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Abstract

A new method for efficient calibration of complex hydrological models that combines
Dynamically Dimensioned Search (DDS) global optimization algorithm with Global Sensitivity
Analysis (GSA) methods is introduced. This approach, which is called sensitivity-informed DDS,
utilizes sensitivity indices to increase the probability of perturbation for the most sensitive
parameters, while giving low chance to least sensitive ones. This feature improves the efficiency
and effectiveness of optimization by finding good quality solutions in a shorter time. Three
different implementations of sensitivity-informed DDS are considered. The first approach is
named as GSA<~DDS, in which GSA toolboxes (Morris or Sobol) are performed initially and
throughout the optimization process to constantly update the sensitivity information. The second
approach is called GSA—DDS. In this method, the GSA methods are only performed initially to
include the results of GSA within optimization process. The final implementation is called
VARS—DDS. In this method, to enhance the efficiency of sensitivity analysis and optimization,
VARS toolbox is performed outside the optimization to provide the sensitivity information. The
performances of GSA<~DDS, GSA—DDS and VARS—DDS are compared with original DDS by
solving various optimization problems (test functions and model calibration case studies).
According to the results, when calibrating complex hydrological models with enough
computational budget, VARS—DDS is significantly more efficient and effective than original
DDS. However, the results also show that GSA—DDS and GSA<~DDS methods do not
substantially improve the convergence rate and the final best solution compared to DDS. Thus,
VARS—DDS is the recommended approach for sensitivity-informed DDS in calibration of

distributed and semi-distributed models, when enough computational resources are available.
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1 Introduction

1.1 Problem Statement and Motivation

Hydrological models use interrelated, parametric, non-linear equations to represent the
underlying real-world watershed system behavior, adequately. More advanced models have more
parameters that can be automatically calibrated by means of an optimization algorithm to improve
the model performance. The growing complexity of hydrological models has substantially
increased the computational burden of automatic model calibration (Tang et al., 2005). For
instance, in a study performed by Unduche et al. (2018), complex and fully distributed
WATFLOOD model (Kouwen, 1988) with 61 calibration parameters, and less complex, semi-
distributed HSPF model (Crawford and Linsley, 1966) with only 13 calibration parameters, were
used to simulate runoff at the Shellmouth basin located in Canadian Prairies. The models were
automatically calibrated over a ten-year period with considering common statistical metrics such
as correlation coefficient (R). With equal model evaluation budget, the reported R value for HSPF
was equal to 0.85, while WATFLOOD calibration resulted in lower R value (0.77). Thus, due to
the significantly higher number of calibration parameters in WATFLOQOD, the calibration should
be performed with higher computational budget to improve the performance of WATFLOOD. In
another study accomplished by Teshager et al. (2016), Soil and Water Assessment Tool (SWAT)
(Arnold et al., 1998) was automatically calibrated for Big Creek River watershed located in
Illinois, USA, from 2000 to 2003. The 38 parameters of SWAT related to streamflow and water
quality were calibrated. The Nash Sutcliff Efficiency (NSE) metric value for NO3, TSS and
streamflow was reported as 0.11, 0.44 and 0.54 respectively, which illustrates a fragile fit between
simulated and measured data. Therefore, the high number of calibration parameters of SWAT

requires more computational cost to be automatically calibrated.




Increasing the computational burden of automatic calibration of complex models has led
to the development of different approaches to decrease the computational cost of model
calibration. According to Razavi et al. (2010) utilization of metamodeling techniques, developing
efficient optimization algorithms and utilizing parallel computation are among these approaches.
In addition, a common method to efficiently calibrate computationally expensive models is the
sensitivity reduction of calibration parameters (Wagener and Kollat, 2007). A brief overview of

these approaches is given in the following sections.

Metamodeling approaches can significantly reduce the required computational budget of
computationally expensive simulation models by replacing and emulating these models (Razavi et
al., 2010). For instance, Khu et al. (2004) utilized artificial neural network as a metamodel and
coupled it with genetic algorithm (GA) (Holland, 1975) to calibrate the MIKE11/ NAM rainfall-
runoff model. It was reported that in comparison to related previous studies, the proposed
calibration method was able to produce same or improved results; however, with only 40 percent
of the simulation budget. In addition, Sakata et al. (2003) combined Kriging estimation and neural
network (NN) estimation with gradient-based optimization to form an estimated solution space for
solving structural optimization problem. The results showed that, the Kriging method has
improved the optimum solution by 22% compared to NN estimation method. Although the
metamodeling strategy has a benefit of reducing computational cost of complex calibration
problems, Razavi et al. (2010) mentioned that the main limitation of metamodeling is the
approximation of mathematical model, in which, the quality of this approximation could affect the
model outputs. In another study by Shoemaker et al. (2007), the performance of seven global
optimization algorithms were compared on calibrating SWAT2000 model applied on Town Brook

