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Lay Abstract

Possessing a reliable streamflow forecasting framework is of special importance in various
fields of operational water resources management;strootural flood mitigation in
particular. Accurate and reliable streamflow forecasts lead to the best possith@nced

flood controldecisionswhich can significantly reduce its consequent loss of lives and
properties. The main objective of this research is to develop an enhanced etisesable
probabilistic streamflow forecasting approach through proper tjgation of predictive
uncertainty usingan ensemble of streamflow forecasts. The key contributions are: (1)
implementing multiple diverse forecasts with full coverage of future possibilities in the
Bayesian ensembleased forecasting method to produce more accurate and reliable
forecasts; and (2) developing an ensenfilalsed Bayesian peptocessing approach to
enhancethe hydrologic uncertainty quantificatioty taking the advantagef multiple
forecasts and itial flow observation. The findings of this study are expected to benefit
streamflow forecasting, flood control and mitigation, and water resources emasaigand

planning
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Abstract

Streamflow forecasting is a fundamental component of various water resources
management systems, ranging from flood control and mitigation tetésngplanning of
irrigation and hydropower systems. In the context ofd&aca probabilistic forecasting
system is required for proper and effective decisi@king. Therefore, the primary goal

of this research is the development of an advanced enséad®ed streamflow forecasting
framework to better quantify the predictivecentainty and generate enhanced probabilistic
forecasts. This research started by comprehensively evaluating the performances of various
lumped conceptual models in dggeor watersheds and comparing various Bayesian
Model Averaging (BMA) modifications foprobabilistic streamflow simulation. Then,
using the concept of BMA, two novel probabilistic ppsbcessing approaches were
developed to enhance streamflow forecasting performance. The combination of the entropy
theory and the BMA method leads to an epytbased Bayesian Model Averaging (En
BMA) approach for enhanced probabilistic streamflow and precipitation forecasting. Also,
the integration of the Hydrologic Uncertainty Processor (HUP) and the BMA methods is

proposed for probabilistic pegrocessingf multi-model streamflow forecasts.

Results indicated that the MACHBYV and GR4J models are highly competent in simulating
hydrological processes within degaarce watersheds, however, the presence of the lower
skill hydrologic models is still beneficiabf ensemblédased streamflow forecasting. The

comprehensive verification of the BMA approach in terms of streamflow predictions has

identified the merits of implementing some of the previously recommended modifications
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and showed the importance of possegsi mutually exclusive and collectively exhaustive
ensemble. By targeting the remaining limitation of the BMA approach, the proposed En
BMA method can improve probabilistic streamflow forecasting, especially under high flow
conditions. Also, the proposétlJP-BMA approach has taken advantage of both HUP and
BMA methods to better quantify the hydrologic uncertainty. Moreover, the applicability of
the modified EBBMA as a more robust peprocessing approach for precipitation

forecasting, compared to BMA, hbsen demonstrated
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Chapter 1. Introduction

1.1Background

Accurate and reliable streamflow forecasting is receiving particular importance in various
fields of water resources management, flood control and mitigation in particular. Compared
with other naturbdisasters, flood is the most commmuaturalhazard in Canada leading to
catastrophic environmental and seeiwonomic damages (Caballero & Rahman, 2014;
Thistlethwaite et al., 2018). Dramatically increasing frequency of extreme events in the
recent decask, mostly caused by climate changes bught more attention to flood
mitigation measures (Han & Coulibaly, 2017; Reggiani et al., 2009). In general, these
measures are categorized into two groups: structural andtnertural. The structural
measuresried to reduce theegativeflood effects by changing the characteristics of the
landscapes, such as constructing floodtrol reservoirs and diversions (Heidari, 2009;
Meyer et al., 2012), while the natructural interventions are more sustainables les
expensive, and the only effective way for protecting life and property from floods in many
flood-prone regions (Barbetta et al., 2017; Kundzewicz, 2002). One of the most effective
nonstructural flood mitigation measures is the application of a relitdnde forecasting
system, where hydrologic and hydraulic models are used for flood predictions. Although
some regional streamflow prediction frameworks have been developed and used in Canada
(Zahmatkesh et al., 2019here is currently no nationwide floddrecasting and early

warning system.
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One of the integral components of any operational streamflow prediction framework is
rainfall-runoff models (or hydrologic models) which are used as simplified
characterizations of different hydrologic processes (sashsnowmelt, infiltration,
evapotranspiration, runoff, etc.). Thanks to the development of various types of hydrologic
models in the last century, flood forecasting has improved significantly. Classifying
rainfall-runoff models based on their mathematicgresentations leads to three main
groups. In the category of conceptual models, such as Sacramento soil moisture accounting
(SAC-SMA) (Burnash et al.,, 1973), McMaster University Hydrologiska Byrans
Vattenbalansavdelning (MAEIBV) (Samuel et al., 2011and Hydrologic Engineering
Centerod6s Hydr ol ogi é¢dM§)(Sdharffenherg, 28 §),sntercannetdd E C
conceptual elements are used for representing different hydrologic components. These
models are popular for flood forecasting due to their lomwmatational cost and simplicity.

The low required input data makes the conceptual models the best option fscatata
regions (Anshuman et al., 2019; Tegegne et al., 2017). On the other hand, by focusing on
physical characteristics of the hydrologic pFsses in time and space, the physiebdged
distributed models, such as the European hydrological system (8bl&tt et al., 1986a,
1986b), have been developed. Reliable practical application of the phybiasg models
requires a large amount of tdgfor the proper estimation of the spatially distributed
parameters representing the physical properties of the watershed (Todini, 2011; Young,
2002). Moreover, the bladiox models (also known as dataven models), ranging from
simple linear models td\rtificial Neural Network (ANN), analyze the relationships

between inputs (e.g. temperature and precipitation) and the output of interest (e.g.
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streamflowor water leve), without consideration of the catchment physical processes. The
lack of physical intepretation and the strong dependence on the calibration data are the
main concerns of the dathiven models (Shrestha, 2009; Todini, 2011). Although much
progress has been made to improve the capability of different hydrologic models, there are
still lots of simplifications in their structures. Also, each model has parameters that cannot
be perfectly estimated due to errors in historical data. So, no hydalogazlel can

provide erroffree streamflow prediction in all conditions (Chen et al., 2013).

Streamflow forecasting is subject to various sources of uncertainty. Besides the inaccurate
future meteorological forecasts, the imperfection of the hydrologic models, the uncertain
parametes estimation, and the unknown initial conditions are the other irapbsburces

of uncertainties in the case of streamflow prediction (Moradkhani & Sorooshian, 2008).
Decisiormaking based on a single model deterministic forecast, which only provides a
point estimation of the future value without taking into account therant uncertainties,

is very riskyand can lead to irreversible economic and social damages (Liu et al., 2018).
So, generating probabilistic forecasts by quantifying and reducing the predictive
uncertainty is one of the most important parts of any operatiflood forecasting
framework (Biondi & Todini, 2018). Predictive uncertainty is defined as the conditional
distribution of future unknown values based on the information provided by the forecasting
model(s) (Todini, 2011). Using an ensemble of streamfiredictiors (ESP) is one of the

most widely used approaches for quantifying the predictive uncertainty (Madadgar &
Moradkhani, 2014; Michaels, 2015). As a conventional approach, the ESP was generated

by forcing a hydrologic model with multiple meteorgical forecasts (Abaza et al., 2013;
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Baran et al.,, 2019; Fan et al.,, 2014; Qu et al., 2017) which reflects the uncertainties
associated with forcing inputs. As an alternative and evolving way, multiple hydrologic
models can be used for generating ESP pouca the model structural uncertainties (Jiang

et al., 2018; Seiller et al., 2017; Todini, 2008; Xu et al., 2019). Also, using various
realizations of the model s parameters or
constructing ESP for conceptuafig uncertainties associated with measurement errors and
parametes estimation process (Dong et al., 2013; Pappenberger et al., 2005; Parrish et al.,

2012)

Although, using multiple forecasts, compared to the deterministic one, provides more
information about the future eveirit,is still required to estimate the correct and reliable
predictive uncertainty for sound and proper decision making (Biondi & Tdedig; J.

Liu & Xie, 2014; Reggiani & Weerts, 2008T.herefore a statistical pogprocessing
approach, which is used to reduce and quantify the predictive uncertainty, is a crucial
component of any operational forecasting system. A recent review of filoeis/@ost
processing approaches can be found in Han and Coulibaly (2017) and Li et al., (2017). In
general, the pogirocessing methods tried to use the full capability of all available
information to characterize the predictive uncertainty and genegizble probabilistic
forecasts. Some of these methods, such as thekm@Nn Hydrologic Uncertainty
Processor (HUP) (Krzysztofowicz & Kelly, 2000), use single deterministic forecasts for
generating predictive results (e.g. Krzysztofowicz & Herr, 200zy&ztofowicz & Kelly,

2000; Liu et al., 2018; Montanari & Grossi, 2008), while some have been extended to take
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the advantage of considering ensemble streamflow forecastséa.gnd Coulibaly 2019;

Khajehei & Moradkhani, 2017; Raftery et al., 2005; Ragget al., 2009; Seo et al., 2006

Among the latter methods, the Bayesian Model Averaging (BMA) approach (Hoeting et
al., 1999; Raftery et al., 1997, 2005) is the most common and widely used enbasdue
postprocessing method for both meteorologi@ab. Cane et al., 2013; Ji et al., 2019; J.

Liu & Xie, 2014; Ma et al., 2018; Vrugt et al., 2006) and hydrological (Duan et al., 2007,
Jiang et al., 2018; Liang et al., 2013; Sharma et al., 2019) forecasts. By using the weighted
average of the conditiondistribution of the predictand based on each ensemble forecast
member, BMA estimates the forecast predictive uncertainty conditioned on the whole
ensemble. Although different modifications have been proposed to enhance the BMA
capability of quantifying pedictive uncertaint in the case of dealing witlifferent
hydrometeorological variables (e.g. Soughter ef24l07), Fraley et al. (2010), and Yang

et al.(2012) for precipitation and Yan and Moradkhani (2016), Madadgar and Moradkhani,
(2014), Vrugt andRobinson (2007), and He et al. (2018) for streamflow), there are still
some inherent assumptions and limitations in the BMA structure which requires further
research to develop a promising probatdislood forecasting frameworlkBesides the
quality of individual members of the forecast ensemble, the characteristics of the whole
ensemble play an important role in the reliable performance of the BMA method. Based
on the law of total probability, as the main assumption of the BMA approach, the two
properties of capturing the whole future variability as well as possessing mutually
independent members of the ensemble are required for generating reliable BMA based

probabilistic forecasts (Madadgar & Moradkhani, 2014; Refsgaard et al., 2012; Sharma et
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al., 2019) Furthermore the existing limitations in different methods motivate some
research to integrate various techniques for devesimgre reliable forecastingpproach

In the context of Bayesian Model Averaging, Sharma et al. (2019), for instance, combines
the Quantile Regression and BMA methods respectively fordmaecting the ensemble

of daily streamflow forecasts and probabilistically merging them. Another example is the
employment of the data assimilation technique (i.e. Particle Filter) within MA B
structure to better quantify the predictive uncertainty (Parrish et al., 208%8).Ajami et

al. (2007), Yen et al. (2014), and Jiang et{2018) developed BMA basedethodsfor
multi-source uncertainty analysis in an integrated manner, howevegrhave not been

used for operational streamflow forecasting
1.2Research Objectivesand Thesis Outline

Using the concept of the Bayesian Model AveragiBylA) approach and aiming at
enhancing the assessment of predictive uncertainty through utibzirensemble of
streamflow forecasts, this study focuses on developing a reliable endsasbbk
probabilistic streamflow forecasting/simulation framework. To achieve the primary
objective, the following secondary objectives have been accomplished, whictoléaes

journal papers presented@mapters 2 t® of the thesis:

1 A literature review on the Bayesian Model Averaging (BMA) conceptstlagid
applicatiors for streamflow forecasting.

1 Developing, investigatingand selecting the appropriate hydrologicdeis
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1 Examining the current variants of the BMA method for streamflow
forecasting/simulation.

1 Proposing Entropypased BMA method for enhanced probabilistic ensemble
streamflow forecasting.

1 Developing multimodel Bayesian pogirocessor for probabilistic reamflow
forecasting through integrating the Hydrologic Uncertainty Processor (HUP) and
the Bayesian Model Averaging (BMA) approaches.

1 Modifying and assessinthe Entropybased BMA method for pogirocessing

precipitation forecasts.

The thesis is organizedto six chapters. After presenting an overview of the background,
scope and objectives of the research in Chapter 1, Chapter 2 comprehensively compares
the performances of different conceptual hydrologic models for streamflow simulation in
snowdominatel datapoor watershedsand evaluates the reliability of the archived
Canadian Precipitation Analysis (CaPA) as an alternative forcing input of raiunfialif

models in the casef sparsegroundbased meteorological measurements. Chapter 3
thoroughly assees the effects of various previously recommended modifications of the
Bayesian Model Averaging approach on the quality of the BivéA -derivedprobabilistic
streamflowpredictions In Chapter4, by using the concepts of the Entropy theory, the new
Entrop/-based Bayesian Model Averaging (BMA) technique has beetevelopedn

order to generate more accurate and reliable streamflow forecasts. Chapter 5 presents a
new ensembkbased Bayesian peptocessing approach where a combination of

Hydrologic Uncertanty Processor and Bayesian Model Averaging methods is used for
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better quantifying hydrologic uncertainty gmebvidingmore reliable streamflow forecasts.
In chapter 6, by taking a step forwamodified version of En-BMA approach was

proposed and evadted for posprocessingagnensemble of precipitation forecasts
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Chapter 2. Inter -comparison of lumped hydrological models in data
scarce watersheds using different precipitation forcing data sets: Case

study of Northern Ontario, Canada

Summary of Paper 1. Darbandsari, P., & Coulibaly, P. (2020). Intmmmparison of
lumped hydrological models in dasaarce watersheds using different precipitation forcing
data sets: Case study of Northern Ontario, Canada. Journal of HydiR&xmgjonal Studies,

31, 100730.

By considering the effects of calibration process and multiple precipitation input scenarios

on the model sé performance, the main goal
evaluate and compare various conceptual raindi@bff models with distinct stictures for

daily stream flow predictiomn snowdominated watersheds with low data availability.

Also, the implementation of the archive Canadian Precipitation Analysis (CaPA) as an

alternative forcing input of the hydrologic models in Northern Ontaiama@a is evaluated.
Key findings of this researdre as follows

1 The necessity of considering the effects of calibration process in any model
comparison study is revealed.

1 The MACHBV hydrologic model shows the most consistent results in daily
streamflow snulations, and the GR4J and SACSMA models possess competitive
performances.

1 The GR4J model outperformed the other six models for high flow prediction.
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1 The HEGHMS based models possess the relatively lower performances for daily
streamflow simulation.

1 Theaggregated daily archived CaPA precipitation data is a reliable alternative for
hydrologic modelling in datpoor watersheds.
The effectiveness of usirgmore complex snowmelt estimationutine depends

on the structure of the conceptual rainfaihoff model
2.1 Abstract

Study Region: Big East River and Black River watersheds in Northern Ontario, Canada as

snowdominated, datpoor case studies.

Study focus: In this study, seven lumped conceptual models were thoroughly compared in
order to determine the kgzerforming model for reproducing different components of the
hydrograph, including low and high flows in dggaor catchments. All models were
calibrated using five various objective functions for reducing the effects of calibration
pr ocess o nfornmiocd Addsianallyp the effects of precipitation, an important
factor, particularly in datacarce regions, were assessed by comparing two precipitation
input scenarios: (1) lowlensity grouneébased gauge data, and (2) the Canadian
Precipitation Analgis (CaPA) data. The final goal of this study was to compare the effects
of using either the Degred@ay or SNOW17 snowmelt estimation methods on the accuracy

of streamflow simulation.

New hydrological insights: The results indicate that, in general, MACHBhe best

performing model at simulating daily streamflow in a dadar watershed, and both
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SACSMA and GR4J can provide competitive results. Additionally, MACHBV and GR4J
are superior to the other conceptual models regarding high flow simulation. \Moré&o

was found that incorporating the more complex SNOW17 snowmelt estimation method did
not always enhance the performance of the hydrologic models. Finally, the results also
confirmed the reliability of the CaPA data as an alternative forcing pratgoitin the case

of low data availability.

Keywords: Model intercomparison; Simple conceptual models, Data scarce regions;

Canadian Precipitation Analysis (CaPA); Snowmelt estimation; Canada
2.2 Introduction

Possessing reliable hydrological models is an important issue for operational hydrology
and water resources manageménbnnelly-Makowecki & Moore, 1999; Razavi &
Coulibaly, 2017)and this is a unique challenge in datarce regions (Adjei et al., 2015).
Various types of rainfalfunoff models, from lumped empirical to fully distributed
physicallybased ones, have been desmywith different mathematical representations of
hydrological processg8even, 2011; LU et al., 2013; Moradkh&iSorooshian, 2008)
Empirical or datadriven models are based on mathematical equations not specifically
related to the physical processes of the watershed. Although these models have some
advantages, such as having higher performance efficiencyatbeynly valid within the
boundaries of the given dat@hrestha & Solomate 2009) In contrast, physicalipased
distributed models are better at representing spatial variability when characterizing the
water cycle processes, and can produce more reliable r@doltzdkhani & Sorooshian,

2008; Smith et al., 2004Having parameters with physical interpretation and spatial
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variability is the main advantage of physicdigsed distributed modelspwever, their

proper estimation requires more computational cost and huge amount of data (Shrestha,
2009), this poses a problem when the area of interest has low data ava{Ghititgt al.,

2006; Grayson et al.,, 2002; Tegegne, Park, & Kim, 2017; Young, 2Q@2)ceptual
lumped models are another group of hydrologic models, which can provide a desirable
alternative to empirical and physicalbased distributed models. These models are
commonly based on several interconnected conceptual elements representing different
hydrologic components. There are various conceptual hydrologic models with different
structures and processes, and the popularity of these models is due to their simplicity and

low computational costs.

Inter-comparison of various models is one of the most convenient approaches for assessing
the influence of model structure and aiding in tHed®n of the best performing model
(Breuer et al., 2009; Garavaglia et al., 2017). Also, through the comparison -anoadi
ensemble can be generated which can then be used for quantifying model structural
uncertainty (Seiller et al., 2012). Variousidies have been conducted using model-inter
comparison experiments in the field of streamflow simulation (e.g. Chiew et al., 1993; Das
et al., 2008; Gan et al., 1997; Koch et al., 2016; Mich&augbrooshian, 1994; Shi et al.,
2011; Suliman et al., 2015; Tende et al., 2008; Tegegne et al., 2017a; Vansteenkiste et
al., 2014, Zhang et al., 2016); however, few of them focused on regions with low data
availability. Refsgaard and Knudsen (1996) compared a physlmasigd distributed, a
lumped conceptual, aradsemidistributed hydrologic models for three datzarce regions

in Zimbabwe. Their results showed that although using the distributed model provided
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reliable results, it did not outperformed simpler ones in term of streamflow simulation at
the outlet. he study by Tegegne et al. (2017b) found that, through thecoteparison of
lumped conceptual models with a physicdlgsed semidistributed modeln datapoor
catchments, use of a more complex model could not be justified. Anshuman et al. (2019)
propcsed considering conceptual over physicéidsed models in the case of facing
watersheds with low data availability. In addition, comparing a skshiibuted and a
lumped model by Srivastava et al. (2020) again showed the superiority of the lumped model
for hydrological modeling in dafamited basins. Although it can be argued that simple
lumped conceptual hydrologic models could be the best choice for modeling faintf
process in datacarce watersheds, the need of comprehensive comparison of the
performance of various lumped conceptual model structures is strongly felt on regions with

limited data availability.

