the verification,four medium and high
resolution NWP inputsvere used to force selected hydrological modelsn attempt to
identify the best combination of modelsdanputs to improve flood forecasting in a semi

urban catchment.
Key findings of this research include:

1 The lumped model (MACHBYV) combined with a higisolution forecast input
(HRDPS) providesmprovedaccuracy, economic valuand overall skill of short
range flood forecastd hr-18kr) than any other moddhput integration.

71 Distributed models were only cqratentat forecasting floodé the later hours of
the day between 1Br-18hr lead times.

1 There is teady persistence fiood forecasting as the te@@nking models in the

very recent history wilhighly likely continue to perform well in the near future.
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4.1. Abstract

This research aims at identifying a suitable combination of hydrological models and skillful
weather predictions for enhanced skerin flood forecasting i semiurban watershed
using several performance evaluation metrics. Twieykological models were sap and
calibrated out of which five models comprised of lumped (SACSMA, MACHBYV & PDM,
all coupled with SNOWL17) and distributed (WADIGOD & SWMM) models were
selected for forecast verification. Deterministic precipitation fatscarom High
Resolution Deterministic Precipitation System (HRDPS), HRgisolution Rapid Refresh
(HRRR), North American Mesoscale Forecast System (NAM), apidRRefresh (RAP)
were collected. Hydrological forecasts from a combination of five modelantbrecast
inputs were verified for 1hr to 18hr lead times in-@énth hindcast period. Reereening
analysis indicated that whatever the hydrological moH&BRR and HRDPS produced
better hydrological forecast accuracy than NAM and RAP. A comprefeeusrification
revealed that MACHBY followed by SACSMA models showed better overall forecast skill
and accuracy. Distributed models were only competent betie®8h lead times. Overall,
MACHBYV with HRDPS has emerged as the best magalit combinationlt captured the
peak flow magnitude and timing, detected the flood threshold, and appeared economically
viable at all forecast lead times better than any otleledinput combination. Results also
showed that giving adaptive weights to hydrological mobated on recent performances
provided enhanced combined forecasts while persistently keeping theerfeliming

models
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4.2. Introduction

Floods are one of the d#laest natural disasters in many regions of the world. In urban and
semturban areas with highopulation density, flooding has caused the loss of many lives,
damages to infrastructures, evacuations and temporary homelessness, and large insurance
and disater relief spending. In Canada, 2013 was recorded as a catastrophic year as floods
affected hdla million households and caused about $7 billion in damages in the City of
Calgary and the Greater Toronto Area (ECCC, 2017; Sandink, 2016). Recently, the 2019
spring flooding has affected thousands of homes in parts of Quebec, Qantariblew
Brunswick including Montreal and the capital city Ottawa (FloodList, 2019; Montreal

Gazette, 2019; Statistics Canada, 2019).

A principal way of reducing flood damagesaiffiected areas is by forecasting river flooding
well ahead of time as part of an early warnsygtem. River flow forecasting can be
achieved by using historical stochastic analysis (Chen et al., 2019; Chow et al., 1983;
Georgakakos, 1986; Lardet and Qhl&994; Lindenschmidt et al., 2019), artificial neural
networks (Campolo et al., 2003; Changk, 2014; Coulibaly et al., 2001b, 2001a, 2000;
Jeong and Kim, 2005; Thirumalaiah and Deo, 1998) or hydrological and hydraulic models
(Beven et al., 1984; Cheet al., 2009; Du et al., 2012; Gouweleeuw et al., 2005; Jasper et
al., 2002; Muhammad et akPQ18; Vieux et al., 2004; Yucel et al., 2015). However, the
latter have become a popular choice for many provincial flood forecasting centers, and
national foreasting institutions (Achleitner et al., 2012; De Roo et al., 2003; Emerton et
al., 2016; Hopso and Webster, 2010; Pappenberger et al., 2008; Thielen et al., 2009;
Unduche et al., 2018).
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Various model evaluation techniques should test the ability of logloal models to
reproduce and forecast peak flow events before application in operatiandidiecasting.
Researches have been conducted to enhance the prediction skill of hydrological models.
Data assimilation, pogirocessing, and uncertainty quéiodtion methods were some of

the areas of the studies for improving the forecast skill inrurbad semurban
environments (Han et al., 2019; Han and Coulibaly, 2019; Leach et al., 2018). A diverse
multi-model approach was also recommended to enhan@angtow forecasts
(Hrachowitz and Clark, 2017). Leach et dR018, analyzed the added benebf
assimilating near redime data (streamflow, soil moisture, and snow water equivalent) into
GR4J, HYMOD, MACHBYV, and SACSMA models using Ensemble KalmaheFiand
suggested that the combined assimilation provides better model prediction in an urban
watershed. Han et al(2019, investigated the application of PrecipitatiDependent
Hydrologic Uncertainty Processor (HUP) using HYMOD and GR4H models im& se
urban watershed to assess hydrological uncertainty and enhance the overall quality of the
deterministic forecast. Han and Coulibal2019, also examine the use of Bayesian
ensemble uncertainty processer (BEUP) to generate probabilistic flood forroasts
MACHBYV model forced by ensemble weather forecast inputs in the same watershed. The
authos conclude that BEUP peptocessor can capture the main predictive uncertainties
and enhance flood forecasting skilbharma et al(2019, recently investigie the benefit

of using diverse hydrological models to improve medium and-teng streamflow
forecasts u s-RDiHEI, adPWRF&ydro rholdels and innovative pest

processing methods.
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Hrachowitz and Clark (2017, suggested the implementation of diversydrological
models at the required level of details by taking advantage of-swalke datanputs for

the intended purpose, flood forecasting, for instance. Comparison and performance
evaluation of hydrological models with various calibration and a#ibeh approaches is

vital for application in urban and semiban flood forecasting. Awol et.al2018, for
example, compares traditional and advanced calibration approaches to select appropriate
SWMM model parameters in a semban watershed. They higglited the importance of

using a weighted average mutibjective optimization approach usingetBynamically
Dimensioned Search (DDS) algorithm (Tolson and Shoemaker, 2007) to improve flood
prediction in multiple gauging sites. El Hassan et(aD,1l3, canpared the performances

of HECHMS and GSSHA models in selected historical flood events tosasseso d e | s 0
prediction ability for a semirbanized watershed. Multhodel techniques have also been
used to assess their added value in the operational fload$tirey context. Thiboult et al.,

2017, for instance, compared several Early Warning SysteM&S)Eby investigating
different sources of uncertainties from the integration of multiple hydrological models and
data assimilation techniques. They used the HOORHydrOlOgical Prediction
Laboratory) framework(Thiboult et al., 202), which comprises ofwenty lumped
conceptual hydrological models with many data assimilation scenarios. Similar tools were
also used by Thiboult et al(2016 for assessing sourced uncertainty in ensemble

streamflow forecasting.