watershed located in New York, USA. According to the results, among the compared algorithms,




the Evolution Strategy with Radial Basis Function approximation (ESRBF) method found the least
sum of squared error (SSE) value for simulated and observed streamflow data with the simulation
budgets of 500, 1000 and 2500. This illustrates the benefit of ESRBF method in efficient
calibration of computationally expensive models with limited budgets. Moreover, Knowles (2006)
evaluated the performance of ParEGO and nondominated sorting genetic algorithm Il (NSGA-I11),
multi-objective optimization algorithms on nine difficult test functions. The Mann-Whitney Rank
sum test showed that ParEGO significantly outperforms NSGA-II in seven test functions,

especially when the budget was limited (i.e. 100 and 250 function evaluations).

Utilizing efficient optimization algorithms such as Dynamically Dimensioned Search
(DDS) is another strategy to increase the efficiency of model calibration. DDS is developed by
Tolson and Shoemaker (2007) and is claimed to be designed for calibrating highly parameterized
hydrological models. Arsenault et al. (2013) made a comparison between ten different
optimization algorithms, including DDS, for the calibration of three hydrological models over ten
different basins. The results showed that in almost all of the different model calibrations case
studies, DDS showed faster convergence, and found significantly better NSE value particularly in

models with a large number of parameters.

Parallel computing techniques can also increase the efficiency of hydrological model
calibration. In parallel computing, multiple computing resources are simultaneously utilized to
solve a computational problem. In these methods, the problem is divided into discrete parts and
each part is further divided into a series of instructions. Instructions from each part execute
simultaneously on different compute resources (processors). Therefore, the problem can be solved
faster in comparison to the serial computation method. Implementing optimization algorithms in

parallel format can lead to a considerable reduction in computational time (Barney, 2010; Razavi




et al., 2010). For instance, in a study by Tang et al. (2007), two parallelization schemes called
Master-Slave (MS) and Multiple-Population (MP) for e-NSGAII algorithm are introduced and
evaluated by applying on SAC-SMA Leaf River model calibration problem. The results showed
that compared to serial version of e-NSGAII, both MS and MP versions of e-NSGAII with 16
number of processors increased the efficiency of calibration by 50%, as the improved g-indicator
values were being found earlier in time. In another study, Zhang et al. (2013) introduced a parallel
version of A Multi-method Genetically Adaptive Multi-objective Optimization Algorithm
(AMALGAM) to calibrate SWAT model, which is called PP-SWAT (Python-based parallel
computation package). The PP-SWAT has been applied on two watersheds namely, Little River
Experimental Watershed (LREW) located in southwest of Georgia, and South Fork Watershed
(SFW) located in lowa, USA. It was reported that, 20000 sequential runs of SWAT with one
processor when applied on SFW and LREW, took 644 and 80 hours respectively, while for the
same number of iterations, the run time of PP-SWAT was equal to 14 hours for SFW and less than
one hour for LREW. This clearly illustrates the higher efficiency of PP-SWAT compared to serial
version of SWAT model. In addition, Schutte et al. (2004) developed a parallel version of Particle
Swarm Optimization (PSO) algorithm, and compared with the gradient-based optimization method
by applying on optimization test functions and biomedical system identification problem. It was
reported that in analytical test functions, parallel PSO enhanced the efficiency of optimization by
95%. However, due to the large number of local minima in a biomedical case study, only 25%
improvement in the efficiency of parallel PSO was seen, and parallel PSO converged to the same
solution in multiple trials, while the gradient-based method found distinct solutions at the end of

each trial, thus parallel PSO was reported to be more consistent.




A more common approach to improve the efficiency of model calibration is by applying
sensitivity analysis. In complex hydrological models that have a large number of parameters,
determining the optimal value for all the parameters is not feasible (Muleta and Nicklow, 2005).
Hence, by reducing the calibration parameters to the most sensitive ones, which are the most
influential parameters on model outputs, the simulation cost can be reduced substantially (Muleta
and Nicklow, 2005; Tang et al., 2007; Wagener and Kollat, 2007; Lu et al., 2015). As an
illustration, Muleta and Nicklow (2005) utilized screening, parameterization and sensitivity
analysis to reduce the number of parameters in SWAT model calibration. A stepwise regression
method (Helton and Davis, 2000) was used to identify parameter’s sensitivity, and reduced the
calibration parameters to 20 for both streamflow and sediment yield in Big Creek Watershed
located in Illinois, USA. To calibrate SWAT, they used GA, and reported 0.744 and 0.461 as the
best NSE values for streamflow and sediment yield respectively. In another study carried out by
Lu et al. (2015), sensitivity analysis was considered to omit the non-important parameters in
calibrating SWAT for Heihe River basin located in Qilian Mountains, China. Seven parameters
were identified as the most influential parameters for streamflow simulation. The NSE value for a
five-year calibration was reported equal to 0.83. Nevertheless, the main problem with sensitivity-
based parameter reduction for model calibration is selecting the appropriate sensitivity threshold,

which can affect the model performance (Werkhoven et al., 2009).