Furthermore, the applicability of a conceptual hydrologic model is highly related to how
well its parameters are estimated (Sorooshiaal.et1993). Although using a multi
objective calibration procedure provides valuable information about the parameter
equifinality and uncertainty, there are different studies ranging from flood forecasting (e.g.
Han et al., 2019; Reggiani et al., 2009jaarathne Coulibaly, 2020) to climate change
assessment (e.g. Ashofteh et al., 2017; Li et al., 2014), where one optimal parameter set is
utilized for streamflow simulation or forecasting. Various performance statistics have been
developed to evaluatbe performance of hydrological models and each of them can be
considered as an objective function for estimating parameters (LU et al., 2013; Wo6hling et

al., 2013). Therefore, the selected objective function may affect the performance of the
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calibrated raifall-runoff model. Although reducing these effects on the model-inter
comparison process seems important for achieving more reliable results (Gan et al., 1997,

Ouermi et al., 2019), it has not received much attention in previous studies.

Reliable and acaate historical forcing data has a considerable effect on the calibration
process and the corresponding model performance (Te Linde et al., 2008). Temperature
can be accurately estimated using the-tmsity measurements; however, accounting for
the spatl and temporal variability of precipitation is challenging in gadar watersheds
(Price et al., 2014). Consequently, assessing the potential of utilizing other sources of
precipitation data (e.g., Satellite or Ratbased data) as input into a rairialhoff model

seems necessary in the case of limited gréaasd observation stations. This has recently
motivated research, in dasaarce regions, to evaluate the influence of using other sources
of precipitation (e.g. Climate Forecast System Reanatigss (Dile& Srinivasan, 2014;

Fuka et al., 2014), Tropical Rainfall Measuring Mission precipitation analysis (Adjei et al.,
2015; Collischonn et al., 2008; Worqlul et al., 2017), and North American Regional
Reanalysis (Choi et al., 2009)) for models aalilon. Their general finding is that the
precipitation products provide valuable information for estarce regions while their
evaluation at local scale is required due to regional variability of their quality (Lakew et
al., 2020; Sirisena et al., 2018n addition, by removing possible random and systematic
errors, the application of a bias correction method can enhance the applicability of

precipitation products at regional scale (Habib et al., 2014).

Canada specific, a Canadian Precipitation Ansl¢GaPA) data is a gridded precipitation

product, which is generated using various sources of precipitation, such as observations,
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radar data, and forecasts (Mahfouf et al., 2007). There are few studies evaluating CaPA in
terms of hydrologic performancBum et al. (2014) applied CaPA into the VIC model for
streamflow simulation of Canadian mountainous catchments. In the case study by Gaborit
et al. (2017), a comparison was made between CaPA and ¢gbasad observations in
terms of the accuracy of rungdfedictions using two lumped models. Also, Boluwade et

al. (2018), assessed the reliability of CaPA as forcing of Watflood hydrologic model. In
previous studies, the accuracy of various precipitation products were evaluated, while none
have utilized themn a model intecomparison experiment for reducing the effects of
forcing input on model performance. Also, assessing precipitation products utilizing
multiple hydrologic models lead to more robust results than their proxy evaluation using

streamflow datand an auxiliary model (Fortin et al., 2018).

The main objective of this study is to evaluate various lumped conceptual models with
different structures for continuous daily streamflow prediction in order to propose the most
suitable one for operationalydirology in watersheds with low data availability. By

focusing on two datpoor watersheds in Northern Ontario, Canada, the performance of

seven different lumped conceptual models are thoroughly compared using different
statistics focusing on low and higlow conditions. In the proposed inteomparison

framework, we utilized an ensemble of calibrated parameter sets for each hydrologic model,
derived from implementing different objective functions, which reduces the effects of the
calibration process on rdoe | s 0 perf or mance. -deAsltysgayge besi c
measurements, we used CaPA precipitation data as an alternative forcing input in the model

comparison process. This helps us reach more robust conclusions about the direct ability
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of different hydrologc model structures for streamflow simulation. In addition, we have
the opportunity to evaluate the reliability of using CaPA data as an alternative input forcing
precipitation in the case of low available historical meteorological data in Northern Ontario
Moreover, given that the regions of interest are sdominated watersheds, where the
snowmelt freshet is the main cause of floods, using a proper snowmelt estimation routine
in model structure seems necessary for accurate streamflow simulation. Theretoside
objective of this study, a comparison is made between two popular tempéndtxe
methods, the simple Degrelay (Samuel et al., 2011) and the more complex SNOW17
(Anderson, 2006, 1973), to evaluate their potential for improving streameBtmation

in snowdominated basins with low data availability. It is of note that there are lots of
studies comparing temperature index with complex energy balance snowmelt models
(Bowling et al., 2003; Debele et al., 2010; Essery et al., 2013; Troin 2045), while the
comparison between different conceptual methods, where the only required inputs are
temperature and precipitation, has not received much attention (Agrénh@aulibaly,

2020).
2.3Methods
2.3.1Study Area and data description

The study regionare the Big East River and the Black River watersheds, which have areas
of 620 and 1522 km2, respectively. Both watersheds are located in the
Muskoka/Bracebridge areas of Northern Ontario, Canada (Figure The terrain
elevation of the Big East Riveratershed ranges from 293 to 564 meter above sea level

(masl) while the Black River changes from 221 to 421 masl. There are no major urban
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areas in either watersheds and, with the exception of the southern part of the Black River
used for agriculture, theothinant land cover of two basins are mixed forest vegetation.
There are only Six Environment and Climate Change Canada (EC) meteorological stations
with more than 10 years of reliable data and all are located near, but not within, the
aforementioned wateneds boundaries (Figugel). Each watershed has one hydrometric
station, located at their outlets, confirming the status of low data availability. Based on all
available historical data, the loigrm daily mean air temperature of the regions is around
5°C and the warmest and coldest months are February and July, respectively. The
temperature is near or below freezing point from November to March, indicating a need
for modeling snow storage and snowmelt processes. The highest discharge for both
watershedsccurs during spring, indicating the runoff is snowmelt dominated (Pab)e
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Figure 2-1 The study areas: Big East River and Black River watersheds (modified after
Darbandsari& Coulibaly, 2019)
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Table2-1 The details of all utilized datasets and the climate characteristics of different
measurements based on available historical data from 2006 to 2015

. . . Precipitation or Flow (mm/month
Stations Type latitude longitude Range - P : ( )
(years) Winter Spring Summer Fall
. 45.14 -79.4 2006
Beatrice Pt 2015 108 89 81 97
. 45,53 -78.27 2006
£ Algonquin P 2015 20 73 72 85
R -
< Haliburton P 45.03 8.5 22006 104 85 78 104
17 015
8  Muskoka p 497 793 e 08 55 72 87
8 44.21 78.95 2006
Sonya P ’ ’ 2015 78 63 67 87
Ravensclife p  4°3° 7927 2006 128 106 81 102
2015
CaPApoints  p - - 22%01% [77,120F [70,110] [81,111] [96,139]
Outlet (BEf = 45.39 -79.16 2006 53 92 27 43
2015
Outlet (BL)'3 E 44,71 -79.28 2006 54 30 15 28
2015
Average monthly Temperature (°C) [(12/5° [-5,12] [16,19] [0,14]

1P and F are the abbreviations of precipitation and flow, respectively.

2 The range of historical seasonal precipitation value derived from all CaPA points shown ireFigure
3 The changes of historical average monthly temperature in each season

4The meteorological stations are operated by Environment and Climate Change Canada.

5The hydrometric stations are operated by the Water Survey of Canada.

Apart from EC meteorological stations, the archive of Canadian Precipitation Analysis
(CaPA), produed by the Meteorological Service of Canada (Mahfouf et al., 2007), is
another source of precipitation time series available for both study regions. CaPA is a near
reattime gridded precipitation analysis based on the combination of observation and
climate model data with a spatial and temporal resolution of 15 km and 6 hours,
respectively (Lespinas et al., 2015). CaPA points (i.e., center of each CaPA grid), located
inside or near both watersheds, are illustrated in FigidreCaPA provides better spatial
coverage of both watersheds so considering it as an alternative forcing precipitation input

may enhance the performance of hydrologic models in the case of limited data
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measurements. Consequently, two different precipitation input scenarios will beedalua

In the first scenario, the daily precipitation comes from interpolation of the available EC
meteorological stations to the center of the watersheds using the Inverse Distance
Weighting (American Society of Civil Engineers, 1996) method. The secomérgze
involves using the Thiessen polygon method (Thiessen, 1911) to generate mean areal
precipitation with the daily aggregated CaPA data. The primary comparison of two
scenarios shows that in general, CaPA data underestimates the precipitation amount in
comparison with EC (Figura-2). However, CaPA, specifically in Black River watershed,
proposes more intense rainfall events. In this study, both aforementioned scenarios are
separately used to calibrate t heCahfoddte!| s 6

is evaluated based on the performance of the calibrated models.
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2.3.2Rainfall-runoff Models

The seven structurally different conceptual hydrologic models compared in this study are:
(1) the Sacramento soil moisture accounting (SACSMA) (Burnash et al.,; 12y 3he
McMaster University Hydrologiska Byrans Vattenbalansavdelning (MACHBYV) (Samuel

et al., 2011); (3) Génie Rural a 4 Parameétres Journaliers (GR4J) (Perrin et al., 2003); (4)
the modified version of the Soil moisture and accounting routing (SMAR@)@l-1992);

and three different i mplementations of the
Modeling System (HEEHIMS) software (Scharffenberg, 2016). These models are chosen
mainly based on their structural diversity and performances in previaisst8 ACSMA

is widely used for operational flood forecasting in United States (e.g. Day, 1985; Seo et al.,
2003; Vrugt et al., 2006) and it was proven to perform well in Canadian catchments
(Agnihotri & Coulibaly, 2020; Wijayarathn& Coulibaly, 2020). MACHBV is the

modified version of HBV (Bergstrom, 1976) which is specifically developed for enhancing
streamflow estimation of ungauged basins (Samuel et al., 2012, 2011). SMARG is another
well-known conceptual model with variable number of soil storagegtwisi proven to

provide better performance than its original version in humid andis@mid regions. (Tan

& O6Connor , 1996) . GR4J is a parsimonious
storages, and was successfully applied in Canadian cold regions i(Gxbedr, 2017,

Martel et al., 2020; Seiller et al., 2012). Moreover, HHEKIS is a widely used platform

all over the world, which provides several different methods for developing structurally
different models to simulate rainfallinoff process (Gyawa# Watkins, 2013; Teng et al.,

2018). The main different characteristics of the structures of these seven models are
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summarized in Tabl2-2. These models possess distinct complexities and their number of
parameters varies based on their corresponding nuofblydrologic processes and

descriptions. A brief explanation of each model is provided in the following sections.

It is worthy of note that in all SACSMA, MACHBV, SMARG, and GRA4J, the daily
potential evapotranspiration (PET) was calculated using theliBed Thornthwaite
equation (Samuel et al., 2011; Thornthwaite, 1948) by multiplying mean daily temperature
by athorn as the only parameter being determined through calibration proces2{3able

In addition, the simple Degregay (DD) snowmelt routinevas added to these models for
representing changes in the snowpack as well as discriminating snow and rainfall. A brief

explanation of the DD method is presented in Se&@i813.
2.3.2.1Sacramento Soil Moisture Accounting (SACSNA

The SACSMA is a welknown corceptual lumped hydrologic model, which is used by the

National Weather Service River Forecast System (NWSRFS) for flood forecasting. In this
model, the surface of the basin is divided into pervious and impervious areas. The soll
profile of the pervious ption is partitioned into the thin upper and thicker lower zones. A

tot al of five state variable reservoirs ar
and Afreedo water storages, representing th
respectively (Caldwell et al., 2015; Raza® Coulibaly, 2017). Moreover, the Nash

cascade method is implemented as the routing approach in this model. As can be seen in
Table2-3, the model possesses 17 parameters that must be specified by the user or through

an automatic calibration
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Table2-2 Characteristics of the model structure of seven different conceptual hydrologic
models used in this study

Model Conceptual storage Type of flows  Routing Evapotranspiration
SACSMA {Upper soil tension water fiDirect flow fDirect, Surface and Occurred from:
fUpper soil free water fSurfaceflow Interflow: Cascade of  Upper soil tension
fiLower soil tension water  Yinterflow threelinearreservois  water
fiLower soil primary free waterfBaseflow flUpper soilfree water
fiLower soil supplemental free fiLower soil tension
water water
MACHBYV  {Soil moisture layer fUpper soil flow TNon-linear Equilateral ~ Occurred from:
lUpper soil reservoir fiLower soil flow triangular weighting  {Soil moisture layer
fiLower soil reservoir
SMARG  {Multiple soil layers fIDirect flow fDirect, Surface and Occurred from:
fGroundwater storage TSurfaceflow Interflow: cascade of  {[Total precipitation
finterflow multiple reservois TAIl soil layers
fBaseflow (Nash modgl) .
fBaseflow: Single linear
reservoir
GR4J fProduction soil storage fFast flow fFast flow: Unit Occurred from:
fRouting soil storage Slow flow hydrograph and nen  fTotal precipitation
linear routing storage  qproduction store
fiSlow flow: Unit
Hydrograph
HEC1 fCanopy storage fDirect flow fDirect andSurface Occurred from:
{Soil Storage fSurfaceflow flow: Clark unit {[Canopy storage
Baseflow hydrograph
fBaseflow: exponential
recession model
HEC2 {iCanopy storage fiDirect flow fiDirect andSurface Occurred from:
Surface Storage Surfaceflow flow: Clark unit fiCanopy storage
flUpper zone storage fiBaseflow hydrograph flUpper zone storage
fTension zone storage fiBaseflow: exponential qTension zone storage
recession model
HEC3 fCanopy storage fDirect flow fDirect andSurface Occurred from:
fiSurface Storage fSurfaceflow flow: Clark unit {iCanopy storage

flUpper zone storage
fTension zone storage
TGW upper layefGW1)
TGW lower layer (GW2)

fBaseflow Gw1 hydrograph
qBaseflow w2 Two separate single

linear reservoifor
bothbaseflow
components

fUpper zone storage
fTension zonetorage

2.3.2.2McMaster University Hydrologiska Byrans Vattenbalansavdelning (MACHBV

The MACHBYV is a nonlinear variant of the conceptual HBV model (Bergstrém, 1976). In
this model, a soil moisture routine accounts for fluctuations of the soil moisture stbrage

the basin. A response function, comprising upper and lower soil reservoirs, is used for
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estimating the amount of runoff based on the recharge from soil moisture routine. Finally,
considering the modified routing routine proposed by Samuel et al. (20h2je the
nonlinear storageischarge relationship is considered in the lower layer of deep soil, the
final streamflow is obtained. These processes are controlled through 10 parameters, shown
in Table2-3. More detailed description of the MACHBYV model ¢danfound in Samuel et

al. (2011, 2012)
2.3.2.3The modified version ofoil moisture and accounting routing (SMARG

The SMARG is a l{parameter lumped conceptual rairdalhoff model following the
structure of its earliest version (i.e., SMARO O Co n n e | |). Irethis madification,1 9 7 0 )
a single reservoir groundwater component is added for considering the effects of
groundwater on total estimated dischafgeng, 1992) Therefore, it is more reliable in

humid regions where the groundwater component contributes significantly in generating
runoff (Tan& O 6 C o n1®I6Y This model uses a nonlinear water balance routine for
simulating runoff generation process by visualizing the watershed as a stack of horizontal
soil storage layers. Then, the generated surface runoff is transferred tNemigbascade

of equallinear reservoirs modéNash, 1957yvhile the previously mentioned single linear
reservoir is used for routing the groundwater discharigebrief descriptios of themodel

parameters and their initial ranges are providethiole 23.
2.3.2.4Génie Rural a 4 Parametres Journaliers (GRAJ

The GR4J is a daily conceptual rairfalhoff model,developed based on t@R3J model

(Edijanto et al., 1999)with only four parameters needing to be calibrata@ble2-3). This
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model consists of three subsequent steps. First, net precipitation and evapotranspiration is
calculated. Afterward, a portion of netinfall goes to the one parametap) production

store where the actual evapotranspiration and percolation are determined. Then, the
remaining portion of net precipitation and percolation are used for determining discharge.
A unit hydrograph with timedse ofa; and a ongparameterdo) nonlinear routing store
transfer @ percent of the available watas slow flow;while the other ten percent is
considered as a fast flow@routed by a unit hydrograph with time base of ax. Finally,

after applyingthe one parameter dx ) groundwater exchange component, the total

discharge is computed by adding the two aforementioned routed(fan#n et al., 2003)

Table2-3 Parameters of the SACSMA, MACHBYV, SMARG, and GR4J models and their
initial and optimizedanges

Parameter Description Unit IF?zlatLi:e gzgg”eifed
SACSMA

UZTWM Upperzone tension water maximum storage mm 1-150 13- 145
UZFWM Upperzone freavater maximum storage mm 1-150 4-150
LZTWM Lower-zone tension water maximum storage mm 1-500 2-400
LZFPM Lower-zone free water primary maximum storage mm 1-1000 235-979
LZFSM Lower-zone free water supplemental maximum mm 1-1000 147- 940
ADIMP Additional impervious area - 0-0.4 0-0.32
UzK Upperzone free water lateral depletion rate day-1 0.1-:0.5 0.14-0.5
LZPK Lower-zone primary free water lateral depletion rate day-1 88(2)(5)1 0.01-0.02
LZSK Lower-zone supplemental free watateral depletion rate  day-1 0.01-0.25 0.04-0.19
ZPERC Maximum percolation rate - 1-250 4-234
REXP Exponent of the percolation equation - 0.01-6 1-5.9
PCTIM Impervious fraction of the watershed area - 0-0.1 0-0.05
PEREE Etroagigoen percolatingrom upper to lower zone free wat days 0-06 0-0.57
Rq Routing coefficient - 0-0.99 0.2-0.55
RIVA* Riparian vegetation area - 0 -

SIDE* Ratio of deep recharge to channel base flow - 0 -

RSERV* Fraction of lower zone free water rtoansferable to tensiol 0.3 -

water
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MACHBYV
fc Maximum for soil water content mm 50-800 54- 346
Ip/fc Limit for PET to determine actual ET mm/mm  0.1-0.9 0.3-0.9
Isuz A t_hreshold yalue used to control response routing on an u mm 1-100 6-90

soil reservoir
cperc Constant Percolation rate parameter mm/day 0.01-6 0.15-5.92
beta A nontlinear parameter controlling runoff generation - 0-10 0.9-10
kO Flow recession coefficient in an upper soil reservoir days 1-30 2-30
k1 Flow recessiomroefficient in an upper soil reservoir days 2.5100 6- 37
k2 Flow recession coefficient in a lower soil reservoir days 20-1000 346- 992
alphal An exponent in relation between outflow and storage - 0.520 1.1-12
maxbas E)abrteit:;e:glrjtﬁfea triangleeighting function for modeling ¢ days 1-20 1.3-44
SMARG
T Conversion parameter for calculating potential evaporatic - 0-1 0.47-0.98
C Decay coefficient of soil evaporation - 0-1 0.1-1
z The total depth of all soil layers mm 0.01:500 72- 495
H Direct runoff factor - 0-1 0.05-0.74
Y Infiltration capacity mm/day 0-200 24-152
N the Nash Cascade model parameter (number of resorvoil - 1-20 1-18
NK number of time step for surface runoff routing days 0-200 4-145
G The groundwater runoff coefficient - 01 0.63-1
Kg number of time step for groundwater routing days 0-200 5-51
m* Memory length of the routing response function days 100 -
GR4J
x1 Maximum capacity of the production store mm 1-1500 99-512
X2 Thegroundwater exchange coefficient mm/day -10-5 -6.7-2.3
x3 Maximum capacity of routing store mm 1-500 146- 439
x4 The unit hydrograph time base days 0.54 2.2-3.6
Simplified Thornwaite's PET formula
athorn A constant for TIP&EFHNt hwai i - 0.1-0.3 0.15-0.3

*Predefined fixed values are used for these parameters based on previous studies

** Optimized ranges are based on the ensemble of calibrated parameter sets of each model for both water:
different objective functions aridput scenarios(the outlier values are removed)

2.3.2.5Lumped HEGHMS based models

The HEGHMS software, developed by the US Army Corps of Engineers, is designed for

both continuous and evehaised simulation of the rainfalinoff process of dendritic
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watersteds (Scharffenberg, 2016). It is a reliable platform for developing variants of
lumped and senddistributed hydrologic models by allowing the user to choose from an
assortment of methods which can model different components of hydrologic cycles (i.e.,
surface, canopy, loss, transform, baseflow and routing processes). The general structure of
any continuous hydrologic model developed based on the-HES framework is
illustrated in Figure2-3. As can be seen, the meteorological component, including the
snowrainfall discrimination and snowmelt module, estimates the excess water that may
contribute to runoff generation. Then, the basin component, consisting of the conceptual
simulations of different physical phenomena, determines the streamflow value dtehe ou

of the watershed. In this study, three lumped, structurally different hydrologic models were
developed using different combinations of the available baseflow and loss methods in the
HEC-HMS platform. The first HEGHMS model, called HEC1 hereafter, asbe Deficit

and Constant loss method and the Recession baseflow method, while the other two models
(i.e., HEC2 and HEC3) use the soil moisture accounting loss method with the Recession
or Linear Reservoir baseflow methods, respectively. The parametets aitilized
approaches, presented in Talé, show the total number of 7, 15, and 17 parameters for
HEC1, HEC2, and HEC3 models, respectively (excluding the parameters of snowmelt

routine).