The use of meteorological forecasts from euical weather prediction models (NWP),

either deterministic or ensemble, as a driving force to hydrological models is beneficial in
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providing shorterm forecats and transferring the inherited uncertainty of initial
conditions (Cloke and PappenbergerQ20 Due to fast responses to extreme events,
shorter time of concentration, and flashiness of floods in urban aneusieam watersheds,
shortterm weather foreast data is required for forcing hydrological models. The
performance of the subsequent sHertn hydrological forecast can then be evaluated for
reliability, skill, and overall forecast quality. The quality of hydrological forecasts depends
on the avadbility and skill of hourly and suhourly weather forecasts, particularly for
urban and semirban catchments. Bennett et g2014) indicated that hydrological
forecasts with hourly time steps have better accuracy than daily forecasts; and provides
moreinformation a the flood hydrographs. As important as the temporal resolution, the
higher spatial resolution of weather forecastsriscial for improved shoiterm flood
forecasting. Abaza et al(2013, for example, compared available regional and ajlob
ensembles, and deterministic meteorological forecasts in Canadian catchments for short
term hydrological forecasting. They set uy[BROTEL (Fortin et al., 2001) hydrological
model in catchments ranging between 355 and 5820akeas. The authors foundat

higher resolution regional meteorological forecasts provided better hydrological forecast
qguality and reliability than their globacounterparts. They also highlighted that
deterministic forecasts were as good as the ensemble ones updorddrecaslead time

and the effect of ensemble members is only recognized at later lead times.

Focusing on flasilood prediction, Horat et gl (2018, assessed forecasting chains
consisting of Europeabased deterministic and ensemble NWPs, rhdaed realime

rainfall input, and an advanced and traditional operational setup of PREVAH hydrological
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model. Their advanced hydrological modelugetvas based on Dominant Runoff Process
(DRP) anda priori parameter estimation with no calibration requirement. Theyrtegho

that the new forecasting chain could produce competitive and better results than the
traditional approach without the need for extensive calibration process, desirable in
ungauged catchments. Their results also showed that deterministic forecdste better

skills for short leaetimes up to 24ours as compared to ensemble forecasts.

Based on Abaza et al2013, and Horat eal., (2018, regional deterministic weather
forecasts are deemed to be superior to ensembles for verytesinortiood brecasting
particularly in small urban and semiban catchments that have only a few hours of
response times. Hence, it is crucialuse not only high spatial resolution but also high
temporal resolution NWPs with sditourly, hourly, or suldaily timesteps for

hydrological forecasting in a flashy urban and serban catchment.

Most of the above studies applied multiple hydrologimaidels or multiple NWPs for
seasonal (monthly), mediuterm (up to 15 daysand daily shorterm (1 day up to a week
ahead) hydrological forecasts. Alternatively, in some caaesngle hydrological model
was used with subdaily or hourly forecast leatimes. Nonetheless, few studies have
focused on integrated multiple hydrological models and multiple NWPs inwgbam ad
urban watersheds for shderm flood forecasting purpaseAs such, a comprehensive
investigation of the combined multhodels andmulti-inputs for shorterm flood

forecasting is one of the research gaps that is addressed in this study.
The primary ofective of the study is to identify a proper combination of hydrological

models and skillful weather forecast inputs for enhanced-sfron flood forecasting in a
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semiurban watershed. The research will evaluate candidate hydrological models and
weather brecast inputs using different existing forecast verification metrics based on the
overall forecast skill, quality, peak flow magnigydpeak flow timing, reliability, and
economic value. Besides, this study will assess the added benefit of using pi@cipita
forecasts from four regional NWPs for forcing hydrological models. The research
contributes to the verification of NWPs for shtetm flood forecasting and the
identification of potential hydrological models for semmban catchments, and thus
provides findings to operational flood forecasters, and to researchers for further

investigation to improve forecasting tool and products

The paper is structured as follows. Section 4.3 will provide information on the study area,
the different kinds of data udeand Section 4.gresents the methodology and details of
evaluation tools applied. In Section 4% results will b@presented and discussed. Finally,

conclusions are provided in Section.4.6
4.3. Study Area and Data
4.3.1. Study Area

The study area, called HumbRiver Watershed, is found in Ontario, Canada, and has a
catchment area of about 911 kni2gure4-1). The catchment is characterized as a semi
urban as it is covered by 13% urbanizing, 33% urban, and 54% rurdT&€a, 2013).

The study area is selected for this resedrecause related studies have been conducted
recently to improve the flood prediction skill (Awol et al., 2018; Han et al., 2019; Han and

Coulibaly, 2019) and supplementary data were readily availab
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Figure 4-1: Study Area of the Humber River Watershed

4.3.2. Data
4.3.2.1. Observed meteorological and river discharge data

Historical precipitation and temperature data for the meteorological gauges, anaviver fl
data for the outlet flow station (shown kigure 4-1) werereceived from Environment
Canada and Toronto Regions Conservation Authority (TRCA). Hourly data were prepared
to calibrate and validate various hydrdtm models, which will be discussed in detail in

Section 4.4.2.
4.3.2.2. \Weather forecast data

For this study,&gional deterministic weather forecasts inputs were chosen because studies
indicated that deterministic forecasts provide better hydrological predsiiibap to 24

forecast lead time than global and ensemble forecasts (Abaza et al., 2013; Harat et al
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2018). Hence data were collected from two providers: Environment Canada and the
NOAA. Environment Canada provided the HiBlesolution Deterministic fécipitation
System (HRDPS). Whereas NOAA supplied North American Mesoscale Forecast System
(NAM), Rapid Refresh (RAP)and HighResolution Rapid Refresh (HRRR) modgi

terms of spatial resolution, HRDPS and HRRR (2.5 and 3 km respectively) are fmer tha
NAM and RAP (12 and 13 kmmespectively). The four deterministic productalfle4-1)

have hourly time steps but have different forecast horiZmaehives of these forecasts data

were collectedbetween June 12018 to November 30th, 2018

Furthermore, HRRR and RAP issues forecast every hour within a day, but NAM and
HRDPS are only available four times a day. For this research, the precipitation forecast
variable was only used mhindcast expriment because rearclesindicatal that it is the

mostsignificant factor for flood forecasting (Cuo et al., 2011; Zso6tér et al., 2016)
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Table4-1: Weather forecast products and details (Note: ForecasttRIRR and RAP are
available at any hour of a day. For this study four valid times are selected to compare
them to the other two products)

Valid time  Forecast leadimes

00Z MKESHKZ0oKS X3ImyK
HRRR 06Z MKEZHKZ0oKZXZ XXZwmyK
3km 127 MKZHKZ0oKI X3ImyK
187 MKEHKZS0oKS X3ImyK
00Z MKZHKZ0oKX XX XX
RAP 06Z MKZIHKZoKXI X3I X=X
13km 127 MKZIHKZoKXI X3I X=X
187 MKZHKZ0oKX XX XX
00Z MKZHKZ0oKX XX XX
HRDPS 06Z MKZHKZ0oKX XX XX
2.5km 127 MKEHKZI0oKSE XI X=
187 MKZHKZIZo0KEE nXysK X X
00Z 1h,2h,3lE XZoc KXo pK
NAM 06Z MKZHKZ0KZXZ XXZocK
12km 127 MKZHKZ0oKXI XZocK
187 MKZHKXZ0KZXZ XXZocK

4.4. Methodology

Figure 4-2 summarizes the methodology employed in this researaist, Fnultiple
hydrological models that are presumed to be appropriate for-teortriver flow
forecasting are collected and-sgt inthe semiurban catchment. The hydrological models
were calibrated and validated using observed hourly data. Then timedukss that showed
better performances in terms of overall accuracy and peak flow simulation were selected
for the next step. Since @hnext stage involves verifying the models in forecast mode

weather forecast data are collected to feed into the sztemiitiple hydrologicalmodels.
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The available regional deterministic weather forecast data wereepfied using some
forecast verification metrics in order to filter out those which produce poor hydrological
forecast skills. This prgerification stages to ensure that the best detamistic products

that are appropriate for semiban watersheds are selected before applying a full forecast
verification. Comprehensive forecast verification is then performed by running the
screenechydrological models 8ing selected muftie inputs as a driving force in the
hindcast period. This stage is to find the best hydrological models and input comkination
that are adequate for semmban flood forecasting. It involves identifying competent
hydrological models basl onthe overall forecast skill, quality, peak flow magnitude, peak
flow timing, bias, reliability, and economic value aspects. Finally, the best combination of
hydrological models and forecast products are selected. As a supplement, simple forecast
averaing methods were applied in order to find a better forecast combination method

which will be discussed iBection 4.4.5.
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Figure 4-2: Methodology adopted for evaluating and selecting hydrological modéls an
high-temporal weather forecast inputs.