Different methods for efficient calibration of complex hydrological models that are
explained above have shown serious shortcomings. As an illustration, approximating the
mathematical model in metamodeling approach can degrade the model performance, and reduce
the quality of model outputs (Razavi et al., 2010). Furthermore, Werkhoven et al. (2009) calibrated

SAC-SMA model with different sensitivity reduced parameter sets. The results showed that




increasing the sensitivity threshold to extremely reduce calibration parameters can degrade the
model performance, as the Runoff Coefficient Error (ROCE) metric was increased compared to
calibration with higher number of parameters. Therefore, performing sensitivity analysis prior to
model calibration to omit non-sensitive parameters from the calibration process can pose a risk of
inaccurate model calibration due to the selection of incorrect sensitivity threshold. Hence, a new
approach to efficiently calibrate hydrological models needs to be developed, to overcome to the

shortcomings of the previous model calibration techniques.

1.2 Research Objectives

The main objective of this thesis is to increase the efficiency and effectiveness of automatic
calibration for complex hydrological models by developing a method that combines the global
sensitivity analysis and global optimization. This approach, which is called sensitivity-informed
optimization, utilizes sensitivity information to prioritize parameter perturbation in the
optimization process. In other words, instead of removing low-sensitivity parameters from
calibration process, a low chance for perturbation is given to them based on their sensitivity index,
while parameters that are more sensitive are perturbed with higher probability. Sensitivity-
informed optimization is intended to increase the efficiency of the hydrological model calibration
by identifying a solution that has an equal or better objective function value in a relatively shorter
time compared to other algorithms. In addition, this new method can enhance the effectiveness of
model calibration by discovering a solution that has a better value of the calibration objective
function compared to solutions found algorithms with equal computational budget. However, one
should be noted that a better quality solution does not necessarily represent a better calibrated

model due to uncertainty in model calibration process. Figure 1 illustrates the overall flowchart




for different implementations of sensitivity-informed optimization that are tested in this thesis to

reach the defined objectives.

The other objectives of the current thesis are listed below:

Calculate parameter sensitivity indices at the end of calibration that provides insights
in which parameters contribute most to the calibration process (Holvoet et al., 2005).
The sensitivity information can be useful in model recalibration when new forcing
data is available.

Investigate the performance of proposed methodology on a wide range of
optimization problems from complex hydrological models to simple optimization
test functions.

Compare the efficiency and consistency of different GSA approaches applied to the
hydrological model calibration problems.

Calibrate hydrological models with reduced and full parameter sets to show the

advantages and disadvantages of parameter reduction in model calibration.

Implement the proposed methodology with different GSA tools to identify the most
suitable and effective GSA method for sensitivity-informed optimization in model

calibration.
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Figure 1. The overall flowchart of different approaches for sensitivity-informed optimization tested in
this thesis. The approaches colored in orange and green failed and suceeded to meet the objectives
respectively.




2 Hydrological Modelling and Model
Calibration

2.1 Hydrological Modelling

Hydrological models are mathematical tools that simplify water-related real-world systems
such as surface water, groundwater, and wetlands and so on. They help to simulate the underlying
processes of the real-world watershed systems and therefore can be used for planning optimal and
sustainable use of water resources (Abbaspour et al., 2015). Based on the characteristics of
hydrological models, they can be categorized as deterministic or stochastic, physically-based or

conceptual and lumped or distributed models (Beven, 2001).

In lumped models, the spatial variability of the studied area is ignored, and the entire area
is considered as a single unit. Moreover, in these models, the model response can be evaluated
only at the outlet point and not within the study area. Obviously, parameters of lumped models do
not allowed to be modified across the basin, and they do not necessarily represent the physical
features of hydrological processes. In addition, these models are simple to use and require minimal
input data to run (Moradkhani and Sorooshian, 2009; Sahu et al., 2012). Well known lumped
models are Sacramento Soil Moisture Accounting (SAC-SMA) Model (Sorooshian et al., 1993)

and HEC-HMS developed by US Army Corps of Engineers (USAC-HEC, 2016).