It is worth mentioning that the only snowmelt method avadlabthe HEGHMS software
is the temperature index that is an extension of the degneéDD) approach. However,
unlike the DD approach where a constant snowmelt rate is used for each degree above a

base temperature, the melting rate in HBERS is determmed as a function of an
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antecedent temperature index (ATI) (Gyaw&alWatkins, 2013; Razmkhah et al., 2016).

As can be seen in Tal?e4, due to the importance of ATI melt rate (ATIMR) function on

the accuracy of the snowmelt process, 22 different scenarios are defined for the ATIMR
curve proposed by USACE (Khalida et al., 2014; U.S. Army Corps of Engineers, 1991)
and the best one is det@ned through the calibration process. Additionally, all three HEC
HMS based models use the monthly average PET option in their meteorology models; the
monthly average was calculated using the Hargreaves equation (Hargtke®asani,

1985), which is pro@d to be one of the most promising temperabaged PET estimation

method in cold regions (Almorox et al., 2015).
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Figure 2-3 The general structure of HEBMS based hydrologic mod€Beldman,
2000; Scharffenberg, 2016)
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Table2-4 The parameters of various HEAMS hydrologic process and their actaiple

ranges
Process Method Description Unit Range
) The maximum storage capacity of canopy mm 0-1500
Canopy Simple o
PET pan coefficient - 0-10
Surface  Simple The maximum storage capacity of surface mm 0-1500
Deficit & The maximum storageapacity of the soil mm 0-500
Constant  percolation rate mm/hr 0.1-5
Maximum infiltration from surface to the soil mm/hr 0-500
Storage capacity of the soil top layer mm 0-1500
A part of soil storage not affecting by gravity (Tensi mm 0-1500
storage)
LosS Percolation rate from soil to GW1 layer mm/hr 0-500
SMA Storage capacity of GW1 layer mm 0-1500
Percolation rate from GW1 to GW?2 layer mm/hr 0.01:500
Lag time determining lateral outflow from GW1 hr 0.01-:10000
Available storage in the GW?2 layer mm 0.01-1500
Deep percolation mm/hr 0.01:-500
Lag time determining lateral outflow from GW2 hr 0.01-10000
Time of concentration hr 0-1000
Transform Clark o ]
Storage coefficient accounting for storage effects hr 0.01-1000
Time coefficient for linear reservoir in GW1 layer hr 0-10000
Linear The number of reservoir used for routing # 1-100
Reservoir  Time coefficient for linear reservoir in GW2 layer hr 0- 10000
Baseflow . .
The number of reservoir used for routing # 1-100
) Recessiorronstant - 0-1
Recession . i
Ratio of flow to peak flow for resetting base flow - 01
Temperature for discriminating between snow and rainfa C -2-3
Melting threshold temperature C -2.52
Melt rate in the wet rain condition mm.C/day 0-10
%5 Limit for Discriminating between dry rain and wet rain mm/day 0-200
E Coefficient for updating the antecedent meltrate index - 0.90.9995
[}
= Relationship between meltrate and ATl (ATIMR function) - e .
Snowmelt ] scenarios
Q
2 . .
g Threshold of rainfall caused rapid change mm/day 0-20
ki temperature
Coefficient for updating the antecedent cold content inde - 04-1
The maximum liquid water capacity in the snowpack % 3-10
Melt rate caused by ground heat mm/day 0-2
Changingtemperature in different elevation C/1000m -5
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2.3.3Snowmelt routines

As previously mentioned, due to the significant effects of the snowmelt process on stream
flows in both Big East River and Black River watersheds, two different tempernatiee
models,requiring only temperature and precipitation data, are selected. Both methods
possess the same snoainfall discrimination procedure where the UppéY)(and Lower

("Y) threshold temperatures are ussdwo calibrating parameteis distinguish betwen

snow and rainfal{Samuel et al., 2011)n addition,in both models the amount of rain and
snow are simply modified by multiplying byin correctionY 6 YJ@nd snow correction

("Y O Y'&actors respectivelyFor snowmelt estimation, the DegiBay (DD) method relies

on a linear relationship between snowmelt and air temperatiiréf (Yis less than the
melting temperature thresholdy(), the melt rate is calculated by multiplying difference
between"Yard Y by degreeday factor (O'O'D The SNOW17 approach, however,
considers some of the physical processes involved in snowmelt (e.g., energy exchange
between air and snquwhe effects of rain on snow, the snowpack heat storage and deficit),
without neethg additional input datg§Agnihotri & Coulibaly, 2020; Anderson, 2006)
During the norrain period, the same concept as DD is used for melt rate calculation
whereas the melt factor seasonally changes based on two parameters, maxig@anay(

and minimum @ "QAQEmelt factors. Additionally, the melt during rain is determined by a
simplified empirical energy balance equati®hamir & Georgakakos, 2006)Other
parameters which should be calibrated for SNOW17 includevbeage wind function

(6 &) @Mtecedent snow temperature ingé@xQ1), taximum negative melt fact¢e & JQ
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and thewater holding capacitgf the snow packr( &"@). Detailed descriptions of both

snow routing approaches can be found in the albded references.
2.3.40ptimization and Evaluation Processes

The main purpose tfie calibration of a rainfalunoff model is to select the best parameter

values by minimizing the difference between observations and model streamflow
predictions (Chiew et al., 1993). However, the choice of a proper objective function from

a bunch of wk-known performance statistics is not a straightforward task. In this study,

for decreasing the influence of-compagsonsi ng o
five criteria, including Nash Sutcliffe Efficiency (NSE), Nash Volume error (NVE), Kling

Gupta Efficiency (KGE), Modified Nash Volume Error (MNVE), and Peak Weighted Root

Mean Square Error (PWRMSE), were selected and considered as different single objective
functions in order to find the best parameter set for each of the raunfalif modes

(Table 2-5). While the first three metrics are formulated to accurately simulate medium

flows, the latter two ones focus on providing more accurate high flow simulation
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Table2-5 Performance statists used as objective functions and evaluation criteria

Criteria Mat hemati cal For mul Range
Objective function
Nash SEftici®BcCcy ( B ) @
(Na&Swtcliffe, 197(P 3 ® bt da
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Kl'ing GuptaOopffici - z - 3 )
(Gupta et al ., 200 P ! w P w P bt g
Modi f i eddd dNWE ( - )
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PeaWei ghted root me = - -
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Eval u@tibperi a

, B 0 0
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All models are calibrated for the period from 2006 to 2011, with the year 2006 considered
as warrup period. Thehreeyearperiod(2012 to 201pwas used for the validatioithe
dynamically dimensioned search (DDS) algoritfinlson& Shoemaker, 2007%yas used

to calibrate the parameters for each model in this study. DDS is a heuristic global single
solution based search algorithimat was developed to calibrate complex hydrological
models with a large number of parame{éisenault et al., 2014The main distinguishing
feature of this method is the transition from global to local search by dynamically rescaling
the dimension of the search spatiee Ostrich calibration toolk{iMatot, 2005)was used

to run the DDS optimization for each model.

It is of note that although there are two available automatic calibration algorithms in HEC
HMS software, they perform poorly in finding the optimized parameter sets, especially
when there & a relatively high number of parameters to be calibréBrahderlik &
Simonovic, 2004) From the literature, witlthe exception of Dariane et §2016)who
developed an automatic calibration for the HEMS program based on genetic algorithm,
there are no studies that calibrate all patanseof a continuous HEEIMS model with
snowmelt routine using autaptimization methoddn this paper, Ostrich, Matlab, HEC
HMS, and HECGDSSVue are linked together in order to apply the DDS optimization

algorithm to calibrate HEEIMS models Figure 24).
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Figure 2-4 The general structure of HEBMS based hydrologic mod€Beldman,
2000; Scharffenberg, 2016)

Moreover, in this study, seven different evaluation metrics are used for assessing the
performance of the calibrated modelalle 2-5). Apart from standard "YQve utilized

0 "Y'@alculated based dgarithmic (0 "Y'Q @nd squareq? "Y'Q transformed stream

flows for reflecting the accuracy of low and high flows, respectively. Volume Egsdp (
assessebe longterm performance of the model simulation and Peak Edrdpévaluates

the model sdé ability in capturing peak fl ow
illustrated using the coefficient of transferabilityr ) where the lower values shdwetter

mo d e | parametersd transferabilityorfmorem cal.

speci fic eval uation of di fferentO"Wisdel so
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calculated and comparassing the 90 percentile streamflow valueés™@w it We also
utilize representative hydrographs and scatterplots, as graphical tools, for visually

assessing the performance of different models.
2.4Results
2.4.10bjective functions evaluation

The combination ofevenhydrologic models, two different precipitain input
scenarios, and five various objective functions leads to 70 different calibrated models for
each watershedvaluating the effect of considering different objective functions is the
prime step before comparing various hydrologic models. Therefaremparison is made
between the performance of the calibrated models using the five performance criteria in
Table2-5 as an objective function for both the Big East River and Black River watersheds
in the validation period (Figurg-5). The first thingthat stands out from the comparison
results in both basins is that neither of the objective functions has complete superiority in
providing the most promising parameters set of all models. Based on the results, it is shown
that although thé 'Y 0 ™M@ 0 U & Statistics give moreveights to high flow values
using them as an objective function does not significantly improve the performance of the
calibrated models regarding high flows. Additionally, the models calibrated with those
metrics PWRMSEard MNVE) are the worst at modeling low flows, leading to large
variation in0 "Y'OQ0OMoreover, as expected, calibrated models, utiliZindr'@s an
objective function, perform well according @o"Y ®ased performance criteria (i.8.,"YO

0 "YQaid 0 "Y'Q.However, there are some concerns about their performance regarding

43



Ph.D. Thesig§ Pedram Darbandsari McMaster UniveisiBivil Engineering

volume and peak error related measuremesizecially in Big East River watershed where
both & ‘Cand 0 ‘Quncertainty ofd "Y'®ased calibrated models are relatively larige.
addition, the comparison @f "Y'Ordeasurements shows that usingo @or calibrating
models outperform the other ones in low flow simulation in both watersheds. The relative
good performance of the "O®ased calibrated modeis noticeable in Big East River
while in Black River watershed, they are not the best ones. By looking at all different
performance criteria simultaneously, it can be seen that usi@@nd0  @rovide good

and reliable performance when considemiiiferent aspects of the hydrographs (i.e. low,
high, and peak flowsHowever, it is impossible to determine one objective functiohes t

best one that can be used for calibrating all hydrologic madélsth watersheds.

For better clarifying the effés of choosing objective function on model results, Takse
exemplifies the validation performances of MACHBYV and SMARG hydrologic models
being calibrated using w ‘@ndu "O@s objective functions. In Big East River, usingo ‘O
provides better pameter estimation of MACHBV whilé& "O(nerforms better for
SMARG. The opposite is true in Black River watershed wief®@@ndl w ‘@re better
objective functions for MACHBYV and SMARG, respectively. The usé of @ads to the
superiority of MACHBY in Big East River while SMARG perform better if both models
are calibrated with "O0The same issue arise in Black River where comparii@O
calibrated models shows the advantages of MACHBV over SMARG, however, the same

performances are achievedtie case of using w0
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Figure 2-5 Box Plots of different performance criteria and their corresponding ranks for
simulated daily stream flows by implementing five various objective functions during the
validation period, derived from seven hydrologic models using two different input

scenaros for(a) Big East River an@b) Black River watersheds

Table2-6 The validation performances of MACHBYV and SMARG hydrologic models
being calibrated by using w ‘@nd0 "O@s objective functions and grod based
measurements as forcing precipitation input

Big East River Black River
Criteria NVE KGE NVE KGE
MACHBY SMARG | MACHBY SMARG | MACHBY SMARG | MACHBY SMARG
NSE 0.81 0.74 0.67 0.75 0.65 0.68 0.73 0.65
NSEL 0.79 0.79 0.36 0.83 0.79 0.76 0.73 0.54
NSES 0.63 0.50 0.54 0.52 0.33 0.35 0.53 0.31
VE 0.01 0.07 0.06 0.05 0.01 0.01 0.02 0.01
PE 0.40 0.48 0.42 0.45 0.44 0.51 0.42 0.47
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2.4.2 Model Comparison

The main goal of this study is to find the most promising conceptual hydrologic model in
datap oo r watersheds by reducing the effects
performance. Therefore, two types of irt@mparison are made between the seven
aforementioned hydrologic models. First, we compared all calibrated models with each
other. Consequently, the twenty calibrated sets of parameters for each hydrologic model
are considered to create the box plots of the evaluation performance metrics for the
validation period (Figur@-6). The most obvious conclusion derived from FigQré is

that, in general, the HEEIMS based models perform worst in comparison to the other
hydrologic models. This relatively poor performance is more significant when the low
flows are the main concerns of the simulation. Moreover, regarding high flows, the
MACHBYV shows the best performance while the high capability of the GR4J model in
high flows simulation cannot be ignored, specifically in the Big East River watershed
where he0 Qrriteria of the GR4J models is the best one. By looking at all six performance
statistics, the MACHBYV is the most consistent hydrologic model for both watersheds and
can be considered the best rated one. The performance of both the SACSMA and GR4J

models also provide reliable and valuable results, whereas the HEC based models do not.
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(b) Black River watershed

Figure 2-6 Box plots of different performance statistics for simulated daily stream flows
by using different hydrologic models, derived from sets of calibrated parameters based
on five objective functions and two various input scenafavghe (a) Big East Riverral
(b) Black River watersheds during the validation period

The second type of model inteomparison is between the beslibrated set of parameters

for each model using the EC precipitation input scenario. We chose the best parameter set
by comparing dlthe aforementioned performance statistics focusing on the validation
period. The set of parameters with the best rank and rational condition (i.e., the values of

di fferent perfor mance measurements ar e
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providing uneasonable predictions are ignored) was determined as the best selected one.
The evaluated performance statistics of the final selected models in both calibration and
validation periods and the relative comparison between them are presented i@-Table
andFigure2-7, respectivelyWhat stands out ithe results for the Black River watershed

is that, in general, MACHBY is the bestted model based on most of the criteria in both
calibration and validation periods. However, the results are more complée Big East

River watershed, where the GR4J model is the best performing one during the validation
period while MACHBYV, SACSMA and GR4J models perform competitively based on the
calibration period results. Moreover, regarding high floaged criteria, MABBV and

GRA4J respectively provide the best results in Black River and Big East River watersheds.
In addition, asconcludedin the previous comparison, although HEC2 and HECS3,
compared with HEC1, relatively lead to more reliable results, the three HECrhadets

do not perform as well as the other four conceptual models in either watersheds.
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Table2-7 The performance statistics of the bealibrated models in both watersheds

Calibration Validation

é"? Model g’% & & & < = & z G & < v %

=1 % g- I_(In_I m m m m g I'(?'I m m m m g

S MACHBV 3 0.9¢ 0.85 0.90 0.00 0.14 0.77| 0.81 0.79 0.63 0.01 0.40 0.44
% SACSMA 3 0.88 0.85 0.85 0.00 0.19 0.67| 0.76 0.82 0.53 0.04 0.46 0.18
% SMARG 5 0.88 0.81 0.86 0.04 0.16 0.71| 0.76 0.68 0.55 0.03 0.46 0.27
i GR4J 1 0.88 0.81 0.82 0.00 0.11 056| 0.79 0.68 0.60 0.02 0.45 0.26
'r:% HEC-1 4 0.84 0.57 0.84 0.00 0.20 0.54| 0.72 0.55 0.50 0.15 0.42 -0.07
E HEC-2 4 0.80 0.39 0.85 0.11 0.20 0.55|0.65 0.10 0.54 0.15 0.38 0.01
® HEGC-3 1 0.89 0.49 086 0.06 0.23 0.57| 0.75 0.78 051 0.11 0.44 0.05
3 MACHBV 2 0.84 0.76 0.81 001 0.05 0.65| 0.73 0.73 053 0.02 0.42 0.33
% SACSMA 2 0.77 0.79 0.63 0.00 0.27 045| 0.66 0.79 0.35 0.01 0.47 0.15
g SMARG 4 0.74 0.66 0.72 0.00 0.17 0.54| 0.63 0.54 0.37 0.00 0.48 0.20
_g GR4J 2 0.82 0.81 051 0.00 0.03 049| 0.79 0.86 0.72 0.01 0.28 0.43
% HEC-1 4 0.68 0.35 0.70 0.04 0.31 0.23| 0.55 0.20 0.28 0.01 0.50 0.00
”E HEC-2 5 0.67 0.31 0.70 0.03 0.28 0.35| 0.62 0.21 0.35 0.05 041 0.21
@ HEC-3 2 0.60 0.55 0.57 0.00 0.23 0.06| 0.71 0.40 0.52 0.09 0.30 0.31

1 The objective functions lead to the best parameter sets of each modelNf}2 =0 'OB =0 @4 =0 0 ©B
=0 w'YD YO

2 The best and theorst values are bolded and underlined, respectively.
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Figure 2-7 The rank of different hydrologic models based on various performance
statistics in the validation and calibration periods for (a) Big East River and (b) Black
River watersheds

For a better comparison of different model performance in simulating highsflseatter
plots ofthesimulated and observed daily peak fldgweak flows greateghan 75 percentije
areillustrated in Figure-8. Additionally, for qualitative inspectionFigure2-9 presents
representative portion othe simulated and observeldydrographsbased on various

hydrologic models with their best parameter sets (presented in Pable As was
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concluded previousiWWACHBYV andGR4J show better performance in comparison to the

other models regarding high flows lith watershedddowever it is worthy of note that

even the best hydrologic models possess a clear tendency to underestimate peak flows
especially in the Black River Watershed. This underestimation can likely be attributed to
both the model s&é st r ufardinginpetsiataadlse pooeektimatians t h e
of mean areal precipitation, derived from lol@nsity meteorological stations, can lead to
systematic under/overestimation of stream fl¢@sllischonn et al., 2008; Tegegne et al.,

2017b)

MACHBYV SACSMA SMARG GR4J
. S R=072
R = 0.68-

" RE=10.66
“ e

~R2 =068

‘.‘ 0 (
a ' HECI HEC3 HEC2
‘?; 200 2 Black River

S R=0.57 o
¢ L © Big East River

100 I T . .
B 08 e w0 Iinear (Black River)

------- Linear (Big East River)

Figure 2-8 The scatter plots depicting the simulated and observed daily peak flows,
greater than the 75 percentile, for the whole period (i.e. calibration and validation
periods) and their fitted regression lines for both Big East River and Black River
watersheds
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Figure 2-9 Observed and simulated daily runoff discharges at the outlet of (a) Black
River watershed and (b) Big East River Watershed for a repiasenportion of the
validation period

2.4.3The effect of forcing precipitation input (CaPA versus Groundbased station¥

In the case of lovdensity meteorological measurements, utilizing other sources of
data as forcing inputs into hydrologic models is neags Here, in order to evaluate the
reliability of Canadian Precipitation analysis (CaPA) data, a comparison is made between
the simulation results, derived from the best optimal parameter set of all hydrologic models

using the two predefined input sceioar The results, as shown in FiguzelO, indicate
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that in general, the CaPA based calibrated models perfapm@dximately similar to the
calibrated models based on EC data. However, the average transferability statistic implies
that using CaPA data, comparison to EC, provides more consistent performance for the
models during the calibration and validation periods. Also, by focusing on high flows, it
can be concluded that CaPA based calibrated models performed better specifically in the
Black River waershed where both "Y®®Tand0 Ccriteria of CaPA based calibrated

models possess a noticeable superiority over EC based ones.