4.4.1. Hydrological models

An attempt was made to consider potential hydrological models theglavant for flood
forecasting purposeand are locally adapted and applied for research and practical
purposes. The listf models used in this study is providedRigure 4-2 and will be

discussed here.
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SWMM (Storm Water Management Model) is a popular séistributed model developed
by Environmental Protection Agency (EPA) for unband semurban watersheds (Huber
and Dickinson, 1988; Rossman and Hupb2015). Previous related work has been done in
the Humber River watershed usittge SWMM model to investigate the best calibration
approaches and select representative parametemstfanced peak flow simulations (Awol

et al., 2018). Hence, the previomodel setip is used in this study

WATFLOOD (Kouwen, 1988) is a Canadiandrologicalandroutingmodeldeveloped at

the University of Waterloo and is specifically intended forddarecasting, and watershed
simulation which combines a conceptual Group Response Unit (GRU) distributed
hydrology and a physicalipased routing component (Kouwen et al., 1993). The model
has been applied for flood forecasting purposes in operationakresmeérch centers
(Muhammad €al., 2018; Unduche et al., 2018), andigetvas available for Humber River
Watershed and the other Toronto Regions Conservation Authority (TRCA) catchments
(Kouwen, 2018). For the rest of this paper, SWMM and WATFLOOD aegosdazed as

distributed mods even though the former is a sesistributed model.

A conceptual lumped hydrological model called MACHBV (McMaster University
Hydrologiska Byrans Vattenbalansavdelning) (Samuel et al., 2011) was initially developed
by modifying the HBV model (BergstrorBten, 1978). The model has been applied in a
similar watershed for flood forecasting studies (Han et al., 2019; Han and Coulibaly, 2019)
and elsewhere tested in Canada (Razavi and Coulibaly, 2017, 2016). In this research,

MACHBY is coupled with SNOW17 (Aretson, 2006) module.
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The Sacramento Soil Moisture Accounting (SACSMA) model developed and used by
NOAAOGs National Weat her Service (NWS) i n
spatially lumped hydrological model that hasen applied in several resea projects
(Burnash et al., 1973; Demargne et al., 2014; Seiller et al., 2015; Shamir et al., 2006;
Velazquez et al., 2010; Vrugt et al., 2006). The model was also implemented in nearby
urban and semirban watersheds to enfw flood forecasting (Dumekiaand Coulibaly,

2013; Leach et al., 2018). In this research, SACSMA is coupled with SNOW17 module.

The rest of the hydrological models were imported from the HOOPLA (HydrOlOgical
Prediction LAboratory) framework (Thiboult et,a2019). The framework comiges of
multiple lumped conceptual hydrological models, data assimilation modules and
meteorological forecasting systems that allow users the option of combining different
module and forecast setups for streamflow predictiodias (Thiboult et al., 2012016).

Out of the 20 lumped hydrological models that the authors applied in Canadian catchments,
eight were selected for this study based on their overall performances from the mentioned
previous studies. The models used leeGR4J (Perrin et al., 2B) NAM (Nielsen and
Hansen, 1973), IHACRES (Jakeman et al., 1990), PDM (Moore and Clarke, 1981),
MARTINE (Mazenc et al., 1984), GARDENIA (Thiéry, 1982), TANK (SUGAWARA,
1979) and WAGENINGEN (Warmerdam and Kole, 199Mhdifications were made to
these mods in order to fit into the calibration strategy employed in this research (see
Section 4.4.2in addition to coupling all the models with SNOW17. Also, the hourly GR4H

model (Bennett et al., 2014) is used instead of GR4dripmal daily version, becase all
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other models are calibrated and simulated with hourly meteorological observed and forecast

data.
4.4.2. Calibration and Validation

Apart from SWMM and WATFLOOD, all the other hydrological models described above

were calibratedn the study. As mentioned tBection 4.4.2the former two models were

already calibrated in previous studies. However, the calibration of WATFLOOD was based

on an unsatisfactory land cover map (Kouwen, 2019, Personal Communication). The
available land ceer map Figure 4-1) was considered as a zoning mapd given how

crucial impervious area is in urban and semian runoff modeling, the mapping of the

i mpervious areas as GRUOGs iatnSWManodelgvasi d ¢ o |
calibrated based on a heavily discretized 714-caibhments within HumbeRiver

Watershed. An advanced mtsite calibration approach was required to simulate flood

events at multiple interior and outlet gauging stations (Awol e2@1.8).

The Dynamically Dimensioned Search (DDS) algorithm (Tolson and Shoemaker, 2007)
was ugd to calibrate all the models. Hourly historical precipitation and temperature data
were used to run the models and calibrate with hourly observed river flow ldatece,
calibration and validation were performedan hourly time step from Jan 2014 to ®©e

2017 and from Jan 2010 to Dec 2013, respectively. The reason why we used recent years
for calibration is that we want to train the models for relatively higbesecutive flood

years (comparing tthevalidation period). A weighted average of three otwe functions
(Egn.4-1) was used to optimize the parameters of each model using acibjgttive DDS

optimization. That is, calibration was performed to mazerhe average of the objective
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functions.These are the Peak Flow Criteria (PFC) (Coulilelsl., 2001a), NasButcliffe

Efficiency (NSE) (Nash and Sutcliffe, 197@nd Kling Gupta efficiency (KGE) (Gupta

et al., 2009) which are formulated below

000
Brip
. . (4-1)
svop B0 O
0f O
0 "00 p i p W p w p

Where0d , 0 , 4 andf are simulated flow, observed flow, simulated peak flow, and
observed peak flow, respectively,. ¢hand @are the correlation coefficient between, the
ratio of standard déations of, and the ratio of the meanf and0 respectively £
symbolzes the number of counts where peak flows are appweof the mean observed

peak flow. NSE and KGE values closer toahd PFC value of 0 indicate better model

pefformance and best peak flow simulation accuracy.

4.4.2.1. Remarks on Lumped and Distributed models

1 The lumped hydrological models have one spatially enclosed catchment at the outlet
gauging stationln the distributed modetbe study area was discretized by selvera
subcatchments (SWMM) or grids and Group Response Units (WATFLOOD).

1 Calibration of lumped models usually simple and requires less effort to optimize
a limited number of parameters at the outlet gauging stations. Whereas in distributed

models, calibraon and parameter optimization often requires high computational
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time and ost. The availability and quality of physical and land surface data for
distributed models could influence the performance of the calibration or forecast
output.