On the other hand, distributed models divide the studied area into small units with the shape
of square cells or triangular networks. Therefore, in these models, the basin is modeled at these
units, and the model response can be calculated at any location across the basin. Examples of
distributed models include WATFLOOD (Kouwen, 1988) and HYDROTEL (Fortin et al., 2001)
hydrological models. Unlike the lumped models, in distributed models, parameters can vary

spatially within the defined cells, and users can define the resolution of these cells to comply with




the available computational resources. Distributed models require a large amount of input data and
can produce results not only at the outlet but also at any locations across the basin. If accurate input
and measured data are provided, distributed models can produce highly accurate results compared
to other rainfall-runoff models (Moradkhani and Sorooshia, 2009; Sahu et al., 2012; Devia et al.,

2015).

The major disadvantage of distributed models compared to the lumped models is that
usually distributed models require a large amount of distributed input data to accurately generate
model outputs. Thus, these models might fail to generate adequate results for regions that suffer
from hydrological and meteorological data scarcity. In addition, distributed models need excessive
computational resources for simulation and therefore for calibration (Yaduvanshi et al., 2018)
compared to the lumped models. On the other hand, distributed models are expected to produce
more accurate hydrological outputs (Carpenter and Georgakakos, 2006) given accurate input data

are available.

Semi-distributed (SD) hydrological models such as, SWAT and HSPF are somewhere
between distributed and lumped models. SD models, lump meteorological and physical parameters
into sub basins. Hence, they require less amount of data and computational resources for
simulation and are more user-friendly compare to distributed models (YYaduvanshi et al., 2018).
Moreover, SD models perform hydrological predictions with significantly higher spatial and
temporal resolutions than lumped models (Carpenter and Georgakakos, 2006). However, SD
models have their own shortcomings. They have more parameters and require more input data
compared to lumped models. Yaduvanshi et al. (2018) compared the parameter uncertainty
between SWAT and the lumped probability distribution model (PDM) using GLUE method. The

results showed that the reported p factor of Percent Prediction Uncertainty (PPU) band (which
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represent the parameter uncertainty) for SWAT and PDM were 74% and 64% respectively.
Therefore, SD models such as SWAT, demonstrate higher parameter uncertainty compared to
lumped models (Yaduvanshi et al., 2018). Furthermore, according to Pina et al. (2014), distributed
models are expected to generate more realistic and accurate results at a higher resolution compared
to SD models, given accurate input data are available. In conclusion, a modeler has to select
lumped, semi-distributed and/or distributed hydrological models according to the characteristics

of the studied area, aim of the project, data availability, and available computational resources.

Deterministic versus stochastic is another classification of hydrological models. In
deterministic models, the model simulated response is a single realization of the underlying
processes. Nevertheless, stochastic models utilize a post-processing procedure that includes model
uncertainty. In fact, in deterministic models, model output is fully determined by model
parameters, while in the stochastic models, the randomness in the model causes the same parameter
set to create different outputs (Devia et al., 2015; Farmer and Vogel, 2016; Sanchez-Vila and
Fernandez-Garcia, 2016). In stochastic models, every parameter is represented by a spatial random
function. Thus, uncertainty in these models is substantially higher than deterministic models

(Sanchez-Vila and Fernandez-Garcia, 2016).

According to Devia et al. (2015), based on the description of hydrological processes used
in models, they can also be categorized as conceptual or physically-based. Conceptual
hydrological models aim to simplify the complex underlying watershed processes. The main
structural components of these models are the empirical equations that are derived based on
observation of hydrological processes. Nevertheless, in physically-based models the aim is to
understand and incorporate into the model the hydrological phenomena in a watershed system.

Therefore, physically-based models are supposed to be able to estimate the effect of watershed
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modifications (e.g. land cover change and crop rotation) on these phenomena. In these models, the
simulation of complex watershed processes is performed based on laws of physics, such as,
conservation of mass, momentum and energy with minimal simplifying assumptions compared to
conceptual models. Conceptual and physically-based models could also be categorized as lumped,
semi-distributed, or distributed (Sahu et. al, 2012; Devia et al., 2015). SWAT and SAC-SMA are

among the famous physically-based and conceptual hydrological models, respectively.

2.2 Model Calibration

According to Sorooshian and Gupta (1995), parameters of hydrological models can be
categorized as process and physical. Parameters that can be measured directly are called physical
parameters, while the process parameters must be inferred by indirect methods and cannot be
measured directly. Physical parameters include but are not limited to the watershed area,
impervious area in a watershed, areal percentage of water bodies (Sorooshian and Gupta, 1995).
On the other hand, parameters such as, soil moisture storage, effective lateral interflow, mean
hydraulic conductivity, and surface runoff coefficient are classified under process parameters

(Gupta et al., 1998; Moradkhani and Sorooshian, 2009).