Moreover, the effects of using different precipitation scenarios on model performances are
separately evaluated for variokgdrologic models, using the percentage of improvement

in low, medium, and high flows. These percentages are respectively defined as the percent
increase in0 "YQ "Y'Dand0 "Y'Oc¢Nteria when CaPA is used as forcing input in
comparison to the E€cenario (Tabl@-8). As can be seen, the effects of using CaPA as
an alternative forcing precipitation input is not consistent with different hydrologic model.
Regarding high flows, the results shows the advantage of using CaPA for almost all models
in both Big East Riveand Black River watersheds, where respectively the average of 18
and 12 percentage of performance improvement occurs basetvdiciterion. However,

the effects of implementing CaPA on low flow performance of different models do not
follow the samerend. In Big East River watershed, using CaPA leads to [6wW¥iOaj
MACHBYV, SACSMA, and SMARG while the low flow performance improvement of
HEC-HMS based models is significantly high. On the other hand, in Black River watershed,
except HEC2 and HEC3yhere implementing EC and CaPA precipitation scenarios

respectively results in better I ow flow si
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low flows does not significantly changes when different input scenarios are used. Besides
HEC2 with 24%0) "Y'®Gased improvement, the general performances of different models
(i.e. using NSE measurement) do not face significant changes in the case of using CaPA as

forcing input.
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Figure 2-10 Box plots of different performance measurementgaloBig East River and

(b) Black Rivewatershedsising besestimated parameter set of all hydrologic models.

These are derived from two input precipitation scenarioszitnment Canada (EC) and
Canadian Precipitation Analysi€aPA)
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Table2-8 The model performance statistics of differentoasibrated models by
implementing EC and CaPA precipitation scenarios

Obj. Func? NSE NSEL NSES
Basin Model
EC CaPA| EC CaPA | % 12| EC CaPA | | (%) EC CaPA| %l
MACHBV 3 3 0.73 0.76 | 4% | 0.73 0.67 -8% 0.53 0.60 13%
5 SACSMA 3 1 0.66 0.70 6% | 0.79 0.75 -4% 035 045 | 29%
-02: SMARG 5 5 0.63 0.69 9% | 0.54 0.38 -30% | 0.37 043 | 17%
@ GR4J 1 2 079 0.78 | -1% | 0.86 0.87 0% 0.72 0.75 5%
g, HEC1 4 1 0.55 0.58 6% | 0.20 0.34 2% 0.28 0.35 | 26%
@ HEC2 4 4 062 067 | 8% | 0.21 0.32 55% 0.35 0.56 | 59%
HEC3 1 1 0.71 066 | -7% | 0.40 0.64 59% | 0.52 041 | -21%
MACHBV 2 5 0.81 0.83 3% | 0.79 0.76 -3% 0.63 0.68 7%
SACSMA 2 1 0.76 082 | 7% | 0.82 0.84 2% 0.53 0.62 | 15%
_g SMARG 4 2 0.76 0.80 5% | 0.68 0.72 6% 055 0.62 | 12%
2,_: GR4J 2 1 0.79 0.78 | -1% | 0.68 0.68 -1% 0.60 0.66 8%
f—E HEC1 4 3 0.72 080 | 11% | 0.55 0.57 3% 0.50 0.62 | 24%
HEC2 5 1 0.65 0.80 | 24% | 0.10 0.30 181% | 0.54 0.58 8%
HEC3 2 1 0.75 074 | -2% | 0.78 0.61 -22% | 0.51 054 5%
1The objec)t(ive functions lead to the best parameter sets of each model'(d 2 =0 "O®B =0 W't =0 0 WG
=0 @YD YO

2 G- The percentage of Improvement. Its positive values are underlined.

2.4.4Evaluation of Snowmelt EstimationMethods: DegreeDay and SNOW17 modes

For assessing the effects of implementing a more complex snowmelt routine, a comparison
is made between the MACHBYV and SACSMA hydrologic models in conjunction with
DegreeDay (DD) and SNOW17 snowmelt estimation appheesc Four model structures,
stemming from the combination of two aforementioned hydrologic models and snow
modules, are calibrated using two predefined input scenarios and five aforementioned
objective functions in both watersheds.order tofacilitatethe evaluation, the percentages

of model improvement in medium and high flows were usé&e former one is defined as

a percent increase in "Y'@hen the SNOW17 model is implemented in comparison to DD
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method while the latter one is based @AY Oc¢Mteria for focusing on high flows,
specifically. Positive values of model improvement shows the advantage of using the

SNOW17 method.

Figure2-11 presents the model improvements in both calibration and validation periods
using allcalibrated models for eachatershed. For the SACSMA, in both watersheds
during both periods, the median is more than zero indicating enhancement of the model
performance in the case of adapting the SNOW17 model. However, the positive effect of
using the SNOW17 model, combined wite MACHBV model structure, cannot be
concluded. For instance, although the model improvements during the calibration period
in the Big East River watershed are almpssitive, especially regarding high flows,
opposite results are obtained in the valmatperiod, where the high flow model
improvement median is arour@D percentMoreover, norder to complete the assessment,

a comparison has been made between the best optimal parameter set of each model
structure (Table2-9). In line with the previousomparison, the results indicate that
coupling the SACSMA and SNOW17 provides better results especially in high flows
where the maximum of approximately 25% improvement occurs. However, the DD
approach seems to be more appropriate to be used in conjuwitiiothe MACHBV

model structure especially in the Big East River watershed. In addition, the performance
of the models regarding the whole hydrographs (i.e., model improvement based on NSE)
varies between 2% and ~8% depicting no specific enhancemengy @ n e r a | model

performance in the case of implementing more complex snowmelt models.
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Figure 2-11 Box plots othe MACHBYV and the SACSMA model improvemer{ts) iBig
East River andb) Black River watersheds using all estimated parameters of the models
The positive value of model improvement reveals the positive effect of utilizing the
SNOW17 method, while the negative value shtvesadvantage of the DD approach
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Table2-9 Themodel performance statistics of the beslibrated SACSMA and MACHBY in conjunction with DD and SNOW
17 snowmelt methods in both watersheds

I L Model Improvement (%)
) Calibration Validation — —
Basin Model Input Snowmodel Calibration Validation
NSE NSES PE | NSE NSES PE NSE NSES | NSE NSES
DD 090 090 014 | 081  0.63  0.40
3 > EC 0.3% 2.6% 1.5% 2.2%
< @ s17 091 092 011 | 082 065  0.38
o} < DD 090 091 012 | 083 068 033
g s CaPA -0.3%  07% | -01%  -0.5%
= S17 090 091 011 | 083 067 031
2 DD 088 085 019 | 076 053  0.46
4 < EC 3.3% 7.8% 7.9%  21.0%
X = S17 091 092 011 | 082 065  0.38
(1)
o < DD 090 089 018 | 082 062  0.39
) CaPA 0.4%  2.1% 1.8% 9.4%
S17 090 091 011 | 083 067 031
2 DD 084 08L 005 | 073 053 042
9 > EC 1.7%  3.6% | -3.5%  -32.8%
% @ S17 082 084 012 | 070 036  0.33
)
B < DD 080 079 012 | 076 070  0.36
2 s CaPA 1.9% 5.7% | -7.1%  -31.1%
= S17 081 084 009 | 070 048  0.35
& DD 077 063 027 | 066 035  0.47
po” < EC 9.1%  285% | 4.8% 12.6%
2 = S17 084 082 019 | 069 040  0.47
L
= < DD 074 064 034 | 070 045 050
@ o CaPA 6.3%  20.4% | 2.0% 16.6%
S17 079 077 022 | 071 053  0.45

* S17 is the abbreviation of SNOW17.
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2.5Discussion

Assessing the effects of different objective functions on model performances
indicate that in general, using"™O@nd0 w ‘@s an objective function can provide more
reliabl e estimati on o0 @@ adomeEnatemod Y@awa@d® | s 6
(Table 2-5) and its best value gives both the lowest difference between computed and
observed flows and small volureeror, (Lindstrém, 1997; Samuel et al., 2014)"O@lso
consider three measures (correlation, bias, and variability) simultaneously and provide
more consistent results thanY'@specially in basins where the variability of the observed
flow is high (Buzacott et al., 2019; Gupta et al., 2009)ch as Big East River watershed
where the streamflow coefficient of variation is 1.21 compared with 1.05 in Black River.
However, the two aforementioned criteria do not always lead to the best optimal parameter
sets for different hydrologic models lboth watersheds and will affect the performance of
various models in different manners (Fig@rB and Tabl&-6). This proves the necessity
of considering multiple objective functions in model intemparison process in order to

find more robust and cgomnehensive conclusions.

Inter-comparison of different conceptual hydrologic models suggests that
MACHBY is the most consistent model providing reliable low, medium, and high flow
estimation in both basinghis conclusion ig line with the original purpse of developing
MACHBYV, which was to simulate stream flows of ungauged watersheds in Ontario
(Samuel et al., 20112012. Also, the parsimonious GR4J model, with the lowest
complexity, possess compete performances in both watersheds, especially regarding

high flow simulation (Figur&-8 and2-9). Besides the proven capability of GR4J model
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structure in daily streamflow simulatigWijayarathne% Coulibaly, 2020)this advantage

may be due to the remarkable ability of GR4J to compensate the problem of having poor
precipitation input The parameters of GR4J model (e, &g, and®o) can be relatively
distorted througlhe calibration process in ordergmvide good results even with limited

input data(Andréassian et al., 2001; Drog&eKhediri, 2016; Simonneaux et.,a2008)

This ability is also demonstrated where along with MACHBYV, GR4J possesses the lowest
changes of performance in comparison to other models when CaPA is used as another
source of precipitation (Tabl2-8). On the other hand, compared with otbenceptual
models, the HEEHMS based ones have relatively poor performances in both watersheds,
which is more significant in low flow simulation. With HEC1 and HEC2, the possible
reason of their poor performance, which is more pronounced than HEC3, lswthe
capability of the recession method in accurately estimating base flow. In addition, this may
be due to the use of the fixed monthly estimated PET for-HES based models,
compared with other models where the daily PE@atermined during the calilifan
process. Thereforeyaluating the effects of usiag external PET estimation model linked,

and calibrated with HEEIMS, on the accuracy of streamflow simulation is recommended

Evaluating the effects of CaPA as another source of precipitation dibr b
watersheds indicate that the effect of using different input scenarios is not similar for
different hydrologic models and considering it in model comparison proaespiisedfor
possessing robust conclusions. As previously stated, changing rhagahe least effect
on MACHBYV and GR4J models (Tab®8), proving their suitability for study regions

with low data availability. Also, the reliability of CaPA as another source of precipitation
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for both watersheds is confirmed by comparing the perfoceaf different hydrologic
models. CaPA based calibrated models yield better high flow estimation than using sparse
groundbased measurements for model calibration (Figui® and Table2-8). This is

more obvious in Black River watershed and can befigiske by the fact that EC based
input scenario underestimates severe daily rainfall events in the Black River watershed
(Figure2-2). In linewith previous studieshe results of this studshow that using reliable
spatially distributed data can provide®re accurate mean areal precipitation estimates
and affect the performances of the lumped hydrologic models inpdataregions
(Collischonn et al., 2008; Martel et al., 202Bpwever,more comprehensive evaiion

of data with high spatial resolution and the effects of its spatial heterogeneity on hydrologic
model performances required the application of a distributed or-distributed

hydrologic model§Mazzolei et al., 2019)

Snowmelt module is an important part of any hydrologic model in simwinated
watersheds. Therefore, this study compared DeDege (DD) and more complex
SNOW17 methods, relying on temperature and precipitation as the only inputs, in
conjunction with twdydrologic models (i.e. MACHBY and SACSMA). In general, in line

with Agnihotri and Coulibaly(2020) the results indicate the competitive performance of

DD in both watersheds, which may be related to the land use characteristics of the regions,
which are forested. Regarding high flows, the SNOW17 performs biedteiDD in Black

River watershed while in Big East River, this superiority is less noticeable and diminishes
from calibration to validation periods. This may be attributed to the steeper topography of

the Big East River watershed and not dividing it idiféerent elevation zong@gnihotri
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& Coulibaly, 2020; Anderson, 20Q6)nother possible reason for this outcome is the lack
of long-term historical data in datscarce regions. The higher degrees of freedom of
SNOW17 method, compared with DDM, can lead to paranosefitting when the length

of the calibration period is not long enough due to low data availability.
2.6 Summary and Conclusions

Inter-comparison of various conceptual hydrologic models for continuous daily
streamflow simulation in watersheds with low datailability is the main goal of this
study. Consequently, the performance of seven lumped conceptual naintfl models
with different structures (i.e., SACSMA, MACHBV, SMARG, GR4J, and three HEC
HMS based models) were compared in two gtar and sow-dominated watersheds,

Big East River and Black River, located in Northern Ontario, Canada. All models were
calibrated using five different criteria (i.@."Y/® "O@ o@D 0 @®@dd 'Y D "Yahd
two different input scenarios in order telax the influence of calibration process on the

model s6 results.

The comparison results suggest that although the SACSMA and GR4J hydrologic
models possess competitive performances, MACHBYV shows the best results in simulating
the daily stream flows fordih watersheds. Also, the GR4J model shows the highest
accuracy for high flow prediction in both watersheds. The results also indicate that the
HEC-HMS based models provide lower performarespecially for low flows. From inter
comparing the different sictures of the HEEMS models, using the soil moisture
accounting and linear reservoir approaches are preferred to Deficit and Constant loss and

recession methods for continuous daily streamflow simulation. Moreover, alongside model
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comparison, the evaluah of the effects of using different objective functions shows that

0 "O@ndi w ‘@re the most consistent criteria leading to reliable parameter estimvétion
reasonable performance regarding different parts of the hydrograph, aghiearing
different model structures require considering the effects of objective function selection.
Furthermore, the comparison between gauged and CaPA based calibrated models in both
watersheds indicates the high potential of CaPA data as aaffeodative in the casef

low data availability. CaPA not only provides the same level of performance in general but
also leads to better results than grobaded data regarding high flows. In addition, due to
the importance of accurate snowmelt estimation in sdominated wkersheds, we
compared the performance of the MACHBV and SACSMA hydrologic models in
conjunction with DegreeDay method (DD) and more complex SNOW17 snowmelt
estimation methods in both watersheds. In general, incorporation of SNOW17 does not
significantly mprove the performance of either hydrologic models. By focusing on high
flows, however, the results show that implementing SNOW17 with SACSMA is

consistently superior, while the DD method pa&nform comparalglwell with MACHBV.

In general,this study revals that besides considering the effects of calibration
process, utilizing different precipitation input scenarios can lead to more robust conclusion
of model comparison process in datzor watersheds. The findings of this stsdggest
that MACHBYV and GR4J ar¢he most robust lumpetbnceptual rainfaltunoff models,
reacting well to poor mean areal rainfall estimation in -datace watersheds and
performing well regarding different aspects of the hydrographs, while the SACSMA also

reliably simulates streamflow in both watersheds. In addition, this study confirms the high
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potential of the archived aggregated daily CaPA data to be considered as a hydrologic
forcing in datapoor watersheds in Northern Ontario. Moreover, another implicatidreof t
results is that implementing the more complex SNOW17 model for snowmelt estimation
in watersheds with low data availability does not always provide more reliable results, and

its effectiveness depends on the hydrologic model structure.
Limitations of ths study are as follows:

1 The study was designed for assessing the general performance of models
regarding all aspects of hydrographs (i.e. low, medium, and high flows),
simultaneously. However, inteomparing various models being calibrated
regarding diferent particular class of flows, separately, would be advisable.

1 Although the hydrologic responses of the two considered watersheds are
not quite similar, the findings of this study remain applicable within the
sametopograpic and climatologc conditions.So,we recommend further
application of the proposed model intmmmparison for different types of
watersheds (i.e., mountainous, samd, semiurban) with low data
availability for providing more comprehensive conclusions.

1 There are other conceptuabdels with different structures that are worth

to be investigated in future studies.

The reliability of Canadian Precipitation Analysis in estimating mean areal precipitation as
an input of lumped models in dataarce regions were revealed in this stugyyever,

further studies need to be carried out to comprehensively assessed the accuracy of spatial
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heterogeneity of CaPA data in Northern Ontario, using a distributed ordésinthuted

hydrologic models.
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Chapter 3. Inter -Comparison of Different Bayesian Model Averaging

Modifications in Streamflow Simulation

Summary of Paper 2 Darbandsari, P., & Coulibaly, P. (2019). Intemmparison of
different Baye®n model averaging modifications in streamflow simulationtaVd 1(8),

1707.

In the context of streamflow predictions, this research work aims at evaluating the effects
of various previously recommended Bayesian Model Averaging (BMA) modifications,

including the implementation of different data transformation approaches, various
distribution types, heteroscedastic variance, and different BMA parameter estimation

methods on the reliability and accuracy of BMA predictive results.
Key findings of this reseah include:

The contributios of differentmembes of the ensemble in the BMA final results
arenot always in accordance with their individual performances, which shows the
significant importance of establishing an ensemble with independent members,
capturing the whole observational variability.

The expectatioamaximization algorithm is a robust tmization method for
reliably estimating the original BMA parameters.

The application othe non-constant (i.eheteroscedastic) variance enhanttee
capability of the BMA method for quantifying predictive uncertainty, especially for

high streamflow vales.

79



Ph.D. Thesig§ Pedram Darbandsari McMaster UniveisiBivil Engineering

Applying the data transformation method, in general, leads to more reliable
predictive results while it reduces the sharpness of the probabilistic high flow
streamflow predictions.

The effects of employing more representative distribution types inBMA
formulationaremarginal.