1 Due to the aboveifflerences, intecomparisons in mukinodel flood forecasting
could favor he performance of the forecasting skill and reliability to lumped
models. However, distributed models are still needed to forecast flows at any

intermediate gauged and ungaugedtmmns within the watershed.
4.4.3. Hindcast simulation (model update and forecast)

Hydrological forecast verification was performed in the hindcast mode for the models that
are selected durintipe calibration and validation phase. The hindcast period was chosen
between June 1st, 2018 to November 30th, 2018, because frequent sundfadirseason
floods were observed, and archives of the four weather forecast probaicts4-1) were
available. In the hindcast mode, thelextedhydrological models were forced by the
precipitation forecasts while keeping the historical temperature data assuming that
temperature is well forecasted and that errors in precipitation forecasts significantly affect

the streamflow forecasts (Zgdtet al, 2016).

Before running with forecast data, the models are updated four times a day (at 00Z, 06Z,
127, and 18Z) with observerheteorologicadata for at least one month for the lumped
models and ongear for the distributed models before eacledast sirt time. In other
words, at every forecast time (four ti mes
states were continuously updated by running the models up to that time with observed

meteorologicatlata. Then forecast data were sugglio tie models at each forecast time
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and simulated for 18 hours forecast lead timarhourly time step. The tBour forecast
horizon is selected because it is the common forecast length that all the weather forecast
products have, which is suitablerfeompaison purpose in urban and semuirban

catchments where response times are only a few hours.
4.4.4. Hydrological and flood forecasting performance evaluation

The streamflow forecast performances of the screened hydrological models (after
calibration and viédation) forced by the prscreened weather forecast products were
evaluated using various verification metrics. These forecast measures can be categorized
into different forecast attributes based on their practical significance: the overall forecast
skill, forecast accuracy/quality, ability to forecast the peak flow magnitude, ability to
acquire the peak flow timing, threshdbdsed scores to assess reliability and bias, and the
forecast economic value. Existing evaluation metiggliedin this researclare proided

in Table4-2, and more details are presented in Appemiix
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Table4-2: Metrics used focomparing the forecast performance, skill and quality of
hydrological models and inputs

Forecast attributes
Accura Peak Thr_esh_oIdBased (Categorical
Peak Reliability/ .
Overa cy flow : Economi
) , . flow Resolution/ .
. I Skill /Quali magnitu .. ...~ . Bias ¢
Metrics timing = Discriminati
ty de on Value
Taylor Skill Scor Vv
(TSS
MAE/RMSE Vv
Magnitude Error (SD
Vv
Q)
Timing Error (SD) V
PFC Vv
Precipitation of Vv
Detection (POD
False Alarm Rat Vv
(FAR)
Bias Frequenc v
(BiasFreq
Critical Success Inde Vv
(CSl)
Economic ValugV) V

4.4.5. Simple forecast averaging methods

The rationale behind this task is that operational flood forecasters and users might be
interested in combining aaveraging the hydrological forecasts generated by pheilti
models or multiple weather fored¢asWe tried to identify a simple forecast averaging
method for the available multiple shaerm streamflow forecasts provided by multiple
hydrological models.ndeed, there are various advanced statisticatgosessing and
averaging methods in thediature (DelSole, 2007; Duan et al., 2007; Gneiting et al., 2005;
Hopson and Webster, 2010; Sharma et al., 2019). However, we compare two simple

methods from a actical aspect and the objectivity of this reseaftie first one is a simple
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averagingmetth t hat gi ves equal weights to the mo

O0EnsMeandé (mean of the ensembl e).

The second one is an adaptive weighted forecastioatitin method (henéerward called

6Adt Wei ght 06) obtained by diyoughout tbeaHindcast ¢ h a n.
period. Here, the weights are dynamically changed at every forecasbt)jrbaged on the

recent historical performance of each f@st. Aiolfi and Timmermann,(2006), first

propose this method and oftencaltkdo6 per s € st emecasti ng met hod.
mainly used in economic/market forecastif@@enre et al., 2013; Jordan et al., 2017;

Matsypura et al., 2018)

Ranksarggi ven to each model 6s forecast (i) bas
Error (€) in a d/namic Tracking Windowd to (0 Q). The weights{{ are inversely
proportional to the ranks and are found by:

2 AT E
B 2A1E (4-2)
where’Y® ¢ QQY8"Y andY Q. , N is the number of models.

The combined forecast is then estimated by multiplying each weight t6 the
corresponding modébrecast (i) in the forecast horizom o (0  "Q). Here h is taken as

18-hours, which is the length of the forecast lead time.
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4.5. Results and Discussion
4 .5.1. Calibration and Validation

Calibration and validation were performed using DDS optimization for luhgped
hydrological models described tBection 4.4.2The distributed models,V8MM, and
WATFLOOD were previously calibrated in different studies and were directly selected for
the next step. These models are also being used (included) in thegdecational flood
forecasting center at Toronto Regions Conservation Authority. Hemogill discuss here

the results of the eleven lumped hydrological calibration and validation performed in hourly

time step.

Table 4-3 summarizes the statistical performances of the models using NSE, KGE, and
PFC netrics. The results show that MACHBYV, SACSMA, and PDM are the top three
models that significantly outperfor the other seven lumped models. NSE and KGE
metrics depict that MACHBYV and SACSMA, followed by PDM modbkstter reproduced

the hourly observed stamflow data in both calibration and validation periods. Overall, the
three models consistently achievedonoved performance and are hence selected for the

next phase, where verification using forecast data is performed.
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Table4-3: List of models used and their calibration and validation re@u#ing
Observed hourly Precifation & Temperature dataBold font indicates models selected
for the forecast verification step.

Calibration Validation
Models NSE KGE PFC NSE KGE PFC
SACSMA 0.81 0.82 0.11 0.70 0.62 0.18
GR4H 0.48 0.63 0.15 0.43 0.55 0.20
MACHBYV 0.802 0.86 0.12 0.71 0.65 0.17
NAM 0.14 0.32 0.22 0.13 0.3 0.23
PDM 0.75 0.82 0.14 0.67 0.71 0.18

IHACRES 0.65 0.76 0.12 0.54 0.68 0.19
WAGENINGE| 049 0.44 0.17 0.48 0.44 0.17
TANK 0.53 0.74 0.14 0.52 0.59 0.21
GARDENIA | 0.56 0.81 0.14 0.48 0.65 0.19
MARTINE 0.54 0.74 0.15 0.53 0.64 0.20
SWMM (Awol et al., 2018)

WATFLOOD (Kouwen, 2018)

4.5.2. Screening weather forecast inputs

The hydrological forecasdriven by four deterministic weather forecasts prod&sst(on
4.3.2.9 arepre-verified in this section to screen the appropriate inputs that result in better
forecast accuracy in serarban catchments. For the rest of this paper, when comparing the
forecast products, it should be noted that the comparison is based on thednyalrolo

forecasts derived from these weather products.