The procedure of adjusting process parameters of hydrological models seeking for a better
model performance to simulate historical records (e.g. measured streamflow) is called model
calibration. In other word, the main objective of hydrological model calibration is to minimize the
error between measured and simulated basin responses (Smith et al., 2003). Moreover, calibration
of a hydrological model reveals if the model properly represents hydrological processes of the
studied area in the absence of equifinality issue (Beven, 2010; Westerberg et al., 2011). Thus,
when applying hydrological models to a new basin, model calibration is necessary. As an

illustration, in the study by Muleta and Nicklow (2005), the NSE value for the streamflow
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simulation in the Big Creek Watershed (Illinois, USA) corresponding to default and calibrated
parameter values for SWAT model was reported as -0.38 and 0.75 respectively. This shows the
significant improvement of model performance caused by calibration. In addition, Holvoet et al.
(2005) reported the NSE value for streamflow simulation in Nil basin (Brussel, Belgium) equal to
-22.4, when default value for SWAT parameters were used. Nonetheless, the NSE value increased

to 0.53, when calibrated parameter values were used.

The two most known approaches for hydrological model calibration are manual and
automatic. Manual calibration is a basic method that estimates the value of parameters through a
semi-intuitive trial and error process (Boyle et al., 2000). The benefit of manual calibration is that
this process is less affected by inaccurate data compared to automatic calibration (Moradkhani and
Sorooshian, 2009). However, a high number of model parameters that nonlinearly interact with
each other makes the manual calibration process time-consuming. Therefore, to compensate this
issue, automatic calibration is introduced (Duan et al., 1993; Gupta et al., 1998; Moradkhani and
Sorooshian, 2009). In automatic calibration, computer-based algorithms perform the calibration of
hydrological models, and human judgment that is involved with manual calibration is removed
(Boyle et al., 2000). Automatic calibration methods consider model calibration as an optimization
problem. In these methods, the objective of optimization is minimizing an error function that
estimates the overall error between measured and simulated data. Examples of well-known model
calibration metrics include Nash-Sutcliffe Efficiency (NSE) (Nash and Sutcliffe, 1970), Root
Mean Square Error (RMSE), Coefficient of Determination (R?) (Wright, 1921) and Percent BIAS
(PBIAS). When calibrating models as an optimization problem (Figure 2), model parameters (X)

are perturbed to find the best value for parameters that produce minimum error.
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Figure 2. The scheme of automatic model calibration as an optimization problem (Moradkhani and
Sorooshian, 2008).

The initial attempts for automatic calibration of models were based on local optimization
algorithms (Dawdy and O’Donnell, 1965; Ibbitt, 1970). The local methods start their search at a
point in the solution space, and they direct parameter search to improve the objective function
value in the vicinity of each new solution, by minimizing or maximizing it (Moradkhani and
Sorooshian, 2009). The main classification of local optimization algorithms is gradient-based
(derivative-based) and direct search (derivative free) methods. Compared to direct search methods,
gradient-based optimization algorithms have more strength in finding optimum objective values
as they estimate and use first and/or second order partial derivatives of the objective function
(Moradkhani and Sorooshian, 2009). The famous Newton-Raphson method is a gradient-based
local optimization algorithm while, Pattern search (Hook and Jeeves, 1961) and downhill simplex
developed by Nelder and Mead (1965) are examples of direct methods. These algorithms had been

widely used in early model calibration studies (Johnston and Pilgrim, 1976; Pickup, 1977).
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As explained by Hendrickson et al. (1988), in local optimization algorithms, the outcome
is highly dependent on characteristics of model response in the vicinity of the initial point. This
issue could mislead the search toward local optimum points instead of finding the global or near
global optimal solutions. Therefore, global optimization algorithms were introduced to increase
the efficiency and effectiveness of optimization, and to overcome the mentioned issues of local
optimization methods as well as coping with the large number of parameters in hydrological
models (Moradkhani and Sorooshian, 2009). For instance, Genetic algorithm or GA is a famous
global optimization algorithm developed by Holland (1975) that has been widely used for
hydrological model calibration (Wang, 1991; Seibert, 2000). Another global optimization
algorithm is the Shuffle Complex Evolution or SCE-UA algorithm (Duan et al., 1992). SCE-UA
has also been considered for calibration of hydrological models (Sorooshian et al., 1993; Duan et
al., 1994). Conversely, local search algorithms can be used for global optimization if they start
their search with different initial solutions to search globally in the solution space. However, this
will increase the computational cost of optimization. Accordingly, another advantage of global
optimization algorithms over local ones is that they require less computational budget, as they do

not need to be performed repetitively (Moradkhani and Sorooshian, 2009).