The combination of data transformation approach anecoostant variance yields

under confident results with large width of confidence interval bounds in high flows
3.1 Abstract

Bayesian model averaging (BMA) #&spopular method using the advantages of forecast
ensemble to enhance the reliability and accuracy of predictions. The inherent assumptions
of the classical BMA has led to different variants. However, tlsamet a comprehensive
examination of how theselstionsimprovethe original BMA in the context of streamflow
simulation. In this study, a scenabased analysis was conducted for assessment of
various modifications and how they affect BMA results. The evaluated modifications
included using various stamflow ensembledata transformation procedurédsstribution

types standard deviation form@and optimization methods. We applied the proposed
analysis in two datpoor watersheds located in northern Ontario, Canada. The results
indicate thatusing moe representative distribution types do not significantly improve
BMA -derived results, while the positive effect of implementing-constantvarianceon

BMA probabilistic performance cannot be ignored. Also, higher reliability was obtained
by applyingadaa tr ansformati on procedure; however

significantly. Moreover, although considering many streamflow simulations as ensemble
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membersdoes not always enhance BMA results, using different forcing precipitation
scenarios b@des multimodels led to better BMMAvased probabilistic simulatieim data
poor watershedsAlso, the reliability of the expectatiomaximization algorithm in

estimating BMA parameters waenfirmed

Keywords: Bayesian model averaging; mutitiodel ensenlb hydrologic simulation;

uncertainty analysis; Canada
3.2Introduction

Different types of hydrologic models, varying from empirical and conceptual to fully
distributed physically based models, have been developed in order to increase the accuracy
of hydrologral forecasts. However, none of these models describe all aspects of
hydrological processes sufficiently and without avoiding errors. Therefore, it remains
difficult to choose one of them as superior in all conditi@tsen et al., 2013; Z. Liu et al.,

2016)

Different uncertainties in rainfatunoff modeling, arising mostly from parameters, inputs,

and the structure of the mod&oradkhani & Sorooshian, 2008; Shrestha, 2088gd to

be quantified reliably and acately as possible. This can be done by generating a
streamflow ensemble systdiiadadgar & Moradkhani, 2014; Michaels, 2015; Seo et al.,
2006) Although using streamflow ensemble based on Anytit and multiparameter sets

can enhance the uncertainty quantification process, it cannot address the uncertainty within
a single hydrologic model structure (i.e., model structural uncertd®degrgakakos et al.,

2004; Vrugt & Robinson, 2007)Consequently, in rent years, some muithodel
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approaches have been developed in order to find more reliable results by combining

multiple model forecasts.

The model averaging approaches can be divided into two main groups. The first one
includes methods leading to a gma&int deterministic result by using the weighted average

of the deterministic model forecasts or simulations, such as simple model averaging
Grangefr Ramanathan averagin@ranger & Ramanathan, 1984nd artificial neural
network (ANN) method¢ Shamsel din et al ., 1997The Shamse
second group contains combination techniques like Bayesian mosi@gawg (BMA)
(Hoeting et al., 1999; Raftery, 1993; Raftery et al., 1997, 20@%¢h quantify the
predictive uncertainty and provide probabilistic résuln the BMA method, individual
models are weighted using their likelihood measures and probabilistic results are generated
by combining the probability distribution of various individual forecasts. It has been shown
that BMA is one of the most promisimgulti-model combination approaches in producing
more reliable and accurate results in comparison to the other méfsdsault et al.,

2015; Raftery et al., 2005; Viallefont et al., 2001)

There are many different fields, from medicine to management, where the BMA method is
applied(Tian et al., 2014)Bayesian model averaging has been largely used in meteorology
(Liu & Xie, 2014; Ma et al., 2018; Raftery et al., 2005; Sloughter et al., 2007; Sun et al.,
2018) In recent years, the BMA approachshi@een applied in various water resources and
hydrologic studies ranging from groundwater mode{idguman, 2003; Rojas et al., 2008;
Zeng et al., 2016)o flood frequency analysi¥an & Moradkhani, 2016)Moreover,

various studies have successfully applied the BMA method in the fielgdoblbgical
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modelling(Ajami et al., 2007; Dong et al., 2013; Duan et al., 2007; Huo et al., 2019; Liang

et al., 2013; Najafi & Moradkhani, 2016; Qu et al., 2017; Yen et al., 2014)

There are some potential issues and limitationghe standard Bayesian model averaging
approach. One of the main assumptions of the classic BMA methodology is estimation of
forecast posterior probability distribution by a Gaussian function. It has been raised that
this assumption leads to inappr@te results in the case of nroormal data, such as
streamflow or precipitation where skewed distributions (e.g., gamma) are more
representative. This has motivated some research to relax this assumption by considering
different types of distributiongSloughter et al., 2007; Vrugt & Robinson, 200f)
applying a data transformation procedure in order to generate approximately normal data
(Duan et al.2007; Z. Liang et al., 2013; Qu et al., 2017; Todini, 2008; Yan & Moradkhani,
2016) Additionally, in the original BMA, a single constant variance for conditional
probability distribution functions (PDFs) is implemented. This seems to be unsuitable for
streamflow data where the larger errors are expected regarding high flows. Consequently,
some studies proposed considering heteroscedasticcmstant) variance changing
monotonically with the flow level in order to enhance the predictive performanite of

BMA model (Vrugt, 2016; Vrugt & Robinson, 2007Although a significant number of
studies tried to reduce the effect of the aforementioned assumptions, none have
comprehensively assessed the sensitivity of BMA metloggoin applying various

aforementioned modifications and how they affect BMA final probabilistic results

Moreover, in the original BMA method, the expectatroaximization (EM) algorithm

(McLachlan & Krishnan, 2008Wwas proposed to find the optimal values of BMA
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parameters. However, it is argued that the EM algorithm is not always able to find the
global solutiorproperly and the final solution is sensitive to the initial vallasan et al.,

2007; Raftery et al., 2005; Sloughter et al., 2007; Vrugt & Robinson, 2887 result,

some studies have proposed replacing the EM algorithm with other global optimization
techniques for possessing moediable solutionsolutions(Ebtehaj et al., 2010; Vrugt et

al., 2008; Vrugt & Robinson, 200;Ayhile no studies have assessed how the accuracy and

reliability of the BMA results are influenced by this modification

Furthermore, the streamflomsemble for BMA application can be derived in various ways,
such as utilizing different hydrologic modgBuan et al., 2007; Zhang et al., 2009)
considering various forcing inputs scenar{bgng et al., 2013; Bto et al., 2018; Strauch

et al., 2012)or using different parameter sets of each hydrologic n{baelg et al., 2013)

It has been claimed that a high number of members in the ensemble does not always
increase the potential ability of the BMA meth@dladadgar & Moradkhani, 2014;
Neuman, 2003)However, there is no thaugh evaluation of how an ensemble generated

from different sources can affect the performance of the BMA method

Although some studies have proposed more complicated -B&&&d methods (i.e.,
GLUE-BMA (Rojas et al., 2008BMA-PF (Parrish et al., 201Zop-BMA (Madadgar &
Moradkhani, 2014)andCBP-BMA (He et al., 2019) there are still many studies being
done using the original BMA appach based on the aforementioned modifications.
Consequently, the need of a comprehensive assessment of the different BMA variants is
strongly felt. This study aims to fill this gap by closely evaluating how the various

previously recommended modificatioaffect the accuracy and reliability of the BMA
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generated probabilistic results. The conclusions are expected to contribute toward the
improvement of the knowledge of different BMA variants dealing with streamflow
simulations and forecasting and providegtical and useful recommendations about the
effectiveness of various modifications. The organization of this paper is as follows: Section
3.3 elaborates on all materials and methods used in this study, including the study areas
and data, the standard BMiethod and its various components, the proposed BMA
scenariebased analysis, the different hydrologic models, and the evaluation performance
statistics. In SectioB.4, the intercomparison results of the proposed BMA modifications

are presented amtiscussed, and, finally, a summary and conclusion section are provided
3.3Materials and Methods
3.3.1Study Area and Data

The Big East River (620 kfpand the Black River (1522 Knwatersheds, located in the
northern part of Ontario, Canada, are chosen for tpeemmentation of the proposed BMA
scenariebased analysis (Figu1). Both basins are mostly forested regions and their
landscapes are moderately sloped with mean elevations of 450 and 300 meters above sea
level for the Big East River and Black River wateeds, respectively. The historical daily
streamflow data at the outlet of both watersheds (the only hydrometric station of each
watershed) illustrate that high flows mostly occur in April when the snowmelt process
plays an important role. Moreover, asidze seen from Figur@1, the only six available
Environment Canada (EC) meteorological stations with reliable and sufficient historical
data are located outside the boundaries of both watersheds. This represents an actual

condition of watersheds with lited data availability. Analysis of the precipitation and
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temperature timseries of these six stations approximately shows the annual mean
precipitation and the daily average temperature of 1050 mm and 5 °C, respectively.

Moreover, the winter and summeresiage temperature ar® °C and 18 °C, respectively,

showing that all four seasons are defined clearly in both study areas @&@ure

Ontario
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Figure 3-1 Location map of the Big East River and Black River veiteds
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Figure 3-2 The boxplot and average of monthly precipitation and the mean monthly
temperature for the observation period (202615) based on data from six available
meteorological stations

Besides the grounbdased precipitation data, the archive of the daily aggregated form of
the Canadian Precipitation Analysis (CaPA) was used as an alternative precipitation
forcing input for hydrologic modeling of both watersheds. The CaPA is a gridded
precipitation product with a spatial resolution of 15 km produced by the Meteorological
Service of Canada based on the combination of various data sources, such as radar data,
climate model data, and observatidbsspinas et al., 2015} was shown that the archived
CaPA is a potential reliable source of precipitation for -datace regionfBoluwade et

al., 2018) In order to initially assess the precipitation variability of each basin using
different datasets, primary analysis was performed. Two mean areal precipitation time
series for each watershed wereived from interpolated EC grouruhsed data using an
inverse distance weighting meth(dmerican Society of Civil Engineers, 199&)d the

CaPA data by applying a Thiessen polygon apprdabiessen, 1911)As can be seen
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from Figure3-3, although CaPA provided more intense rainfalls specifically in the Black
River watershed, it underestimated the amadiprecipitation compared with the EC data

in both watersheds. Moreover, the calculated daily correlation coefficients between EC
and CaPAderived datasets (0.83 and 0.87 for the Big East River and Black River
watersheds, respectively) show evidenca lifear relationship. However, by focusing on
intense rainfall events (precipitation > 10 mm/day), the correlation coefficients were
dramatically decreased to 0.42 and 0.48 for the Big East River and Black River watersheds,
respectively. Therefore, theaee remarkable differences between two datasets, especially
at intense rainfall events, suggesting a significant amount of input uncertainty idgtaor
watersheds. So, the authors used CaPA as a second forcing data for hydrologic models,
which can help btain a better quantification of the predictive uncertainty in the rainfall

runoff process using a Bayesian model averaging approach
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Figure 3-3 The scatter plots of the mean areal interpolad&eironment Canada (EC)
and Canadian Precipitation Analysis (CaPA) data and their corresponding cumulative
precipitation of the driest and wettest years during the period iIZ@b for both thed)
Big East River andh) Black River watersheds

3.3.2Standard Bayesian Model Averaging Technique

Bayesian model averaging is a statistical method for estimating probabilistic prediction
based on various competing forecasts, possessing more reliability and accuracy than initial
ensemble predictions. In this approachh e wei ght ed averages of
probability distribution functions (PDFs) are used for generating the posterior distribution

of forecasting variables. It was claimed through different studies that the higher weights
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are considered for ker performing predictions in the training peri@uan et al., 2007;

He et al., 2018; Liang et al., 2013; Vrugt et al., 2008; Yen et al., 2014)

Consideras a quantity which is gajnto be forecasted (i.e., predictand) and, therefore,

® whoMB o denotes the training period of observation with data lefgthaving

0 different models (i.e) O A MR )resultsind & K MBI |, the
ensemble of modelrpdictions for the aforementioned training period, whore

w ho MBho . Based on the law of total probability and the assumption about the
independence of different model forecasts, the PDF of the predictand conditioned on the

modelsover the given training period can be formulated as folligrestery et al., 1997)

0 aad hd MRy R 0 aed hd 0 & W (3-1)
wherel [A:H) R is the posterior distribution @bgiven the prediction of modél and
observed daté, which simply can be considered as the forecast PpPBased on model
O .MoreoverD @ &®i s the posterior probabiDity or
prediction being correct over the trainin

independency, the posterior probabilities of models should sum toBnity) &

p, and, consequently, they can be considered as weightd(i.e.p) & & is the

weight of modelQ Furthermore, in the BMA approach, it is assumed that the model
forecasts are unbiased, meaning that the expected value of the difference between
observation and each model forecast should be equal to zer® (ve.,® mtfor (¥

ph) ). So, before BMA implementation, a biesrrection method should be used in order
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to create an unbiased ensemble of predictions. Although there are sevecakit@ason
methods which all can be used for this aim, a lisregression techque is utilized in the
original BMA (Raftery et al., 2005)The biascorrected esults,0 & &  ©
(whered and® are the coefficients of the linear regression model), are replaced with the
original model forecasty ). Therefore, thé8MA predictive model (EquatioB-1) can

be rewritten as follows

0 c&d RO MRy 0 0 g0 hd (3-2)

On the other hand, in the original BMA method, it is assumed that the aforementioned
posterior probability (i.e.pD ¢8O R ) follows the normal (Gaussian) distribution,
"QuE0 h, , with mean™O and variance, , reflecting the uncertainty within the
individual modelQ As explained in the introduction, some studies discussed that this
assumption is a poor choice for a rBaussian forecast variable like streamflow.
Therefore, they proposed implementing more representative distribution types (e.g.,
gamma distribution) or applying data transformation procedures (e.g., tHeC&ox
transformation metho(Box & Cox, 1964) for transforming data from their original space

to a Gaussian space. It is worth mentioning that in the case of applying a data
transformation procedure, the reverting process hae table to apply in order to revert

back to the original variable space

Finally, based on EquatioB-2 and considering the Gaussian distribution, the BMA

predictive mean and its associated variance can be determined using the two following
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equations(Raftery et al., 1997, 2005)The mean value is the weighted average of
individual predictions, and the BMA variance consists of (1) betvmeetel variance,
reflecting the spread of the ensemble, adwithin-model variance that represents the

uncertainty regarding each model having the best forecast

Ocgd hd B 0 O (R R A T (3-3)
OOUEY hd By hd 0 O 0O O 0,
VI S AR ) VI VI A T A (3-4)
o,

Successful implementation of the BMA method relies on the proper estimation of the
parameters including weights () and variances, () of each individual prediction(

pMB Q. Following Raftery et a(2005) in the standard BMA, the EM algorithm is utilized

in order to maximize the lelikelihood function of the parameter vecter-( 0 h, HRQ

plt ) ) beirg approximated as follows:

00— 0 W O B O 0£6€°Q 0 "Qus0 h, (3-5)

Given that there is no analytical solution for maximizing the summation of the

aforementioned function over the training period, an iterative procedure such as the EM
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algorithm was used. In this procedure, the optimization problem was set by introducing a
latent variable @ ). Apart initialization, this algorithm included an (1) expectation step,
where the latent variable was calculated based on the current values of parameters, and a
(2) maximization step, where the parameters were estimated accordegdetermined

value of the latent variable (Figuf@4b). It is worthy of note that, although the EM
algorithm is computationally efficient, it is argued that using other optimization methods

can lead to more robust estimation of the parameters.

According to the above equations, the flowchart of the classical BMA implementation is
depicted in Figure3-4a. As previously stated, some studies have been done in order to
improve the reliability of the standard BMA approach by modifying some parts of the
BMA structure. However, no comprehensive evaluation has been completed in order to

clarify the effects of these modificatians
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Figure 3-4 The flowcharts ford) standard Bayesian model averaging (B\#d ) the
stepby-step procedure of the expectatioraximization (EM) algorithm
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3.3.3BMA Scenario-Based Analysis

In order to achieve the main goal of this research, we designed a BMA sdmase
analysis (Tabl&-1) to see how the predictive streamflow simulation of the BMA approach
was affected by modifying or changing some steps of the original BMA procedure.
Implementation of the proposed evaluation allowed to assess how the accuracy and
reliability of the BMA pobabilistic results are sensitive to considering (1) different
streamflow ensemble scenarios; (2) various data transformation methods; (3) more
representative distribution types; (4) different standard deviation definitions; and (5)
different optimizatiormethods for parameter estimation. These scenarios are chosen in a
way that cover most of the aforementioned modifications proposed by previous studies
(explained in SectioB.2). Therefore, the effects of each modification or the combinations

of modificaions on BMA results can be assessed completely through the proposed analysis.
The following paragraphs present a brief description of all aforementioned modification

sections
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Table3-1 The BMA scenaribasedanalysis

Data P Lo
Streamflow Transformation Distribution Standard Deviation Type Optimization
Ensemble Method Type Method

Multi-Model i
No Transformation Normal (C1) Common Constant (V1)

(M-M1) (TO) Exp_ec_tatign
Maximization
Multi-Model . Algorithm
Multi-Input Boxi CE_(I));)Type 1 Gamma (C2) Individual Constant (V2) (EM)
(M-MI)
Multi-Model
Multi- Boxi Cox Type 2 Log-Normal Common NorConstant _
Parameter (T2) (C3) (V3) Dynamically
(M-MP) Dimensioned
Search (DDS)
Logarithmic . Individual NonrConstant
Multi-Model  Transform (T3)  "veibull (C4) (V4)
Multi-Input
MuIti-p Empirical N | Common NorConstant +
mpirical Normal Constant Value (V5
Parameter  antile Transform o (v5)
(M-MIP) (T4) Individual NorrConstant +

Constant Value (V6)

1 The ID of each scenario is presentethe parentheses

3.3.3.1Streamflow Ensemble

As mentioned before, the ensemble can stem from different sources. Apart from
considering different hydrologic models, various forcing precipitation inputs, as well as
different reliable parameter sets of each raimatioff model, can be considered for
generating an ensemble of streamflow simulations. In this study, four different scenarios
were determined to see how the BMA performance would change by considering a
different number of ensemble members coming from various sources. In the first scenario,
which was nMmeal ciMut he ensemble was only
models. In the two other scenarios (i.e., Mibbdel Multi-Input and MulttModel Multi-

Parameter), besides multiple hydrologic models, different precipitation datasets and
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various parameter sets were respectively utilized. Moreover, the last scenario was defined

using all aforementioned sources (i.e., Miiodel Multi-Input Multi-Parameter).
3.3.3.2Data Transformation Methods

Four different data transformation procedures were ssdem the case of assuming
normal function for the posterior distributions. The BGrx transformation method is a
family of power transformations, and one of the common approaches is formulated as

follows (Box & Cox, 1964)

w p

& - (3-6)
LT & _

@and® are the original and transformed data, respectively the Box Cox coefficient

and its common optimum value will be estimated using (1) observation data (i.e., Type 1)
or (2) observation and simulations data (i.e., Type 2) by maximizing thi&kéifpood
function. Moreover, in the logarithmic transfornmatimethod, the daily streamflow data

are transformed using natural logarithm in order to make them approximately follow the
normal distribution. Another data transformation method evaluated in this study was the
Empirical Normal Quantile Transformation (EN') proceduréKrzysztofowicz, 1997)In

this approach, the transformed data were calculated tisenfollowing equation, where

0 is the inverse of the standard normal distribution and the empirical cumulative

distribution of each value is denoted' @y ‘Od®.