Figure4-3 presents the Mean Absolute Error (MAE) of the resultant streamflowdsi®

from the weather forecast inputs using five selected hydrological modelsSseton
4.5.1). MAE was computeaverthe émonthverification periodlt can be seen from this
figure that NAM and RAP have significantly poor forecast accuracies thanPISRind
HRRR for dead time beyond 3h, irrespective of the hydrological models used. The primary

reason originates from the difference in horizost@d at i a | resolution. Th.
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of NAM and RAP (12 and 13km)DPRPaS eanad oHIRR R} . (5:
andtm). Even though the physical configurat:.
RAP and HRRR laatet si mid aa ,ne¢ iteed subset of t
Besi des, HRRR uses RAP earse aas bRoAPh@Ulasrdysa Ictomalri e

System (GFS), which has a coarser grid spac

Most importantly HRRR is preferable for forecasting rainfall events than RAP and NAM
because it is a ConvectArRermitting Model (CPM), wich adds value for accurate
prediction of convective clouds (Clark et al., 2016; Pinto et al., 20H8.results also

showed that RAPRachieved better forecast accuracy than NAM, particularly after 3h
forecast lead time. Although no direct comparison betwtbe two precipitation forecast
products was found in |iterature, some St u:«
condition) highighted that the later provided skillful shdagrm forecast (Charles and

Colle, 2009; Yan et al., 2016).

The CanadianHRPS appears to be competitive with
Figure 4-3. Their differences seem insignificant in lumped models, but in distributed
models, HRDPS Ima slightly improved forecast accuracy than HRRRumped
hydrological models (MACHBYV, SACSMA, and PDM) take mean spatiabrage
precipitation forecasts as an input, whereas distributed models import the forecasts at each
grid (WATFLOOQOD) or subcatchment (SWMM). Due tthese differencas discretizatia,

lumped models tend to spatially average noises or uncertaintiesrbtesim precipitation

forecasts better than distributed models. This can be easily seerFigane 4-3 that

HRDPS and HRRR show almost equerg MAEsat all lead times for lumped models but
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slightly varied MAEs for distributed models. However, more verification metrics are
needed to compare the two competitive weather forecast products. A more comprehensive
comparison between HRDPS and HRRH #re fivehydrological models are presented in

the next section.
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Screening weather forecast inputs

0.30 ! MACHBV ‘ ‘ 0.35 ‘ PDM
e—e HRRR e—e HRRR
0.250 —e 0.30}| *—* HRDPS
’ ) e—e NAM
= o—o v RAP
E‘ 0.20+ E‘
= =
o o
T 0.15 g
f%‘ § 0.15
w w
0.10
% %: 0.10}
0.05 0.05|
0.00 .00 ‘ ‘ '
0 0 3 6 9 12 15 18
Lead time (h) Lead time (h)
0.09 SACSMA ‘ ‘ 0.09 SWMM

o

=)

&
-

o

o

x
:

MAE (Runoff:mm/R)
o o
o [=]
@ B

MAE (Runoff: mm/R)

0.01
0 000 3 6 9 12 15 18 0'000 3 6 9 12 15 18
Lead time (h) Lead time (h)

0.20 WATFLOOD

0.15
=
g
=
o
T0.10
3
=l
w
%: : .

0.005 3 6 9 12 15 18

Lead time (h)

Figure 4-3: Screening weather forecast inputs by comparing the resulting hydrological
foreast quality. Four weather forecast inputs (different colors) were fed into the five
hydrological models (five boxes above) and the MAE at different lead times is estimated.
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4.5.3. Comparison of hydrological models in forecast performance

Five hydrological mdelsare evaluated and compared for their forecast performance using
two forecast inputs. The following st#ections provide a comparison from different

forecast evaluation metrics.
4.5.3.1. Overall forecast accuracy and skill

One of the metrics that evaluate theerdl forecast skill of streamflows generated by the
models is Taylor Skill Score (TSS), which summarizes the Taylor Diadgrajure 4-4
presents TSSlang with the associated Taylor Diagram to illustrate the statistic
performances of the hydrographs using HRDPS input. The TSS values indicated that the
forecast skill of all models declines as the lead time advances from 1h to 18h, which is an
expectedphenomenon of deteriorating weather forecast skills with time. rékalt
indicates that MACHBYV followed by SACSMA models appears to be more skillful than
the rest. Notably, the former provides a relatively good statistical pattern and correlation
with the observation at all lead times compared to the other hydrologicaeln
WATFLOOD and SWMM models show similar forecast skill throughout the forecast
horizon and can be competent with the above two lumped models between 15h and 18h
forecast lead time. Th@DM model provides a poor forecast skill as TSS penalizes
hydrograhs that have low statistical similarity with the observed one. These result outlooks
can also be seen from the Taylor Diagrgamhi ch shows the distribu
performances in &tatistical quadrant graph evaluated at each lead time (Each point

corresponds to each hour of the 18h forecast lead times). Here, most of the points of
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MACHBYV and SACSMA are in closer proximitpt he A OBS6é | ine and
the other models, esgally the PDM modelOverall, using HRDPS input, MACHBYV and
SACSMA models (with the former better than the latter) are deemed to be superior for
shortterm streamflow forecasting in semnban watershedsfollowed by the two
distributed models (WATFLOOD and SWMM), which have relatively equivalent forecast

skill.

So far,the HRDPS precipitation forecast was used as an input to the models. As HRRR
and HRDPS could be competent at tim8edtion 4.5.p, the hyrological models were

also forced with both inputs to get a comprehensive outlook of the resulting streamflow
forecass. The rest of this paper discusses the med@lecast performance using the two
inputs unless otherwise stated. The top pldtigtire4-5, shows the RMSE to present the
overall forecast accuracy and qualitytbé streamflows generated by the models when

using HRDPS and HRRR inputs atiekir differences. As can be seen from the RMSEs,

the model 6s performances wusing HRRR input

However, the quality of the forecast hydrographrsalbmodels seems to deteriorate after
5h forecast lead time when using HRRDespitethis, MACHBYV and SACSMA appear to
consistently provide better forecast accuracy than the other models regardless of the

weather forecast inputs used.
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Figure 4-4: Taylor Diagram and Taylor Sk Score showing the statistical comparison of
hydrological models at different forecast lead times using HRDPS input. The three
statistical performance metrics that are displayedaylor Diagram are summarized by
one single score in the Taylor Skilldse as shown in the rightmost plot (A score of one
corresponds to the most skillful models).

4.5.3.2. Peak flow magnitude and timing

Figure4-5 shaws the forecast performances of the peak flow magnitude using Magnitude
Error (SD_Q) and PFC metrics, and the peak flow timing using Timing Error (SD_T). The
SD_Q metric showthe total vetical error, andheSD_T metric shows the total horizontal
error n the rising and falling limbs of forecast hydrographs after separating multiple events
from time series in the hindcast evaluation period. Applying this to the forecast time series
of the models using HRDPS and HRRR inputs skdhat MACHBV has the lowest
magnitude error followed by SACSMA model. WATFLOOD and SWMM show relatively

similar magnitude errors as SACSMA using HRDPS input, which is not the case when

165



Ph.D. Thesisi Frezer Seid Awol McMaster Universityi Civil Engineering Department

using HRRR. Looking at the PR@etric, all models except PDM shaimilar peak flow
performances @oss the lead time with HRDPS input. It appeared that, however,
MACHBYV is rather dominant followed by SACSMA (up to lead time 12h) and
WATFLOOD (after lead time 12h) when forced by HRRRuh Comparing the two peak

flow performance metrics, SD_Q can pide a detailed outlook of the elements of
hydrographs for different forecasting systems and is a useful evaluation tool to diagnose
events of a time ser i eslingpeatonc¢Seibertetalt20k6). hy dr
MACHBYV forecasts provide theast peak flow timing error at all forecast lead times using

both HRDPS and HRRR inputs (as can be seen by SD_T metric). SACSMA, WATFLOOD,

and SWMM show relatively equivalent peak flow tigierrors at all forecast lead times

with HRRR input and the frdd hour s wi t h HRDPS. The ti ming

with HRDPS input was improved at latter lead times and was competitive to MACHBYV.