The global optimization approaches can be categorized as Single-Objective (SO) and
Multi-Objective (MO) methods. In SO optimization method, algorithm searches for an optimal
value for the objective, while in MO optimization there could be several contradicting objectives
that makes it impossible to find a single optimal value but rather a set of optimal values that is
called Pareto-optimal solutions (Abraham and Jain, 2005; Deb, 2014). Examples of famous single-
objective and multi-objectives global optimization algorithms respectively include GA and

NSGA-I1I algorithms. The MO methods are introduced later than SO methods to better solve real-
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world optimization problems using several conflicting objectives (Deb, 2014). Unlike SO
methods, MO methods generate different optimal solutions that enable users to select the most
suitable one based on objectives and decision variable values. However, in this research, in order
to develop the sensitivity-informed optimization, a single-objective optimization algorithm is
considered simply because SO methods have been widely used in the literature (Pardalos et al.,
2017), and it is easier to develop the methodology. Developing the MO version of sensitivity-

informed optimization is considered as the future work of this research.

The computational cost of hydrological model calibration mainly depends on the number
of calibration parameters. As an illustration, since lumped models ignore the spatial variability of
the studied area, they have lower numbers of parameters, which means these models require a
lower computational budget for calibration than distributed and semi distributed models. (Muleta
and Nicklow, 2005; Moradkhani and Sorooshian, 2009). However, in most watersheds, many
factors such as land use, topographical conditions and soil type are varying spatially. Hence, in
order to properly simulate the watershed response (e.g. streamflow), semi-distributed and
distributed models must be considered (Muleta and Nicklow, 2005), even though, they require
higher computational cost for calibration caused by higher number of parameters (Muleta and

Nicklow, 2005; Van Griensven et al., 2006).

In order to cope with the curse of dimensionality in hydrological model calibration, more
efficient and effective calibration techniques are required. Among the various methods for efficient
calibration of hydrological models such as, metamodeling and parallel computing, parameter
reduction using sensitivity analysis has been widely used in the literature (Holvoet et al., 2005;
Muleta and Nicklow, 2005; White and Chaubey, 2005; Werkhoven et al., 2009; Lu et al., 2015;

Gholami et al., 2016). According to Madsen (2003), most sensitive parameters mainly control the
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reproduction of model response in the process of model calibration. Hence, in sensitivity aided
model calibration method, a sensitivity analysis is performed to identify the most sensitive
parameters and reduce the calibration parameters to the most sensitive ones. In the following
chapter, a comprehensive discussion about different sensitivity analysis methods and their

application in model calibration is presented.
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3Sensitivity Aided Model Calibration
3.1 Sensitivity Analysis

The sensitivity analysis is commonly defined as measuring the effect of one unit change in
one or more parameter(s) on the output of a model (McCuen, 1973). Sensitivity analysis has been
performed in a wide range of disciplines, such as, business, environmental sciences, social
sciences, engineering and so on. In mathematical modeling, sensitivity analysis has a crucial role
in the way that it can be used to investigate the effect of model parameters on model output

(Rakovec et al., 2014).

Sensitivity analysis approaches are categorized under deterministic and statistical methods.
Examples of deterministic approaches include Green’s Function Method (GFM) and Forward
Sensitivity Analysis Process (FSAP) (Cacuci and lonescu-Bujor, 2004). Furthermore, the most
well-known statistical approaches of sensitivity analysis are the ones introduced by Morris
(Morris, 1991) and Sobol (Sobol, 1990). Although deterministic methods can reveal the true
sensitivity values for parameters, statistical methods are relatively easier to develop and more user-
friendly (Cacuci and lonescu-Bujor, 2004). In addition, in this thesis, for the purpose of developing
sensitivity-informed optimization, an stochastic optimization method is considered. Therefore, to
increase the consistency between sensitivity analysis and optimization, and to be able to update
the sensitivity results from optimization, statistical approaches for sensitivity analysis have been

considered in this thesis.

Sensitivity analysis is also classified into two major categories of local sensitivity analysis
(LSA) and global sensitivity analysis (GSA). In LSA methods, the sensitivity indices are
calculated either theoretically or numerically based on the derivatives of the model output with

respect to the model parameters (Rakovec et al., 2014). To illustrate this concept, consider a model

18



with the output y and input parameters as x;, x5, ..., X,. In LSA methods, the sensitivity index of

parameter x; (S;) is calculated by the following formula:

oy

Si_a_xl-

Equation 1

LSA approaches have the advantage of being computationally efficient due to the low
number of required simulations (Saltelli et al., 2008). Therefore, as can be seen in the literature,
LSA methods have been significantly utilized (Razavi and Gupta, 2015). For instance, Tang et al.
(2006) used different sensitivity analysis methods including local analysis using parameter
estimation software (PEST) to increase the model calibration efficiency. However, LSA
approaches have serious shortcomings. In these methods, sensitivity is performed at a single
location in parameter space. Therefore, in nonlinear models the sensitivity results depend on the
location that sensitivity is calculated, as the results will change substantially with varying the
location. This will cause a limited view of parameter’s sensitivity (Razavi and Gupta, 2015). In
addition to that, LSA methods neglect the interaction effects between parameters (Kucherenko et
al., 2009). Hence, the inaccurate and incorrect results of sensitivity could mislead modelers and

users (Rakovec et al., 2014).