@ 0 Q60 (3-7)
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It is of note that, instead of tleenpirical distribution, the generalized Pareto distribution is
fitted to extrapolate the upper tail of the sample in the case of having a value which falls

outside the range of the calibration data
3.3.3.3Distribution Types

Apart from using normal distribution, which is the main assumption of the original BMA
method, the loghormal, gamma, and Weibull distributions are implemented as the
conditional probability distribution functiond O R in Equation 3-2. These
distributions are more representative for highly skewed data such as daily stream flows and

may lead to better results
3.3.3.4Standard Deviation Types

In this study, following Vrug(2016) six various standard deviation parameterizations of

the forecast distributien wer e assescoethon® malntve @mal d ar e
when all members of the ensembles have the same and distinct standard deviations,
respectively. The other two terms illustrate if the standard deviations are dependent on the
magnitude of theste amf | ow -cdas aagficdmotra mtod) .( AMor eov e
two types are defined by adding constant value in order to make the standard deviation be
more than zero in all cases. The equations of all aforementioned standard deviation types

and teir corresponding number of parameters are presented in 3&bldn these

equations, { andD j, respectively, denote the standard deviation and the daily discharge

of the"@h simulated streamflow at tirstep QAlso, U is the total numbeof members in

the ensemble
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Table3-2 The definitions and formulations of different stardideviation
parameterizations

Standard Deviation Type Formulation BMA parameters
Common Constant (VL . — 0h @ ph
Individual Constant (V2) . . h Bh — O0h @ ph
Common NorConstant (V3) ko ® Op — 0o Q@ ph
Individual NonConstant (V4) . F O Of — 0 O ph
Common NorConstant Type 2V5) JhE ® 0 Q — 0 RHQ @ phy
Individual NorrConstant Type 2 (V6) sh @ O0fp Q — 0 " ph)

1 The ID of each type is presented in the parentheses.

3.3.3.50ptimization Methods

Given the criticism of the EM algorithm regarding its ability to achieve the global optimum
estimation and its lack of flexibility in applying to the various aforementioned
modifications, the dynamically dimensioned search (DDS) mgfhaldon & Shoemaker,

2007) was used as the alternative optimization technique for estimating the BMA
parameters. Dynamically dimensioned search is a syhgiial optimization method which

finds the optimal solution by dynamically rescaling the search space dimension. Similar to
the EM algorithm, the logikelihood of the BMA parameter vector is considered as the
objective function in the DDS optimization appch. Correspondingly, the DDS
parameter estimations can be utilized as benchmarks for evaluating the application of the

EM algorithm.
3.3.4Hydrological Models
Using different hydrologic models for generating an ensemble of competing simulated

stream flows ighe main basis of the BMA approa@rugt & Robinson, 2007)As listed
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in Table3-3, the seven different rainfailnoff models implemented in this study are SAC
SMA, MAC-HBV, SMARG, GR4J, and three HEEMS (Scharffenberg, 201&)ased
models. There are different methods available &hepart of the hydrologic cycle in the
HEC-HMS platform. In this study, we used the rational combinatiolosd (i.e.deficit
and constant, andsoil moisture accounting) andbaseflow (i.e.,recession andinear
reservoir) methods for generating the HE®IS-based models with different structures.
In the HECHMS type 1 and 2, theecessiorbaseflow method is implemented with the
deficit and constant andsoil moisture accounting loss approaches, respectively, while
HEC-HMS type 3 is developed using the canation of thesoil moistureaccounting and

linearreservoir methods

All of the aforementioned models are lumped conceptual ones, which have been shown to
provide comparable or even better performance in comparison to the more complex models
(e.g., distlbuted models) in datpoor watershedéAnshuman et al., 2019; Refsgaard &
Knudsen, 1996; Tegegne et al., 2Q01Vpreover, by adding the simplified Thornwaite
formula (Samuel et al., 2011; Thornthwaite, 1948)the first four models and feeding
HEC-HMS models the average monthly potential evapotranspiration calculated using
Hargreaves equatigfiHargreaves & Samani, 1983he only inputs to all models are the
mean areal daily precipitation and temperature. Also, streamflow estimation at the outlet
of the watershed is the only output of these models. It is worth mentioning that due to the
importance of the snow accumulatiand melt process in cold regions, three different
snowmelt modules are implemented with different hydrologic models. The available

temperaturandex method in thelEC-HMS softwareg(Scharffenberg, 2016yasused for
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the three aforementioned HE@MS-based models. The simple degdss snowmelt
module (DDM)(Samuel et al., 2011yas added to the SMARG and GR4J models, while
the SACSMA and MACHBYV models were combined wilie more complex SNOW17
snowmelt estimation methdédnderson, 1973, 2006pr snow rainfall discrimination and

guantifying snowpack changes over the simulatienod

On the one hand, in the DDM approach, the snowmelt is calculated using a linear
relationship between snowmelt and air temperature, where a constant melt rate factor is
considered. However, the antecedent temperature index is used foatmektemination

in the HEGHMS snowmelt approacfGyawali& Watkins, 2013) On the other hand, the
SNOW17 is a procedsased temperatuiadex method that considers different physical
processes in the snowmelt procedure such as energy exchange between air and snow, heat
storage and deficit of the snowpack, liquid water storageA&to, upper and lower preset
temperature thresholds are used for distinguishing between rainfall and snowfall in both
the DDM and SNOW17 mode(ggnihotri, 2018) For a more detailed description of all

snow routines, the readers are referred to theratmgoned citations
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Table3-3 Hydrologic models used in this study

Model ID Full Name Reference Number of
Parameters
SAC-SMA Sacramento Soil Moisture Accounting Burnash et al(1973) 19
MAC-HBV McMasterUniversity Hydrologlska Samuel et a(2012) 15
Byrans Vattenbalansavdelning
SMARG Modified Soil MR0|stgre Accounting and Tan and (896)c 14
outing
GR4J Génie Rural a 4 Paramétres Journalier  Edijatno et al(1999) 9
g HydrologicEngi neer i ng USACEHEC
HEG-HMST Hydrologic Modeling Systertype 1 (Scharffenberg, 2016) 1
g Hydr ol ogic Engin USACEHEC
HEG-HMS2 Hydrologic Modeling Systertype 2 (Scharffenberg, 2016) 25
g Hydr ol ogic Engin USACEHEC
HEC-HMS3 Hydrologic Modeling Systertype 3 (Scharffenberg, 2016) 27

Furthermore, five different objective functions, including N&itcliffe efficiency (NSE)

[68], Klingi Gupta efficiency (KGE)(Gupta et al., 2009)Nash volume error (NVE)
(Samuel et al.2011) peakweighted root mean square error (PWRM$EYnderlik &
Simonovic, 2004) and modified Nash volume err¢gNVE) were used through the
dynamically dimensioned search (DDS) algorithm for finding the optimized parameter sets
of each individual model. The latter objective function was defined in order to greatly focus

on high flows by using the NSE based on squdrdischargéd "Y' Q:"Y
D0 ®OO0 YO Ydpw O (3-8)
where volume errom§ Qis:

B BB
®»O0 (3-9)

and0 "Y'®ased on square of discharge™Y'Q 1¥ calculated as follows
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C
Cc

B
0 "YO™Yp _ (3-10)
N

cC
(@l

In the above equations) andO are the observed and simulated streamflow,

respectively, whilg is the data length. The years 2006 to 2011 were considered the
calibration period and the validation was carried out for the 215 (4 years) period. It

is of note that the best performing parameter set of each individual model, determined
based on valation results, is utilized for generating mutiodel and multmodel multt

input ensemble scenarios. For a detailed description of the aforementioned hydrologic

models and objective functions, the readers are referred to the cited references
3.3.5Performance Evaluation Metrics

Five model evaluation statistics are used for comparing the accuracy, reliability, and
sharpness of the results of different BMA variants. The accuracy is defined as the error
between deterministic simulations and their correspondbsgrmations. In this study,
besides the weknown NashSutcliffe efficiency criteriap) "Y'®eing calculated according

to squared {{ "Y'Q Equation3-10) and logarithmic § "Y'Q &quation3-11) transformed
streamflow data, were the two otligterministic performance criteria being, respectively,

focused on the accuracy of the higimd lowflow simulations

6 YOO p (3-19)
— —

103



Ph.D. Thesig§ Pedram Darbandsari McMaster UniveisiBivil Engineering

0 is the observed variable and represents the simulated variable which is considered

to be the expected value of the BMA predictive simulation. Alsis, the length of the

dataset. Alll "Y'@ased criteriavary betweg® and 1 with the best v

Furthermore, two other probidibtic performance measurements proposed by Xiong et al.
(2009) were adopted for quantitative evaluation of the BMA probabilistic results. The
containing ratio@ 'Yis defined as the percentage of the observed data which falls within
the 95% confidence interval, and the average bandwidtlis the average width of the
corresponding bound. The former measures the reliability while the latter is used for
guantifyingthe sharpness of the results. Given two forecabsthe same "Yi.e., same

reliability), the one with a smallér shows a greater precision

00
&Y —— epmmp (3-12
. P . L
0 5 n o no (3-13

In the above equations, the number of observations being contained in the 95% confidence
interval is denoted b0 1 O andfj o, respectively, show the upper and lower
boundaries of the 95% confidence interval at t8tepo. In addition, ér evaluating the
probabilistic performance of different BMA variants regarding high flows, we calculated
the two aforementioned probabilistic indices using the streamflow values of more than 90
percentiles (denoted liy "% rando w tfor the containing o and the average bandwidth,

respectively).

104



Ph.D. Thesig§ Pedram Darbandsari McMaster UniveisiBivil Engineering

3.4Results and Discussion
3.4.1Choosing the Best Ensemble Scenario

One of the vague points of the BMA approach in the literature is the optimal number of
members of the ensemble and how they should be generated. ifftee gpep before
employing any BMA variants is constructing the most reliable ensemble, which provides
the best results. Therefore, as the first section of the proposed analysis, the four
aforementioned scenarios of different streamflow simulation ensemblesused in the
original BMA for both the Big East River and Black River watersheds, and a comparison
was made among their results (Takié). Given the two different input scenarios and five
various parameter sets for each hydrologic model, there iydr, 35, and 70 simulated
stream flows for the MukModel (M-M), Multi-Model Multi-Input (M-MI), Multi-Model
Multi-Parameter (MMP), and MulttModel Multi-Input Multi-Parameter (MMIP)

ensemble scenarios, respectively

Table3-4 Validation statistics of the BMA model using four ensemble scenarios in both

watersheds

o Big East River Watershed Black River Watershed
Criteria M-MIP M-MP M-MI M-M M-MIP M-MP M-MI M-M
0 "YO 0.76 0.74 0.79 0.77 0.82 0.81 0.84 0.81
0 "Yary 0.45 0.42 0.54 0.49 0.57 0.55 0.62 0.56
0 "YOOL 0.84 0.84 0.82 0.83 0.79 0.80 0.78 0.77

o0y 0.95 0.94 0.96 0.96 0.92 0.90 0.91 0.88

6! 17 18 19 23 27 28 24 27
0 Wwh 0.72 0.64 0.73 0.68 0.62 0.46 0.62 0.49
dwh 39 32 38 34 55 48 41 36

10 "YONash Sutcliffe efficiency§ "YQ T "Y®ased on squared transformed streamfloWy' Qi "Y'®ased on
logarithmic transformed streamflow) 'Y containing ratiop: average bandwidtli; "% rcontaining ratio based o
stream flows more than 90 percentilep taverage bandwidth based on stream flows more than 90 percentile
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If the BMA performance based on the MuMiodel (M-M) ensemble scenario is
considered as the benchmark, there wasigraficant improvemenwvhen the performance
statistics focusing on the whole and low discharges e@nsidered. However, by focusing

on the high flowbased criteriathe results show that considering the forcing precipitation
as another source of uncertainty besides hydrologic models enhanced both the deterministic
and probabilistic BMA results. This improvement was more significant in the Black River
watershed, wher¢he accuracy and reliability of the BMA using the-NM scenario
increased by about 10 and 25 percent based ahn tH&©aNdO "W TTriteria, respectively.

It is worth mentioning that, all seven additional members of the streamflow simulations
(generatedby considering CaPA as forcing inputs of each individual model) being used in
M-MI compared to MM, possessed lower individual deterministic predictive skills than

existing models in both ensemble scenarios

Moreover, surprisingly, although the MulModd Multi-Parameter ensemble scenario
included all members being utilized in the benchmark scenario, the overall performances
of the BMA method implementing them slightly deteriorated in both watersheds. This may
be due to the main initial assumption of 8&IA methodology, where the law of total
probability needs not only collectively exhaustive but also independent members of the
ensemble. Furthermore, using 70 members in a streamflow ensemble (constructed by
considering all aforementioned sources) enharibedprobabilistic performance of the
BMA, specifically in high flows, while its performance was not as reliable and sharp as in

the case where the-MI scenario was applied
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Altogether, it can be concluded that theNl ensemble scenario was the most appiate

one, providing better probabilistic and deterministic results. Accordingly, for the rest of the
application of the proposed analysis, the MMbdel Multi-Input ensemble scenario,
including 14 membersf streamflow simulations, was implemented bath watersheds.

As a result, 48 probabilistic streamflow simulations were generated considering the
combination of the different modifications, including distribution, standard deviation, and
data transformation method$able 3-1). The parameters forlad8 BMA variants were
calibrated using the DDS optimization method for the period from 2006 to 2011,
considering one year as a waup period, and the years 2012 to 2015 were considered for

validation
3.4.2BMA WeightsversusMod el s & Per formance Statistics

In the first place, besides assessing the effects of various modifications, a comparison was
made between the BMA weights of different members of the ensemble and the
performance of the corresponding models during the calibration period for both the Big

EastRiver and Black River watersheds (Figaré).

Interestingly, it can be seen that the distributions of the weights amongst different members

do not properly agree with the previous b
performance. For instance, time Big East River watershed, although M1 was one of the

most promising simulations comparing different performance statistics, its weights were

not predominant compared to other BMA variants. In addition, in the Black River
watershed, M10 had relativelyigh weighs, while its performance was not good in

comparison to the other models. Similarly, the first four members of the ensemble (i.e., M1
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to M4) possessed the most reliable deterministic results, although they received relatively

low weights

Moreove, closer inspection of the graphs (in Fig@r8) shows that low flows played an
important role in the determination of the BMA weights, specifically in the Big East River
watershed where the specified weights relatively fit withith¥ 'Operformancestatistics.

This may be justifiable by the fact that more than 90 percent of the daily streamflow
observations were less than 2&smwhile this fraction was around 60 for the Black River

watershed (Figurg-6).
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Figure 3-5 The boxplots of the calibrated BMA weights stem from different BMA
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Figure 3-6 Empirical cumulative probability distribution of the daily streamflow
observations at the outlet of the Big East River and Black River watersheds

3.4.3The Effects of Different Modifications

The evaluations of various BMA modifications (i.e., different distribution and standard
deviation types, and data transformation methods) will be provided in this section. As
discussed previously, one recommended wiunh order to enhance the performance of

the original BMA approach is using data transformation procedures for generating
approximately normally distributed data. Fig@& compares the accuracy and reliability

of the BMA variants with and without appéition of data transformation procedures. It can

be recognized that, in general, the BMA deterministic performance did not change
significantly by applying data transformation methods. On the other hand, although the
data transformation caused a remarkable h anc e me nt of the BMAOGS

flows, the sharpness of the results was largely reduced
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Further analysis (Figur8-8) shows that the influence of applying data transformation
modification on the BMA performance is highly related to the tygdetandard deviation

being implemented in the procedure. In the case of considering common and individual
nortconstant variance types (i.e., V3 and V4, respectively), implementation of a data
transformation method leads to under confident and negahiasdgd probabilistic results.

It is much more recognizable in high flows where the containing ratios of the 95%
confidence interval are around one, while their corresponding bandwidths increase largely.
However, for other types of standard deviations wrereonstant value can play an

i mportant rol e, the reliability of the hig

drastic drop in their sharpness.

Moreover, Table-5 represents the performance criteria of different BMA variants, being
developedusing normal distribution and variance types V5 and V4, to compare different
data transformation procedures. Based on the results, the only data transformation
procedure providing acceptable probabilistic results with the afisketeroscedastic
standard deation without a constant value (i.e., V3 and V4) was the empirical normal
guantile transform (i.e., T4) method. However, in general, by looking at the BMA variants
based on variance type V5, as a representative of the other standard deviation forms, none
of the methods appeared superior to the others, indicating that changing the data

transformation approaches had little impact on BMA model performance
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Figure 3-7 The boxplots of thdifferent evaluation metrics for the BMA streamflow
simulations by implementation (With T) or ARiemplementation of data transformation
(without T) methods being derived from considering normal distribution and different

proposed standard deviation types the @) Big East River andb) Black River
watersheds during the validation period
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Table3-5 Probabilistic evaluation criteria of different BMA variants based on different
data transformation methods fboth watersheds in the validation period

g Criteria BMA Variant
=1 C1lV5T1 C1Vv5T2 C1V5T3 C1lV5T4 C1V4T1l C1v4T2 C1lVv4T3 Clv4T4
0'Y 0.91 0.90 0.91 0.90 0.92 0.93 0.92 0.91
0 25 22 21 24 127 73 53 30
°F 6wmn 0.90 0.88 0.88 0.89 1.00 1.00 1.00 0.98
6w 82 65 60 65 720 364 188 87
0'Y 0.87 0.88 0.87 0.86 0.91 0.91 0.91 0.88
0 27 27 29 27 46 46 52 30
i 6wn 0.84 0.80 0.92 0.85 0.99 1.00 0.99 0.88
0w 66 64 73 64 143 141 170 76
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Figure 3-8 The comparison of different performance statistics for various BMA
modifications generated by considering different standard deviation types and non
i mpl ementation (AWi thouto) and i mgfpdste ment at
data transformation method for the validation period in theBig East River andb)
Black River watersheds
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Besides using data transformation procedures, the two other BMA modifications evaluated

in this study were considering other distributtgpes and implementing various standard
deviation forms (Figur&-9). The comparison between the applications of four different
distribution functions proposed in the scendrased analysis shows that, in general, the
implementation of the legormal distibution (i.e., C3) enhances the reliability and
sharpness of the BMA results simultaneously. However, it underestimates when
considering high flows, which is not appropriate in most operational hydrologic fields such

as flood forecasting. As can be selmf the figure, in the case of using a common constant
standard deviation type (i.e., V1), even though the coverage of the 95% confidence interval
slightly increased by applying the Weibull distribution, the model lost its sharpness by
leading to a highebandwidth in both watersheds. Moreover, by assessing the effects of
using different standard devi at i-omn sttygnretsq
types | eads to more reliable results espec
varian@ types does not affect the BMA performance in comparison to their corresponding

Afcommonodo ones

Taken together, these results suggest that changing the distribution type of the BMA
posterior probability from normal to more representative ones does noicerthe BMA
probabilistic performance, si gni-cdnrsatnanntyo
standard deviation types improved the BMA predictive results specifically regarding high

flows.
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Figure 3-9 Comparison of the probabilistic performance of the BMA models being
modified using different distribution and variance types for the validation period in the
(a) Big East River anddj Black River watersheds

3.4.4Expectation-Maximization Algorithm versus Dynamically Dimensioned Search

Method

The EM algorithm was implemented in the classical BMA method, which is criticized for
not being able to reach global optimum estimations. Here, as a part of the evaluation, six

different BMA variants were calibrated using the EM algorithm, and a compaxiasn
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made with the corresponding DBfased calibrated models. The results, as shown in
Figure 3-10, indicate that the differences among estimated BMA weights using EM and

DDS methods were negligible, and both methods led to the approximately similarloptima

solution
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Figure 3-10 A comparison of the lelikelihood and weights of the calibrated BMA
models using dynamically dimensioned search (DDS) and expeetadiximization
(EM) algorithms as the optimizati process

To specify the logic behind these results, the authors applied the regional sensitivity
analysis (RSA) metho@Hornberger & Spear, 1981)o0 or i gi nad o BrnvoAn owi t h
(Figure 3-1 1) and Ai ndi3t2) donstaht stanfardi dgviatioe types (i.e.,

C1V1TO and C1V2TO BMA variants, respectively). In this method, the Monte Carlo
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simulation technique is used for generating various parameter sample sdteraritie
samples are divided into two behavioral and-hehavioral ones based on a predefined
threshold. So, qualitative comparison of the empirical cumulative distribution functions
(CDFs) of the behavioral and ndsehavioral parameter sets illustrate tmost sensitive
parameter(s). The RSA results for both the Big East River and Black River watersheds
reveal that the objective function is significantly sensitive to standard deviation values,

while the model sb we-Begdititepaantetens be consi der e

Therefore, the variation of the ldiselihood function is evaluated by changing the most
sensitive parameters (standard deviations) between their lower and upper bounds while the
other parameters are constant and equal to their nominal vaduethé.calibrated values).