The difference between HRDPS and HRRR is shown on the right side of each performance
metric in Figure 4-5 (also inFigure 4-7). The differences in RMSE, SD_Q, and SD_T
particularly indicate that HRDPS produces improved forecast quality and peak flow
prediction than HRRR for all hydrological meld consgilered. The improved quality of
HRDPS might come from the capacity of this product to categorize storm dynamics using
its deep convection mechanism and its relatively higher grid resolution (Milbrandt et al.,

2016) which is ideal for flood forecéisg in the small urbanizing catchment.
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Figure 4-5: Comparison of forecast performance of hydrological models using different
metrics that measure peak flow magnitude, timing, overall qualityaeogracy. The

Models were fed by two competing weather forecast inputs (HRDPS: Left and HRRR:
Right). The normalized difference between the two inputs estimated at each forecast lead
time is shown in the rightmost horizontal bar graph.
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4.5.3.3. Flood threshold apgroximation

The categorical forecast verification metrics and Economic vAlppendixB.3. andB.4,
respectively) are formulated based on a given flood threshold. Unlike in weather forecasts
where an occurrence of rain or snow can be defined easily filicagon, streamflow
forecasts requires some information to define flood threshold and sometimes depends on a
value set by the decisiamakers or operational flood forecasters. Since in this study, there

is no information available for the tat, we assesed a approximate flood threshold.
Based on the literature, it is most commonly set by estimating a higher percentile flow
(betweerB0% and 99%) of historical streamflow data (Weber et al., 2006; Wu et al., 2012,
Yilmaz et al., 2010). Other advanced nueth ae also available to define a flood threshold
(Robson et al., 2017; Thielen et al., 2009b; Weeink, 2010; Wu et al.,.201Rjs study,

we first assumed an initial fl ood thresho
observed time series beten 209 to 2018 and estimated the verification metrics. Then we
check the appropriateness of this threshold by estimating the metrics multiple times for a
range of thresholds above and below the initially set threshold value (P) in order to find the

apprximatecutoff threshold that abruptly affects the metrics.

An example is shown iRigure4-6 for POD metrics. From this trial and error method, we
have found that a 9fercentile flow is roughly a suitable flood threshthidt can be used
to estimate the categorical verificatiowtrics and compare the hydrological models. This

value isalso within a reasonable range of the thresholds used in the above literature.
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Figure 4-6: Flood threshold approximation: POD (Probability of Detection) versus
different flowpercentiles for different hydrological models. Different colors indicate

outputs at different forecast leadtimes (1hr to 18hr).

4.5.3.4. Threshold-based scores

Figure 4-7 presents four categorical forecast verification scores for the hydrological

forecasts generated by the hydrological models and weather forecast inputs: these are POD,

169



Ph.D. Thesisi Frezer Seid Awol McMaster Universityi Civil Engineering Department

FAR, BiasFregand CSI. POD, FARand C$scores indicate the reliability, dismination,

and resolution aspects of the forecdsthe4-2). The performance of detecting the 90%
flood threshold is much better experienced in MAGHBan the other hydrotpcal

models irrespective of the weather forecast product used, which can be seen from the POD.
Besides, the model not only precisely detects hits but also records minimum false alarms

because the FAR is significantly lower thantbst of the models fall forecast lead times.

This is also supported by the CSIscaveh i ch 1 ndi cates that after

negatives/rejectionso from consideration,
forecasted and observdhbods is higher for MAHBV. SACSMA is the next well
performing model in terms of FAR at all lead times and POD and CSI scores at later lead
times. WAFLOOD showed competitive performance with SACSM#atarly hours of

the forecast. These trends aretguimilar for both HRDB and HRRR inputswith the

former slightly better than the later. In general, MACHBYV with HRDPS input appeared to
have better reliability, discrimination, and resolution skills in resolving the flood threshold

at all forecast time& PDM model appeared &how poor categorical forecast verification
scores.

In terms of bias, MACHBV and SACSMA appear to show similar, competitive, and
increasing trend as the forecast lead time advances. The biases in the number of forecasts
Afyesoesbeeerved i yteas MACHBYeWAGR.O@DJ and PDM models

have oveiforecasting and SACSMA and SWMM underecasting behaviors at all lead

times. These trends are the same for HRDPS and HRRR inputs. However, the bias from
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HRRR is significantly highethan HRDPS throughouhé¢ forecast lead timgsegardless

of the hydrological models applied.
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Figure 4-7: Same as Figure 6 but with categorical forecast verification metrics or
thresholdbased scores. A 90 percentile of theavleed streamflow is set as a flood
threshold for this research.
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4 .5.3.5. Forecast Economic Value

Using the 96percentile flood threshold (s&ection 4.5.3.8 the economic values (V) were
estimated for the strealofv forecasts generated by the hydrological moéteised with

HRDPS input.

Figure4-8 shows the Economic values with respect to differentlosstratios at different
forecast lead times. The results indicate that most users or dewigl@rs can benefit
better economic valuewhen using MACHBYV at all forecast lead times. SACSMA,
WATLOOD, and SWMM follow in decreasing order of economic viability. A wide range
of costloss ratio (C/La) with higher economic values exists for MACHBYV at al lead times.
This indicateshat 1) severathoices are available for users/decismakers to gain better
economic value, and 2) different groups of forecasting centers with a variety bdsst
ratios can be beneficial by usitige MACHBV model and HRDPS input in serarban
waterdieds. PDM isdund to be a less economically viable model as the V values were low

for narrow C/La values.

The optimum costatio that produces maximum economic values is the same for all
models, which is about 0.35. This optimum value is approximatelgleq the redtive
frequency of occurrences (i.e., optimum C/La or maximum economic value happens when
i €] (Richardson, 2006; Roulin, 2006Although for all hydrological models, the
optimum C/La remains the same, the maximum economic values decrease as thelead tim
increases (Zhu et al., 2002). This is expected because the POD and FAR, which are
elenments of economic value (V) (Ed®13), decreases and increases respectively as the

lead time advances&igure4-7).
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For medium and longterm prediction, probabilistic and ensemble hydrological forecasts
can add mar economic values than deterministic forecasts (Richardson, 2006; Verkade
and Werner, 2011)Although for very shoriterm (hourly and subdaily) prediction,
deterministic forecasts might be preferable than ensefol#easts (Horat et al., 2018)
some liteature suggests that adding uncertainty and error informatiaeterministic

forecasts could improve ¢heconomic values (Roulin, 2006; Verkade and Werner, 2011)
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Figure 4-8: Comparison of hydrological models by their foredasbnomic Value (V). V
is estimated using the deterministic HRDPS weather forecast input and is drawn as a
function of costost ratio to account for various users afttecast systems.
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4.5.4. Ensemble mean vs. adaptive weighted average

Two simple averaging methsdvere used to estimate the combined streamflow forecasts
from all hydrological models driven by HRDPS input (Section 4.4.h Comparison

bet ween OEnsMbanénémembhedf and O6Adt Wei ght o6
methods wasperformed in termsf the overall forecast accuracy and skill of their output.
Figure 4-9 shows the Taylor Diagram and Taylor Skill Score (T®8EnsMean and
AdtWeight.As a reference, MACHBYV model result is presented because so far, it proved

to have a superior forecast performance. The result shows that AdtWeight has better
forecast skill than EnsMean and even the best model. In AdtWeight anettdynamic
tracking perdod of 18h is used to estimate the weights of each model forecast at every
forecast start time based on their last 18h performances. Then the weights are applied to
the corresponding model forecasts for the next 18h to estimasvehage forecast. The

realt implied that dynamically changing the weights based on the recent forecast
performances of the models improved the combined forecast skill as opposed to just
averaging (assigning equal wmwredghk¢ostribtition) t he
of MACHBY to the performance of the AdtWeight forecast is highsrcan be from the

closer TSS values between the two. This outcome proves that theadigostrsistence in
hydrological forecasting as the topnking models in th last 18 to 24 hours wilighly

likely continue to perform well in the same forecast horizon.
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Figure 4-9: Taylor Diagram and Taylor Skill Score to show the comparison between
Ensemble Mean and Adape weighteca v er agi ng met hods. For ref
(MACHBYV) output is presented.