While LSA methods calculate the sensitivity at individual point in the parameter domain,
GSA approaches provide a more comprehensive assessment of sensitivity at the entire parameter
space. Measurement of the parameter sensitivity in GSA methods includes the variation of other
parameters as well. Therefore, unlike LSA methods, GSA methods can account for the interaction
effects between parameters (Kucherenko et al., 2009). GSA approaches calculate the sensitivity
indices at a number of different points across the parameter space to identify parameter sensitivity

properly (Razavi and Gupta, 2015). Hence, GSA is an aggregation of several LSAs computed at

19



different points in parameter space. Tang et al. (2006) compared several sensitivity analysis
including PEST LSA and Sobol GSA methods applied to the calibration of the SAC-SMA model
and reported that compared to PEST, Sobol GSA method showed more consistent results, as the
sensitivity rankings were less variable between different trials. In all GSA techniques, there are
two different types of sensitivity measurements. One is the main effect or first order sensitivity
index, which can be defined as the effect of variation in one parameter on the model output. The
other one is the second or higher order sensitivity index, which accounts for the interaction effect
between two or more parameters, when they are varied simultaneously. GSA tools are categorized
under derivative-based, variance-based and variogram-based methods. The most well-known
derivative-based, variance-based and variogram-based approaches are respectively Morris, Sobol
and Variogram Analysis of Response Surface (VARS), which are described in the following

sections.

3.1.1Derivative-Based Sensitivity Analysis

According to the definition, sensitivity of a parameter can be calculated by the derivative
of the model output(s) of interest with respect to that parameter. The most well-known derivative-
based sensitivity analysis methods is the elementary effect test (also called Morris method)
developed by Morris (1991). In this approach, N number of elementary effect (EE) indices are
calculated for each parameter to generate the main and interaction effects. The main effect or the
first order sensitivity index of a parameter is identified by factor ¢, which is the standard deviation
of EE indices, and the interaction effect of each parameter is shown by factor u, which represents
the mean of EE indices. The Morris method uses the famous one parameter at a time (OAT)
sampling technique, in which at each step only one parameter is varied. In order to perform

sampling, parameters are assumed to be normally distributed with a range between zero and one
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and then transformed into their actual distributions. The normal distribution is considered to
increase the chance of symmetric sampling for each parameter (Salteli et al., 2008). Then, the n
dimensional parameter space is divided into equally spaced p spans, and each parameter takes p
number of values to form an n by p sampling matrix that is called region of experiment (w). Thus,
the parameter values are randomly selected from the w matrix to calculate the EE index for each
parameter. The EE index of it" parameter (X;) of a function y with n number of parameters can

be calculated by Equation 2.

YKy X, X + B, Xigq, o, Xn) — y(X)
- A Equation 2

EE,

Where 4 is the step size, in which X; + A < 1, and X is the vector of selected values for
parameters. As recommended by Morris (1991), in order to reduce the number of simulations when
more than one elementary effect is computed, p should be considered as an even number and 4
should be equal top/[2(p — 1)]. The p value should be defined based on the value of N. As
suggested by Morris (1991), the total number of model evaluations in the Morris method for a
model with n parameters is equal to N(n + 1). The standard deviation and mean values of EE
indices for each parameter is given as the first and higher-order sensitivity index, respectively.
Thus, as N increases, the reliability of sensitivity results will also increase (for additional details

see Morris, 1991; Campolongo et al., 2007).

The OAT sampling (Morris 1991) uses Monte Carlo (MC) method. The MC sampling
methods are notorious for large computational costs due to unorganized random production of
samples (Fishman, 2013). Therefore, in order to achieve a reasonable coverage of parameter space,
MC method requires many samples, which significantly increase the number of model evaluations

(Muleta and Nicklow, 2005). By replacing the MC sampling in OAT method with Latin Hypercube
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(LH) design (McKay et al., 1979) the parameter space can be optimally covered without excessive
number of simulations (Iman and Conover, 1980; Van Griensven et al., 2006). The new sampling
approach is called latin hypercube one parameter at a time (LH-OAT) developed by Van Griensven
et al. (2006). The idea of LH sampling is to generate non-overlapping samples of the input
parameters. In LH sampling, each parameter range is divided into N intervals with equal
probability of 1/N. Then, parameters are randomly perturbed such that in the direction of each
parameter each interval is sampled only once. For instance, in a model with two parameters

(illustrated in Figure 3) the LH-OAT sampling utilizes LH design to generate initial points for

OAT sampling. After various sample points across parameter space are generated, each of these
points are perturbed n times by perturbing each of the n parameters individually. In other words,
from each LH point, parameter one and parameter two are perturbed separately based on OAT

sampling method (Van Griensven et al., 2006).