The results, illustrated in FiguB13, show that in all evaluated cases, the negative log
likelihood, which is the objective function for both optimization processes, is a convex
function so that a local optimization methodswas the EM algorithm can lead to global
optimal estimation of parameters. Consequently, although the EM algorithm is considered
a local optimization method, it can estimate the original BMA parameters like other global
optimization techniques. It is obte that the original EM method can only be applied for
the constant variance types and it requires modifications if other distribution or standard
deviation types need to be incorporated. However, DDS or any other global optimization

techniques can be ubdy different BMA modifications without any difficulty
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Figure 3-11 Theregional sensitivity analysis (RSA) plots for the parameters of the

C1V1TO0 BMA variant for both the Big East River and Black Rietemsheds
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Figure 3-12 TheRSA plots for the parameters of the C1V2T0O BMA variant for both the
Big East River and Black River watersheds

119



Ph.D. Thesig§ Pedram Darbandsari McMaster UniveisiBivil Engineering

BMA: C1VITO BMA: C1VITO
-5000 -5000
-5500 |
-6000 |
-6000 |-
-6500 |
‘g "§ -7000
:.‘:' -7000 = =
2 soof 5 = o0 5
= = g
= I 2 ;
En -8000 :3.; o g
-8500 é - é!
“so0or § ~10000 - a‘?
gs00F £ |
§ 5
-10000 ' : ! : ) -11000 : : : : y
0 2 4 6 8 10 0 2 4 6 8 10
Sigma Sigma
BMA: C1V2T0 BMA: C1V2T0
~4800 - -5700 -
% X 5750
S 5000 ff il 3
= //// ”I””’”/ = = . N e TITRITASTINLINY AN
E s /l!//I/I// lll/f il III] U “ ““\ R 3 ZZZZ 7 'jll/l///l/,/llll,/llllllllllj/ll I[ \{\\\\\R‘\‘%&\‘t\‘\‘\t\\‘\\‘\\‘s&‘s\‘t\‘\‘:\‘:‘\“““
-~ i i\ = - =
3 {i!}///i//,l '[0 ‘\\\\\\“}‘ )\ 2 o /////l’///f "0“ :\\“\\\\\\“\‘d
S -5400 - } 8"
-5950 -
-5600 -6000
(@ (b)

Figure 3-13 The changes of the objective function regarding the most sensitive
parameter(s) for the C1V1TO and C1V2T0 BMA variants in botrajigig East River
and ) Black River watersheds

Finally, in order to complete the evaligat and find the most promising types of BMA
modifications, the best combinations were selected for each distribution type and their
performances during the validation period were compared with each other 8fable
Additionally, for qualitative inspeatin of the best models, FiguBel4 illustrates the mean

and the 95% predictive bounds of the BMA streamflow simulations for a representative
portion of the validation period. What stands out in T&bfas that the standard deviation

types in all the bestelected BMA models were the noanstant ones, and most of them
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were the heteroscedastic variance with a constant value (i.e., V5 and V6). Moreover, as
expected based on the previous comparison, although the best BMA modification with data
transformatiorprocedure provided higher reliability, the sharpness of the results partially
deteriorated in high flows in both watersheds. Also, it can be seen that the best BMA model
using the lognormal distribution type underestimated high flows significantly, witsle

other performance statistics showed almost the same predictive performance in comparison
to the other best models. It is worthy of note that there was no significant difference among

the accuracy of the various bestiected BMA variants.

Table3-6 The comparison of the performances of the-bekdcted BMA types for both
the Big East River and Black River watersheds during the validation period

Criteria NSE NSES NSEL CR B CR90 B90

= C1VveT0 0.77 0.49 0.81 0.95 19 0.80 50
':2; C1V5T4 0.77 0.49 0.82 0.91 21 0.88 60
@ C2Vv6eT0 0.77 0.49 0.82 0.93 18 0.81 49
.I:C._jﬂ C3V5T0 0.78 0.54 0.83 0.96 17 0.74 40
C4V5T0 0.77 0.51 0.82 0.93 20 0.83 56
C1VveT0 0.83 0.60 0.80 0.90 26 0.76 61

g C1Vv5T2 0.83 0.59 0.80 0.87 27 0.84 66
% C2Vv6eT0 0.83 0.61 0.80 0.89 26 0.75 60
é—g C3V6T0 0.83 0.61 0.79 0.89 25 0.71 50
C4v4To 0.83 0.59 0.80 0.88 27 0.79 69

Furthermore, as it was concluded beforehand, there was not a significant difference among
the predictive performances of the different BMA variants utilizing various distribution
types. However, the implementation of the gamma distribution type seemeavidep

more balanced and consistent results in comparison to the other ones in this case. It is of
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note that even by comparing the most promising models, which possessed approximately
similar performances, the calibrated weights showed some changes cantinat there

were no specific BMA weight combinations that led to the best results (RBgibe
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Figure 3-14 Timeseries of the mean and 95% predictive bounds of daily streamflow
derived fronthe bestselected BMA models for a representative portion of the validation
period for both thed) Big East River andb) Black River watersheds
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Figure 3-15 Scatter plots of different modéiseights dewed from the bestelected
BMA variants

3.5Summary and Conclusions

This study provides the first assessment of the previously proposed modifications for the
original BMA methodology and documents how they affect the probabilistic and
deterministic performase of the BMAderived results for daily streamflow simulation. A
scenariebased analysis was designed where the application of four diverse streamflow
ensemble scenarios, different data transformation procedures, various distribution types,
six different ypes of standard deviation, and two optimization algorithms were assessed

thoroughly.

The summary of the obtained results from applying the proposed evaluation into two data

poor watersheds is as follows
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1. Comparing different ensemble scenarios indicatet] Hesides using multhodels,
considering various forcing precipitation scenarios in generating members of an
ensemble leads to better probabilistic and deterministic results in data scarce
regions, where the estimation of mean areal precipitation alweysges with
noticeable errors. Howevearpt onlyusing a mulimodel multiparameter scenario
did not provide better results, it also slightly reduced the reliability of the BMA
simulations

2. In contrast to earlier findings, however, the results showedhtba@MA weights
were not completely in accordance with individual model performance. There were
some highly weighted hydrologic models with relatively lower performance in
comparison to the others in both watersheds. In addition, various BMA
modificationsled to different combinations of weights and all had almost the same
predictive power

3. Applying data transformation generally yielded an improvement in the reliability
of the BMA results. However, except for the empirical normal quantile approach,
using dher data transformation methods concurrent with implementing non
constant standard deviation without a constant parameter dramatically deteriorated
the sharpness of the results, specifically in high flows

4. Incorporation of the more representative distitrutypes did not show a particular
superiority over the classic BMA method, where the posterior predictive
distributions were assumed to be Gaussian. However, implementingpnetant

standard deviations enhanced the predictive capability of the BMAelmod
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especially for high flows that are often of particular attention in operational
hydrology.

5. The expectatiormaximization algorithm provided almost the same results as the
dynamically dimensioned search (DSS) method, which showed its ability to
estimateBMA parameters well enough. However, the only drawback was that it
could not easily be applied for all BMA variants when the distribution or standard

deviation types were changed

In general, the findings of this study suggest that the simulation skitliefdual members

are less important than how the whole ensemble captures the variability of the observation
without overlapping. In other words, using ensemble members with diverse simulation
skills can enhance the quality of the BMA results, while simiptreasing the number of
members in the ensemble does not always lead to better results. Although pobksggssing
performance models is necessary for obtaining reliable rethdi® is some information

that is only provided by the relatively lower pmrhing models and, consequently,
considering them as members of t he enseml
performance. Thaotable BMA weights of some of these models are another convincing
justification for this conclusion. In additiort was shownttat in regions where the network

of meteorological stations was sparse, using other sources of precipitation data, such as
archived radaror satellitebased products as inputs into the hydrologic models, can lead

to a more exhaustive streamflow ensemblatt enhances t he BMAOGOsS pe

Moreover, another implication of these results is that the most effective BMA modification

in the positive direction (i.e., enhancing the predictive performance) is the implementation
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of nonconstant standard deviatidncreasing the variance of errors in line with flow level
seems to be more realistic and enhances the reliability of the BMA results significantly for
high flows (an average of 20% improvement in the reliability of iigiv simulations in

both the Big EasRiver and Black River watersheds over the whole period). However,
considering the more representative distribution types does not highly affect the BMA
derived probabilistic and deterministic results. Moreover, although using data
transformation procedes enhanced the reliability of the results, even more than applying
non-constant variance, it can lead to a notable wide confidence interval width in high flows
Therefore, mch more attention must be paid to the sharpness of thdlbvgprobabilistic
simulation in the case of implementing data transformatiurthermore, the results
showed the robustness of the EM algorithm for estimating the original BMA parameters,
while it was not easily applicable to all BMA modifications. Thus, applying a global

optimization method is recommended in the case of using various BMA variants

Although the two watersheds in this study share approximately the same land use and
climatology, their hydrologic responses are not quite similar and lead to two different
empiricd CDFs of streamflow data. Therefore, it can be said that the aforementioned
conclusions about the effects of different modifications on BMA results can be considered
as useful recommendations in future studies. However, in order to provide more
comprehensge conclusions, it is worth applying the proposed BMA modifications analysis

in watersheds with very different topography and climatology (e.g., mountainous or coastal
areas and tropical or sesiid regions) in future studies. Furthermore, although ges®e

mutually exclusive and collectively exhaustive ensemble members is one of the main
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assumptions of the BMA method, no studies have tried to overcome this issue. Although
this study assessed the effects of various ensemble scenarios on BMA perfaantdhnce
provided fresh insight into the importance of establishing an ensemble with the
aforementioned properties, there has not been a specific method about how these members
should be generated and selected. Consequently, further studies need to beutawied o

establish new ideas for solving this remaining challenge
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Chapter 4. Introducing entropy-based Bayesian model averaging for

streamflow forecast

Summary of Paper 3: Darbandsari, P., & Coulibaly, P. (2020). Introducing entrbaged

Bayesian model averaging for streamflow forecastrria of Hydrology, 591, 125577.

In this study, a newrsemblebased probabilistic pogirocessing framework is proposed
where an entroppased selection procedure is implemented to generate an ensemble of
forecasts with mutually exclusive and collectively exhaustive characteristics prior to the
Bayesian ModeAveraging (BMA) application. Comparison has been performed between
the traditional BMA and the proposed approach-BimA) for probabilistic daily

streamflow forecasting.
Key findings of this research work are:

1 Higher information can be provided lgenerating an ensemble of streamflow
forecasts using various hydrologic models being calibrated by different objective
functions.

1 The proposed entrogyased selection procedwanselect the subset of forecasts
with high information content and low mutudépendency which are the vital
requirements for reliable performance of the BMA method.

1 The proposed EBMA postprocessing approach, compared to the BMA method,

provides more reliable and accurate high flow forecasts.
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1 The superiority of the proposed HBMA method over BMA presents in all lead

times while it is more noticeable for shorter ones.
4.1 Abstract

Bayesian Model Averagin(BMA) is a weltknown statistical posprocessing approach

for probabilistically merging individual forecasts. In BMA, the postedistribution of the
predictand variable is determined by implementing the law of total probability. Therefore,
possessing an ensemble of independent members (mutually exclusive) with the highest
information content about observation variability (colleslyy exhaustive) is the main
inherent assumption of the original BMA method. Mutually exclusive and collectively
exhaustive are twoontradictorycriteria. Although constructing an ensemble of members
that fully satisfied these two properties is prachicamnpossible, providing a balance
between them is a key requirement for enhancing the BMA performance. Through coupling
BMA with Shannon entropy of information theory, this study proposes an ertagad
selection procedure to construct an ensembler@hisiflow forecasts by better addressing

the aforementioned contradictory criteria prior to performing the BMA. We investigate the
effects of using ensembles with the aforementioned properties by comparing the results of
original BMA with the proposed enfpg-based BMA (EFBMA) for short to medium

range daily streamflow forecaststwo different watersheds. The results indicate that the
En-BMA leads to better results particularly for high flow predictions. Both probabilistic
and deterministic high flow fecasts are more accurate and reliable when using the En
BMA approach. However, for the average flow forecasts, there are no clear differences in

the general performance of both methods. The improvements observed are more
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pronounced for shorter ledones ad less pronounced, but still present, for longer lead

times.

Keywords: Bayesian model averaging; Streamflow forecasting; Uncertainty; Entropy; Information

theory

4 .2 Introduction

Reliable sreamflow prediction is an essential task for various water managesseaes,

from flood forecastin@nd reservoir operatido recreational activities. Various sources of
uncertainties associated with forcing inputs, initial conditions, model parameters, and
model structures affect the reliability of hydrological foreségioradkhani & Sorooshian,
2008; Shrestha, 2009; Xu et al., 201Ggnerating an ensemble streamflow prediction
(ESP) is one of thenost common approaches for quantifying different uncertainties
(Madadgar & Moradkhani, 2014; Michaels, 2015; Seo et al., 2606 shown that an ESP

is more skillful and functional than deterministic systemsr foperational purposes
(Boucher et al., 2011; Xu et al., 201Bgsides using various meteorologicakiaginputs

and perturbing initial states of the model, ESP can be created by utilizing multiple
hydrologic models in order to quantify the model structural uncertainty and prevent

statistical bias of the predictigparbandsari & Coulibaly, 2019; Parrish et al., 2012)

Various statistical rad postprocessing tools have been developed for optimally merging
the individual members of the ESP. Simple averadbglSole, 2007)and Granger
Ramanathan averagir(@Granger & Ramanathan, 1984)e the simplest ones providing

onepoint deteministic results. However, some more complex methods, such as Bayesian

140



Ph.D. Thesig§ Pedram Darbandsari McMaster UniveisiBivil Engineering

Model AveragingBMA,; (Hoeting et al., 1999; Raftery, 1993; Raftery et al., 19005),
generate probabilistic forecasts by quantifying predictive uncertainty. BN/statistical
procedure using the weighted average of the probability distribution function (PDF) of
different individual forecasts for generating predictive forecast distributions. In
comparison to the other mulnodel combination methods, the higloapability of the

BMA approach in producing more accurate and reliable forecasts has been shown by

various studiegArsenaul et al., 2015; Viallefont et al., 2001)

Exploring the application of the BMA approach in the field of streamflow
predictions/simulations has led to different variants by relaxing some inherent assumptions
of the original BMA. Besides proposing somenot modifications, such as implementing
more representative distribution typ€grugt & Robinson, 2007)or applying data
trandormation (Duan et al., 2007; Liang et al., 2013; Qu et al., 20%&yeralmore
complicated BMA based posprocessing methods have been develppgeth as
combiningBMA and Data AssimilatioParrish et al., 201ZRings et al., 2012)Copulas

and BMA (Madadgar & Moradkhani, 2014and Copula Bayesian Processors with BMA
(He et al., 2018)All BMA variants listed attempt to relax the Gaussian assumption of the
posterior distributionswhile there are some fdamental limitations of the original BMA

method which remain

One of the primary principles of the standard BMA formulations is the law of total
probability. This principle leads to the assumption of possessing mutually exdliusive
independent)as well as collectively exhaustiv@.e. capturing observation variability)

members of the ensemble.other words, having an ensemble of members with the least
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shared information and higher capability of covering possible futures, is a potential
requirement fo reliable performance of the BMA approadh.has been shown that
selecting independent forecast members enhance the reliability of the BMA results
(Sharma et al., 2019however,capturing the variability of the observatiog bsing an
ensemble is not possible except by having collectively exhaustive mefilaetadgar &
Moradkhani, 2014)Simply constructing a large ensemble of members can provide more
information aboubbservation andelatively assure the latter requirement; while, it may
limit the former ongas the larger number of members can lead to higher redundant
information within the ensemb(&efsgaard et al., 201Xpiven the contradiction between

the two criteria, it is impossible to possess a mutually exclusive and collgetihaustive
ensemble simultaneously. Therefore, constructing an ESP by providing a balance between

the two criteria is necessary and can positively affect the performance of the BMA method

The information theory, also known as Shannon entropy, wagtirstuced byShannon
(1948) and has become very popular gaveralscientific fields The definition of the
entropy term irthe context of information theory is a measure of uncertainty in a random
variable; and based on the fact thia amount of uncertainty will be reduced if more
information is available, entropy corresponds toahmunt of information contained in a
dataset(Keum & Coulibaly, 2017a)There are various applications of information theory
in solving different waterrelated issuegMishra & Coulibaly, 2009; Singh, 1997Pne
common application of entropy in water resourt@s been to aid in the design of

hydrometric monitoring etworks(Alfonso et al., 2010, 2013; Keum et al., 2019; Keum &
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Coulibaly, 2017b; Leach et al., 2015; Li et al.,12)) where gathering highuality

information with minimal redundancy ieé¢ main objective

This study seeks to establish a new entrdopged selection procedure using the proven
capability of the information theory concept to provide information witmimal
redundancyThe new method will integrate entropy with BMA in order to overcome the
remaining challenge of possessing mutually exclusive and collectively exhaustive (MECE)
ensemble. In the proposed Entrdpgsed BMA (EFBMA) framework, before estiating

BMA parameters, three entropy measures (joint entropy, total correlation, and
transinformation) are utilized to narrow down the streamflow forecasts for constructing
ensemble with the MECE properties. The applicability and efficiency of the proposed
BMA approach have been assessed in two different watersheds fetsnoetdiumrange

(up to 7 days) daily streamflow predict®nBy providing a balance between two
conflicting criteria, the results show the superiority of theBBM in providing beter

probabilistic and deterministic high flow forecasts over the standard BMA approach

The structure of the paper is as follows. Seclidintroduces the underlying concepts of

our new ERBMA method. The experimental setup, including brief explanations of the
study areas, hydrologic models, and different verification metrics, are presented in Section
4.4. Sectiord.5 provides the comparison results between original BMA and proposed En

BMA methods, and finally, the summary and conclusions are drawn in Sédiion
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4.3 Methodology
4.3.1Definition of Entropy terms

As defined in information theory, entropy ameasure of the amwouof information
required to describe a randorariable. In other wordst is the amount of uncertainty
represented by the probability distribution of a random varidlie.basis of the Shannon
entropy is that the information gained from an event withuorence probability is

I T @@ . This stems from the fact that thaticipatory uncertainty from an event varies
inversely with its probability. Also, the logarithmic function is the daninsition that can
be used in order to make sure that tHerimation gained by the joint occurrence of two

independent events is equal to the sum of the information from each one:

! PR Ilg—d) II’W I 1 igw I 1 rgw (4-1)
Consequently, in the case afdiscrete variabled)) with 0 outcomes with probabilities

(n M B M ,the average information &fis denoted by

), n, ) N T p Y -y
Ow 0Ol I : : [ 4-2
— ni i (42

where’O 8 is the expectation function ari@ & is the marginal entropy of a single
variable® in bits, because the base of the logarithm is assumed to be equal to 2. Therefore,
marginal entropy is the amount of information gained by knowing a single variable and it

varies between zero, for a deterministic case,add’Qfor the most uncertain cases
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(uniformly distributed variab®. It is of note that forcontinuous variablessuch as

streamflow data, a finite number of discrete data intervals must be chosen

A similar procedure is used for calculating the total information contenbie than two
variables (e.g, U variables), which is known as joint (multivariate) entropy
(O®hy B hd ):

O & hd B hd

(4-3)

wherery G o B G is the joint probability of all variables ad Q@ ph) s
the number of values or class interviaisvariablew in the case of discrete or continuous

variables, respectivelyt there are independent variables, multivariate entropy is equal to
the summation of their marginal entropies and its maximum value will occur in the case of

independent, equally likely variables

In general marginal and joint entropies are related as follows

0 G hd 1B hd 06 6 OB (4-4)

whered & hd I8 hd  is the total correlation which estimates the amount of duplicated
information in multiple variabledt is of note that increasing the number of variables could
potentially lead to larger total correlation (Figdré). If the number ofrariables is reduced

to two, Equation4-4 can be rewritten as follav
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0GR 00 06 Yok (4-5)

where"Y® R is the amount of mutual informatiofor transinformatioh between
variablesid and® . In other words, it showthe information content of one variable that

is contained in another. Transinformation is symmetric, (Yéo htd ~ "Y® Ry ) and

will be equal to zero when two variables are statistically independeatlafger value of
transinformation depicts the higheependence between the variables and the maximum
value occurs in the case of functionally dependent variables. Therefosmftranation

varies in the range of zero@'™Q#0 & HO ®

For more clarificationFigure4-1 illustrates the schematic tie various aforementioned
entropy terms fom case ofhree variables, where the circle sizes indicate the amount of
marginal entropyAs can be seen, transinformation is omiganingful for two variables

(or group of variables) and is not equal to tetairelation when we possess three or more
data sets. Moreovethetotal correlation is the sum of all order duplications in the system.
Based on the definition of the previously mentioned entropy terms, it can be concluded that
these concepts can be usadorder to relax some of the remaining assumptions and

hypothess of the BMA method (i.eindependent and mutually exclusive predictions)
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‘ T(XbXZ) T((XerZ)lX3)

(a) Marginal entropy (b) Joint entropy

T(X1, X3) T((X1,X3),X2)
QP |
C(X1, X3, X3) T(X2,X3) T((X2, X3),X1)
(¢) Total Correlation (d) Transinformation

Figure 4-1 The schematics of (a) marginal entropy, (b) jointepy, (c) total
correlation, and (d) transinformation

4.3.2Bayesian Model Averaging with Moving Window

BMA is a probabilistic posprocessor where the conditional PDFs of various forecasts are
combined in order to generate more skillful predictions. BMA west fntroduced for
statistical linear regression applicatioftsoeting et al., 1999; Kass & Raftery, 1995
Raftery et al(Raftery et al., 2005¢xtended the application of BMA to dynamic models.
Given the detailed description of the BMA approach in the litera{r@bandsari &
Coulibaly, 2019; Raftery et al., 20Q5ye briefly explained the BMA basic concepts for

the sake of completeness.
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Consider the quantity to be the predicta (i.e., forecasted variable) based on the training
dataO and the ensemble of independent prediction®OFOR HO . Based on the law of

total probability, the BMA predictive PDF dfcan be represented as.