4.6. Conclusion

This study was conducted to identify the right combination of skillful hydrological models
and Numerical Weather Predictions (NWPs) for enhanced-shortflood fore@sting in

a semiurban watershed. Several existing verification metrics were used to evaluate and
select the best models and inputs. For the research, Humber River Watershedirbaemi
catchment located in Southern Ontario, was used asly stea. Twie different lumped

and distributed hydrological models were calibrated and validated ubadDS
optimization algorithm. A total of five hydrological models were selected for further

analysis based on their superior calibration performraaod previos application in the
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study area; three lumped models (MACHBV, SACSMA, and PDM, all coupled with

SNOWL17) and two sendistributed/distributed models (SWMM and WATFLOOD).

Efforts were made to collect available higind midresolution weather fecast produs

from local, regional, or global sources. As such, four NWP products were collected. These
are the 2.5km HigiResolution Deterministic Precipitation System (HRDPS) from
Environment Canada, the 3km Hi§lesolution Rapid Refresh (HRRR), 12knorih
American Mesoscale Forecast System (NAM), and 13km Rapid Refresh (RAP) from
NOAA. Precipitation forecasts from these weather forecast products were used as forcing
inputs to the selected hydrological models. As such, forecast verification for awmliffer
combinaton of five hydrological models and four weather forecast inputs was performed.
Hourly hydrological forecasts were produced four times a day duringnmenh

verification period and issued up to 18hr forecast lead times.

The first forecast amgsis perforned was to screen the weather forecast products that have
better streamflow forecast performance. The-gumeening revealed that HRDPS and
HRRR produce significantly better hydrological forecast accuracy than NAM and RAP.
This finding impliedthat, for semturban watersheds that typically haashort time of
concentrations and relatively small catchment areas;regpiution weather products are

found to be a proper precipitation forecast inputs to the hydrological models.

In order to idently appropriateflood forecasting models in a seonban watershed, the

five hydrological models were comprehensively evaluated in forecast mode using the two
fine-resolution precipitation forecast inputs. The evaluation and comparison were based on
performance measuresategorized into four forecast attributes: overall forecast accuracy
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and skill, peak flow magnitude and timing, categorical or threshbastd scores, and
economic value. In generadhe MACHBYV model with HRDPS input appeared to be the
best malekinput conbination because it captured the peak flow magnitude and timing,
detected the flood threshold, and appeared economically viable at all forecast lead times

better than any other modi@lput combination.

Taylor Diagram and Taylor Skill Score tds showedhat forecasts from MACHBYV and
SACSMA (both with HRDPS input) have better overall forecast skill and accuracy than
WATFLOOD and SWMM models, which showed similar skiks.similar trend is also
observed with HRRR input. Overall, MACHBYV with HFL3 input prowed improved

skills and statistical pattern proximity with the observation.

The performance of achieving the peak flow magnitude was tested by Series Distance
(SD_Q) and Peak FI ow Criteria (PFC) met r |
forecasts have thdowest peak flow magnitude error at all lead times regardless of the
weather forecast inputs, followed llye SACSMA model. Regarding peak flow timing

error, similar findings were obtained bye SD_T metric. MACHBYV with HRDPS input

was betteat forecastig the peak flows on time while other models, to some extent, delay

or postpone the peak flow times. The Series Distance metrics were found to be useful
evaluation tools to diagnose and quantify vertical/horizontal errors in the rising lamgl fal

limbsoff or ecast hydrographs mimicking a hydrol

2016).

A proper flood threshold was required to estimate categorical forecast verification metrics.
In this research, we found the approximate threshold byngtig the reulting matrices
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using different ranges of thresholds. With this trial and error, we have found that roughly
the 90% flow of the historical observed time series is a suitable flood threshold that can be
used to estimate POD, FAR, C&hd BiasFrequency sares. In general, the thresheld
based verification showed that MACHBYV with HRDPS input has better reliability,
resolution, and discrimination skill in categorizing the flood threshold comparing to the

other modelgnput integration.

The econone values othe hydrological forecasts were assessed between different models.
Results showed that MACHBYV with HRDPS input produced a better economic value to
the various users/decisionakers followed by SACSMA, WATLOOD, and SWMM, in

decreasing order @conomic viabity.

Comparing the lumped and distributed hydrological models in general, the lumped models
except PDM outperform the tat, particularly inthe first 15hr forecast lead times.
However, distributed models could be competitive beyond 15tecést leadimes.
Lumped models tend to spatially average noises of-sdwrt precipitation forecasts better
than distributed models. Overathe MACHBV model appeared to have the highest

forecast skill while PDM showed the lowest forecast skill analdy.

Comparing the two highesolution weather forecast products, HRDPS and HRRR, the use
of the former tends to be superior in generating hydrological forecasts with an improved
forecast skill, quality, and peak flow prediction and timing. HRDPS alsergeedewer
forecast biases than HRRR regardless of the hydrological models used. The enhanced

guality of HRDPS may be associated with its capacity to categorize storm dynamics in fine
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grid resolutions using deep convection mechanisms (Milbrandt 20a6),which is ideal

for flood forecasting in small urban or searban catchments.

Finally, we assessed simple forecast averaging methods for users or operational flood
forecasters interested in combined forecasts that can be estimated at a low congbutati
budget . The results showed that dynami cal |\
recent performance improved the combined forecasts better than assigning equal weights.
Also, results indicated that there is steady persistence in hydrological forgcasthe

top-ranking models in the very recent history will likely continue to perform well in the

near future, as also suggested by Aiolfi and Timmermann,.2006
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Appendix B: Performance evaluation metrics
B.1. Overall Forecast Skill and Accuracy

Taylor Skill Score (TSS)s a single score used to summarize a TaylagEim(Taylor,

2001). Taylor Diagram measures correlation coefficient, centered root mean square error
and standard deviation, and presents into one diagr@® has been used to evaluate and

validate different models and approaches (Awol et al., 20i8)formulatedas:

VAV
(B-1)

where: RA andA are the correlation coefficient between variances of the forecast and
observation, respectively2 is maximum correlation attainable, here takas the
maximum of the correlation coefficients of candidate model forecasts. TSS approaches a

maximum of onavhen the ratio of the variances of forecast and observation is closer to

unity and as R approachgs.