0 WSO 0 o§CHO 0 "O0 (4-6)

whered "00 is the posterior probability of the forecd€tbeing correct given the
observational data. This term can be viewed ageight © ) reflecting how well the
ensemble membé&dits the observations in the training period. MoreovergHO is

the PDF of the predictandconditional on the foreca¥and observed dai@. In the
standard BMAapproach this posterior probability is assumed to follow the Gaussian

distribution centered at the forecast value with standard dmvijat

In order to estimate the parameters of the BMA approach, (i.e., weights and variances of
each individual forecast), the Expectatigiaximization (EM) algorithm, proposed by
Raftery et al(2005) is applied for maximizinghe loglikelihood functionof the parameter

vector(—

0— 0¢é WEEOFOB RORO 0 £ °Q 0 "QuEh, (4-7)
M is an iterative approach, including expectation and maximization steps, where a latent
variable is used for searching the optimal values of parasnéténough obtaining a global
optimum solution is not guaranteed, it has been shown that EM is as reliable and efficient

as more complex global optimization techniq@@arbandsari & Coulibaly, 2019; Vrugt
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et al., 2008)For a more detailed description of the EM aldonf the reader is referred to

the abovecited references.

Using a fixed training set of data leads to a static estimation of the BMA parameters, which
does not change with respect to the hydrologic regioeever, updating the parameters
when new observains are available may provide more reliable results. Therefore,
following Raftery et al(2005) the moving window approach is implemented where the
shater window of simulatiorobservation pairs surrounding each forecast is used as the
recursive training period for calculating BMA parameters. By capturing the- time
dependent relative performance of various members of the ensemble, the BMA with
moving windw leads to better probabilistic forecagBarrish et al., 2012; Vrugt &

Robinson, 2007)
4.3.3Entropy-based Bayesian Model Averaging method

As previously stated, establishing a balanced ensemble of foregdbktamutually
exclusive (independent) and collectively exhaustive (capturing the observation variability)
membersan potentially lead to moreliableBMA derived predictive forecastslere,by

using three aforementioned entropy terms, we introduce grt@aaplement selection
procedure, through which the generated ensemble can (1) possess minimum redundancy

and (2) assure the highest overall information.

Figure 42 represents the proposed Entrdggsed selection algorithm for optimally
choosing the sules of forecast memberwith minimum redundancy and maximum

informationfor BMA application. As can be seen, the method has a nested loop structure.
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The goal of the inner loop is finding less independent forecasts when the number of selected
members is fixd. Therefore, the total correlation between selected members is considered
as an objective function, and its values for potentially selected subfate Compared in

order to find the optimal oné€Y). Different subsets are initializday iterativelyremoving

one member of the candidate forecasts and finally, the subset with the lowest dependence
within its memberss the selected onén other words, the finally omitted member in each

loop possesses the most duplicate information in common with other members, which leads

to the highest redundancy of the ensemble.

In the outer loop, the stopping criteria are defined in order to prasadlectively
exhaustive ensemble. Therefore, we introduce two entoapgd ratios. The first is the

ratio of joint entropy of the selected optimal members, derived from the inner loop, to that
of all the candidate member®( "OROMBHTO ). This rato shows how much of the
information contained by the whole ensemble is covered using the selected subset.
Although it illustrates the exhaustiveness of the selected members, it is not a proper term
for representingthe amount of information about capturirige variability in the
observation. Therefore, the second criterion is defined as transinformation between the
final selected subset and observations over transinformation between all candidate
members and observations. This provides a better estintdtiloe maximum information.
However, both ratios must be used together to assure collectively exhaustive criterion in
both calibration and forecasting periodsgure 4-3 exemplifies the application of the
proposed selection procedure for one forecastlistiating how different entropy terms

change in both inner and outer loops. As previously stated, the inner loop of the procedure
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determines the best subset of ensemble with minimum total correlation and the outer loop
continues until both stopping crita are fulfilled. The steady decrease of total correlation

in the outer loop shows selection of less dependent members while the irsfmpgedg
threshold parameterf (), ensures possessing an ensemble with sufficient information

content.

The integratiorof the proposed Entropyased selection algorithm with BMA using the
moving window scheme is preseniad-igure 44. For each forecast, the moving window
with length0 is considered as the training period for implementing the selection procedure
and egstnating BMA parameters. The results of the training phase are used during the
forecasting mode, where at first, the ensemble of streamflow forecasts Ydpye ahead

are generated using the selected members and deterministic precipitatiprand
temperature (Y) forecasts, and then, the BMA approach with estimated parameters is
utilized as a pogprocessor for probabilistically merging the generated forecasts. It is of
note that, in this study, we used observed precipitation and temperaturefext per
deterministic meteorological forecasBy allowing the selected members to vary for each
forecast, we hope the proposed-BMA is able to provide better deterministic and
probabilistic results in comparison to the original BMA where the same ensénble

implemented.
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Figure 4-2 The greedy algorithm of the Entropwysed selection procedur@
"OROMBHO s the set of all candidate forecast membérshowsthe number of
members of the ensemblés a candidate ensemble subset after removing mef@ber
"08,0 8 and"Y8 respectively are the functions of joint entropy, total correlation and
transinformation
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Figure 4-3 An example of the application of the proposed selection procedure in both (a)
Big East River and (b) Black River watershe@and“Yare the ensembles considering
all and selected members, respectively, ansl the observatioriO 8, "Y8, andd 8
respectively show the functions of joint entropy, transinformation and total correlation in
bits
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Figure 4-4 Themain flowchart of the Entropgased Bayesian Model Averaging {En
BMA) with Moving window schem&: moving window length:Y forecast leaetime; U :
total number of candidate membePg; the number of selected membars;and”Y are

inputs for tke selected models

4.4 Experimental Setup
4.4.1Study Area

The proposed EBMA approach is applied to the Big East River (BE) and Black River
(BL) basins, locad in northern Ontario, Canada (FigurB)4BE is a mostly forested area

of 620 knt while BL, with a dranage area of 1522 Kmis covered with the combination

of agricultural lands and natural forests. Both watersheds are moderately sloped with
altitudes approximately changing from 200 to 400 and 200 to 600 meters above sea level
for BE and BL, respectivelfzrom the six available meteorological stations, located around

both watersheds, the mean annual precipitation ranges between 887 to 1249 mm. In
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addition, the average temperature variations frah5°C in January to 18.5°C in July

depict the occurrence afi four seasons in both watershé@lable 41). Moreover, in April,

when the temperature risesabove the freezing point and snowmelt begins, the highest

amount of discharge at the outlet of both watersheds can be seen. This depicts the

importance of onsidering the snowmelt routine in the hydrological modeling of both

watersheds. It is noted that the lolnsity grounebased stations shows the status of-data

poor watersheds where the conceptual models are the most appropriate ones far rainfall

runoff modeling(Anshuman et al., 2019; Tegegne et al., 2017)

Black River

Black River

b Big East Ri
' g Fagtiver ALGONQUIN PARK EAST GATE
L J
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®
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Elevation Land Cover
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- B veter
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[ Forest
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Rivers and Stream

Figure 4-5 Thestudy areas: Big East River and Black River watersheds
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Table4-1 The climate characteristics of both basins using all available meteorological
and hydrometric data

Month Precipitation (mm) Mean daily temperature (°C) Discharge (mm)
Mean Max Min Mean Max Min BE outlet  BL outlet
January 81 119 50 -10.2 -9.5 -11.4 55 62
February 59 75 40 -10.5 -10.0 -11.6 33 35
March 57 63 49 -3.6 -3.2 -4.5 59 64
April 87 96 70 4.5 51 3.8 152 125
May 81 87 69 11.9 12.3 11.3 64 51
June 108 122 98 16.2 16.7 15.6 39 22
July 85 97 73 18.5 19.3 17.9 23 15
August 88 105 74 17.5 18.2 16.7 19
September 94 109 82 13.4 14.0 12.4 21
October 117 151 86 7.2 7.7 6.2 41 24
November 92 125 66 0.8 1.2 -0.1 67 52
December 94 122 72 -5.5 -4.9 -7.0 71 65

4.4 .2Ensemble streamflow forecasts

In this study, as presentedTiable 42, seven different lumped conceptual rainfaihoff
models, employed for generating an ensemble of streamflow forecasts, are SACSMA,
MACHBYV, SMARG, GR4J and three different configurations of HHM®S model. These
models possess unique structural complexitvéh varying numbers of parameters. Daily
precipitation and temperature are the only inputs to the chosen models, with different
methods used for calculating potential evapotranspiration (PET) depending on the model
(Table 4-2). Moreover, as stated indhprevious section, snowmelt is one of the most
important hydrologic processes in our study areas. Therefore, for adding more diversity,
three different snowmelt modules are implemented with various m@Qdsite 42). In the

simple degreglay method (DDMSamuel et al., 20} vhich uses five parameters, a linear
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relationship between temperature and the amount of snowmelt is considered.-The 10
parameter snowmelt utine of the HEGHMS models(Scharffenberg, 2016)ses the
antecedent temperature index for calculating the melt rate. Sri@gwd@rson, 1973, 2006)
including 11 parameters, is a more complex temperature index approach where some of

the snowmelt related physical processes are considered.

Table4-2 Rainfallrunoff models implemented in this study

Model Reference Number of PET method Snowmelt
parameters routine
SACSMA Burnash et al. (19793 14 Thornwaﬂ;é?ai\)muel etal, Snow17
MACHBV Samuel et al. (2031 10 Thornwaite Snowl7
SMARG Tan and O0O6¢C 9 Thornwaite DDM
GR4J Perrin et al. (2003 4 Thornwaite DDM
HargreavegHargreaves and
*
HECHMS1 Scharffenberg (2036 7 Samani, 1985) HECHMS
HECHMS2* Scharffenberg (206 15 Hargreaves HECHMS
HECHMS3* Scharffenberg (20236 17 Hargreaves HECHMS

* HECHMS1.: recession + deficit and constant approaches; HECHMS2: recession + soil moisture accounting
approaches; HECHMS3: linear reservoisail moisture accounting approaches

By considering 6 years of historical data (i.e., years Z6l) as the calibration period,

we use the dynamically dimensioned search algori{fhofson & Shoemaker, 20079r
estimating model sé6 parameters usi-@Gupgta f i ve
efficiency (Gupta et al., 2009)NashSutcliffe efficiency(Nash & Sutcliffe, 197Q)and

Nash volume errofSamuel et al., 201¥pcuson medium flows in different waysyhile

modified Nash volume errg¢ . 6;®arbandsari and Coulibaly, 2018)d peak weighted

root mean square err(@ 7 2 - 3CGwunderlik and Simonovic, 2004)je aimed to siulate

high flows more accurate. As showrbquation4-8, in0 0 w,@he combination of volume

157



Ph.D. Thesig§ Pedram Darbandsari McMaster UniveisiBivil Engineering

error ('Q andb "Y'®ased on squared transformed streamflowYO , reflecting the

accuracy of high flows) is used:
DOwOOYO ™ woO (4-8)

Also, 0 'Y D "Y¢ormulated as follows:

. 6 0
boYoYOR b - (4-9)
0 cO

where0 is the data length ai) 0 , andb respectively are the simaiéd, observed, and
the mean of observed flows. As can be séet,"Y 0 "j®es higher weights to errors near
the peak flowsUTtilizing multiple objective functions can provide better BMA predictions
in different flow rangegDong et al., 2013)Combining the seven hydrologic models and
five objective functions leads to a set of 35 calibrated models, this s#tezabeused to

generate an ensemble of streamflow forecasts
4.4.3Performance measures

The accuracy, reliability and sharpness are the most important aspects of any predictive
forecast need to be evaluated. In this study, we used six different evaluation metrics and
some visual graphical tools to cover all of the aforementioned properties. In terms of the
accuracy, three determinisimsed measures, including Nash Sutcliffe EfficiercyY()Q

Volume Error (o 'Q, and theoot mean square errf¥ 0 "Yj@re employd:
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0D YO B o 4-10
0 P 3 G (4-10)
L B Q0
R)e) - (4-11)
B U
T
YO YO UB Qb (4-12)

where™Qandy , are respectively the forecast and observed variakikethe observation
mean and) is the dataset length."Y'Qraries betweel® and 1 with f he be:
while @'CGandYD "YPossess a | wahergosver walues [stibw befler model

performance

Moreover, the mean continuous ranked probability score (CRRSsbach, 2000

evaluates the accuracy of the results in a probabilistic way by comparing the cumulative

distribution of forecasts)( ) and observation®( ), determined by using Heimide

function(Ow 0 ):
6'Y6"Y§ 0 @ 0 ® 0Q (4-13

mw U
o B 0 (4-14)

The range fob 'Y 0i8Y0 tob where smaller values indicate better performance.

The Containing ratiod "% ) and the average Bandwidtbd ) of the 95% confidence

interval (Xiong et al., 2009are the two other performance statistics, being used to assess
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the reliability and sharpness of the probabilistic forecasts, respectivédyus the ratio
of the observations, covered by the 95% prediction bound. It ranges between 0 and 1 with
an optimal value of 0.950 w wetermines the average width of the aforementioned interval

and it is negatively oriented, with lower values indicatingdvdtirecasts.

5
0 v T (4-15)

Owu UB QQ "QQ (4-16)

In the above equation8, is the number of observations that have fallen within the 95%

bound andhe upper and lower boundaries of doeresponding bound is denotedByQ
and’Q Q) respectivelySimultaneously evaluating these two criteria is vital for providing
precise conclusions. For instance, a forecast with a goddumay still be underconfident

by providing highd w yindicating an overestimation of thecertainty bound.

Apart from previously presented verification metrics, we adopted the predictive quantile
guantile plot (QQ plot; Laio and Tamea, 20Q0As additional visual statistical verification

of the forecast reliability, where the comparison is made between forecagsheand
cumulative uniform distributian The more the @ plot follows the bisector line, the more
reliable the forecast is. Therefore, another reliability measuredn also be calculated
from a QQ plot, which represents the discrepancy betweé& (ot and the bisector line

(Renad et al., 2010Q)
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| p C UE 0 0 YO (4-17)

0 U and’YO respectively determine the nexceedance probability of the observed

value using forecast and uniform cumulative distributions. p shows the perfect
reliability while its worst value is zero. Moreover, the representative hydrographs are
another tool for assessing both deterministic and probabilistic forecasts visually.
Furthermore, for more specific evaluation and comparison of differemtt h od s 6
performance regarding high flows, all aforementioned performance measures are also

determined based on the high flow datd(pércentile of streamflow).
4 5Results and Discussion
4 .5.1Rainfall-Runoff models calibration

As previously stated, for each hgttygic model, five optimized parameter sets are obtained
by considering different criteria (i.6. "OQ) "YQ) ®'0) 0 w0andd w'Y D "Y@s an
objective function in th@ptimizationprocess using the calibration period from 2006 to
2011. A comprison between the performances of different models, calibrated using
different objective functions, in the thrgears validation period (2042015) in terms of

0 "YOY D "Y,@ 'Q and their corresponding values derived from flows more than 90
percenile (i.e.0 "Y©O0,Y 0 "¥-@D, andw G10) can be found in Figuke6. In the Big East
River watershed, the results, in general, indicate the superiority of GR4J model in
simulating daily streamflows, however, by focusing on high flows, MACHBYV shows th

most reliable performance. In the Black River, on the other hand, MACHBYV is the most
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consistent model by providing the best results based on almost all performance metrics
while SACSMA performs competitively regarding high flow simulation. The fact that
MACHBYVY was initially developed for stream
basingSamuel et al., 2011, 201 2gan justify the robust performance of MACHBYV in both
watersheds, which are considered as-dasace regions with lowdensity ground based

measurement®arbandsari & Coulibaly, 2019)

Morever,comparing the use of different objective functions shows that implementiog

as an objective function consistently leaddtatively better performance for most of the
hydrologic models in the Big East River watershed, while its application in the Black River
is not among the best onés.Y'®ased calibrated models, compared wiitth ‘Oprovide

better results in terms of) "Y'@nd'Y 0 "Y@iteria in both watersheds, however, their
performances are worst regarding volume ereo(metric for most of the models. By
combining0d “Y'@ndw Ometrics,0 w @riterion provides a balance among volume error
and differencebetween streamflow simulations and their corresponding observations
(Lindstrém, 1997; Samuel et al., 201Eurthermore, the results shows that using objective
functions focsing on high flows (i.ed @'Y 0 &4d0 U & )Qloes not always lead to better
calibrated models regarding high flows. Overall, the main conclusion that stands out from
comparing the different objective functions, is that it is practically impossilsieléot one
criteria which gives the best optimal parameters sets for all hydrologic models based on
different performance measurements in both watersheds. Therefore, besides helping in

finding the best optimal parameter sets for each hydrologic moded, diffierent objective
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functions provides larger number of ensemble members with higher potential capability in

capturing future flow possibilities.

Figure 4-6 The performance evaluation of various calile@tydrologic models for the
validation period (years 2012015) in (a) Big East River and (b) Black River watersheds
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