RootMeanSquareError (RMSE):is the sqare root of the variance between forecast and
observation. It is commonly used to measure the accuracy ofcastres scakelependent

and is quitesensitiveto large errors (Hyndman and Koehler, 2006)

Mean Absolute Error (MAE)is the mean of the abswe error between forecast and

observation (EqnB-2). MAE is the deterministic version dahe Continuous Rank

Probability Score (CRPS)which is used to measure errors in ensemble forecasting
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(Gneiting et al., 2005). Since deterministic forecasts aming@is study, MAE is applied

to evaluate and compare the average hydrologic forecast error between thst targeas.

Lo O + O v
g S S (82

B.2. Model performance on peak flow magnitude and timing

Peak Flow Criteria (PEC)is a metric that is used to measure the peak flow error of the

forecastCoulibaly et al., 2001a), and its formulation iseg in Equation 1. PFC has been
used in streamflow forecasting studies to

flows (EI-Shafie et al., 2009; GareBartual, 2002; Han and Coulibaly, 2019)

Maagnitude and Timing Error using Series Distance (SD) oteth

First introduced by Ehret and Zehe, 204rid later modified by Seibert et al., 2016, a Series
Distance (SD) metric isnainnovative way to quantify the similarity of two hydrographs
mimicking the visual inspection of a hydrologist. #nSeries Distace method, the
correspondence between the amplitude and timing of observed and modeled hydrograph
eventsis diagnosed by comigicting a connector, as shown in an example taken from this
study FigureB- 1). A singleor a combination of high flow events are first separated by
rising and falling limps in hydrographs preprocessing stage. Then the source of errors in
matching the amplitude and timing of modelled hydrograph with the observed hydrograph
will be comprehensely quantified following a successive step such as cagessng,
calculation of connector distances and creating a contingency(jpdddese see Seibert et

al., 2016 for more details and the code can also be found in Ehret and Seibert, 246).
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errar in amplitude corresponds to the error in peak flow magnifti®e) and is calculated
by equatiorB-3. Similarly, the error in peak flow timingYO ) is estimated by equatid:

4.

.
Py S (B-3
C

© N (B-4)

Where:0 and0 are observed and modeled/simulated hydrographs, and c is a series

distance connector between observed and modeled points.

0.2 observation -
— simulation
E 015 connectors
E
[T
S 0.1 1
c
3
(14

0.05 1

215 220 225 230 235 240 245
time (h)

Figure B 1: lllustration of Series Distance (Snethod for calculating magnitude (Q)
and timing error (T) for a sample event selected within a timeseries of this study
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Table B 1: Contingency table and associated parameters for cdicgjaategorical
verification metricsand economic valu®etaileddefinitiorns of symbols are presented in
Section B.3

Observation Flood
Threshold
Occurred
Yes No H Yes No aa=al/(a+c)
Forecast | Yes| a (hits) b (false atb C+L C bb=b/(b+d)
/action alarms)
taken No | ¢ (misses) d (correct | c+d L=L+L, | O cc=c/(c+d)
negatives)
H a+c b+d el p ¢E(a+c)/(at+b+c+d
el

B.3. Categorical(threshold-based) foreast verification

Since deterministic forecasts were used to force hydrological matielgategorical

verification method was used instead of a probabilistic method to measure the
discrimination/reliability/resolution and bias attributes of forec@able4-2). Categorical

verification metrics are usually applied in weather forecasts but could be applied for
hydrological forecasts by using the same principle accountstiggamflow threshold as a

discrete event. &Aontingency table (Wilks, 2006) is then used to count frequencies of four
possible cases where a certain flood threshold is equaled or exceeded by the simulated
streamfl ow forecastsalahemse =abed, iTHMIi Ss®sae&
rejed i o n s Table Bdlh An(approximate flood threshold is determined in this study
(seeSection 4.5.3B8and used to quantify the following categorical verification used

metrics.Further details on the metrics daa found in Wilks, 2006
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Probability of Detection (PODJ:is the fraction of the cases when the flood threshold was

forecasted by the model and was observed at the same time. A unity value of POD means
the model forecasts are perfect. POD is expressed ai@ments of the contingency table

as follows:

560 W
VOO ES CO

False Alarm Rate (FAR):s the fraction of occasions when the flood threshold was

forecasted by the model but did not happen in the actual case. Zero FAR corresponds to a

better forecast. It is formulated as:

"00 Y (B-6)

w Q

Threat score or Critical Success Ind&8I):is the number of forecasts that is predicted to

hit the flood threshold divided by all cases where the threshold is forecasted and/or
observed (EgnB-7). It is an ofterpreferable measure because itremev t he A Corr
Rejecti ons o0 dses.omafloodhfarecasting sydtem,ccounting several -non
exceedance cases is not quite important (Wilks, 2006). A value of one corresponds to the

best model forecasts.

e o e, d)
0 YO———— (B'7)
W W W

Bias Frequencymeasures the owdorecasting (>1) ounderforecasting (<1) behavior of

the forecasting system and is given by the ratio of average forecasted cases over observed

cases, as shown beldwilks, 2006)
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(0] Qw@n - (B-8)
W W

B.4. Economic Value of the model forecast

The contingency table established above is used to analyze tHessodécision model of
a forecasting system (Richardson, 2006). When the forecaster or devahen takes
action to prevent possible damage, it has an associated cost (C) along with some
unprotectable/unavoidable loss (Lu) whether the forecasted flood threshold occurred (a) or
not (b) (referTable B 1). On the other handf there is 0 action taken and the flood
threshold has occurred (c), the decismaker will incur a total losswhich is the sum of
avoidable (La) and unavoidable | osses (Lu)
rejectionso ( dnpg expeNsesk) of thehdecisidmoakelr aanvhe derived
(Richardson, 2006; Verkade and Werner, 2011; Zhu et al., 2002)
1 If there is only climatological information available (the relative frequency of
occurrencesef is known but there is no forecasformation), the baseline
(climatological) expense ¢}is to either always protect[La+ Lu)) or never protect
(C+€Fu) whichever is the minimum:
O O0QEMH 0 B ép (B-9)
1 For anideal and a perfect forecasting eystwhether the dlod threshold occurs or
not, the decisiomaker will provide mitigative actions (only for those which occurs)

with an average expense of:

O ¢ O (B-10)
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1 For a default forecasting system (between the above two bourwtaditions), the
average expense gfof the decisiormaker can be obtained by connecting the
forecastobservation rates to the corresponding cost and loss of occurrences and non
occurrencesTable B 1):

0 oé 0 O O 0 (B-11)

1 The economic value (V) of the forecasting system can then be estimated as:

y 2 O B-12
® 55 (B-12
1 Substituting and rearranging of equat®x® to B-12 gives:
[ 'QQFE’ (’1‘) 5 é o ey 1 y
DDA oo Ell odlp 1 e 613
0 Qarel €l

Wherer is the cosioss ratio (C/La) (loss here is the avoidable Idsls)s the False

Alarm Rate (FAR), andais the Probability of Detection (POD).

The maximum economic value €¥) is obtained when the forecasting system provides a
perfect and an ideal forecast (when Ef = EP); V can be negative when the system has more
expenses than the baseline forecasting system (Ec), which is not desirable.ntmi@co
value (V) of a forecastg system depends on different decisiakers or userthathave
different costloss ratios (r) ranging between 0 and 1. Hence, a plot of V versus C/La
provides a convenient way to find the maximum/optimum economic value of a
deterministic hydrological drecast and to compare different forecasting systems

(hydrological models) given the same climatological frequency and decis&ar.
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