The Morris method is a GSA tool, as it explores the entire parameter space and calculates
the sensitivity at different points (Saltelli et al., 2008). However, the major shortcoming of Morris
approach is that it is a model-based method, due to its reliance on a step size (A) to calculate the
derivatives. Hence, when applied on non-linear models, its results will significantly change with

modifying the A value (Saltelli et al., 2008).
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Figure 3. LH-OAT sampling for a two-parameter model. X and black points are represent the LH and
OAT sample points respectively (Van Griensven et al., 2006)

3.1.2Variance-Based Sensitivity Analysis

Variance-based sensitivity analysis methods are more complicated and sophisticated than
derivative-based tools. As oppose to derivative-based methods such as Morris approach, variance-
based techniques are attractive because they produce model-free results. In these methods, the
degree of nonlinearity of model output does not affect the sensitivity results, as model-free GSA
approaches do not depend on a step size value to generate sensitivity indices. Hence, in general,

the variance-based methods are expected to generate more accurate results. (Salteli et al., 2008).

The Sobol method developed by Sobol (1990) is a benchmark variance-based sensitivity

analysis method. The method works based on the idea of decomposing the model output variance.
Hence, Sobol showed that the total variance of a model output (V(y)) with n number of

parameters can be theoretically decomposed into 2™ — 1 components as shown below:

n-2 n-—1 n

n n-1 n
V(y) = Z Vi + Z Z Vl] + Z Z Z Vijk + ...+ Vl...n Equation 3
i=1

i=1 j=i+1 i=1 j=i+1k=j+1
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Where V; is the variance of the model output with respect to the variation of it" parameter,
and V;; is representing the variance of the model output with respect to interaction between i*" and
jt parameters. V; jk Is also defined as the model output variance with respect to three parameters

interaction. V;, V;; and V; ;. are calculated by the following formulas:

v, = V(E(IX)) Equation 4
V=V (E(y|Xi,Xj)) —V,-V Equation 5
Vijg =V (E(ylxierer)) —Vi= Vi = Ve = Vij = Vigg = Vjie Equation 6

In which, E(y|X;) is interpreted as the expected value of y given X;. The same definition
is applicable to E(y|X;, X;) and E(y|X;, Xj, X;). In Sobol method, the sensitivity index for each
parameter is considered as the ratio of the model output variance with respect to it"* parameter to
the total variance of model response (V (y)), which is calculated with respect to variation in all the
parameters simultaneously. Hence, after identifying the values of V;, V;; and V; ;, the values of first,

second and third order sensitivity indices can be identified by the following formulas:

S Vi Equation 7
= uatl
TIeY) a
s = Vi Equation 8
T uation
i V() a
Viik )
Sijk = szy) Equation 9

Sobol introduced another sensitivity index that is called the total effect that identifies the
total contribution of each parameter in the output variation. This index sums over the first order
and the higher order effects of each parameter (Saltelli et al., 2008). For a model with three

parameters the total effect index of parameter one can be calculated as follow:
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STl = 51 + 512 + 513 + 523 + 5123 Equatlon 10

Where S; represents the first order sensitivity index for parameter one, and other indices
account for interaction between parameter one and other parameters. As explained by Razavi and
Gupta (2015), the general term for calculating the Sobol total effect index for i* parameter of a

model with n number of parameters is shown as follow:

VEQIXL X, o Ximy, Xist, o X))

Sn=1
m V()

Equation 11

In equation 11, the numerator contains all the terms of any order except the term with it"

parameter.

Campolongo and Saltelli (1997) evaluated the performance of Sobol and Morris methods
by applying to the GMSK climate model (Gabric et al., 1996). The GMSK climate model is the
extended version of dimethylsulphide (DMS) model. It was reported that, both Morris and Sobol
methods were able to identify influential parameters, and the sensitivity rankings for influential
parameters were similar with the correlation value equal to 0.66. In order to calculate the Morris
sensitivity index for each parameter, the total number of 330 simulations were performed
associated with ten independent samples for each parameter. However, with Sobol method, the
number of samples and total number of simulations were increased to 100 and 3400 respectively
(Campolongo and Saltelli, 1997). Thus, the main drawback of the original Sobol approach is the
excessive computational cost required to numerically estimate the sensitivity indices. To tackle
this issue, Saltelli et al. (2008) proposed an approximation approach to calculate the first order and
total order sensitivity indices more efficiently. In this method, two independent N X n matrices,

called A and B, of input parameter samples are generated using the LH design (n is the number of

25



input parameters and N is the sample size). In the next stage, a matrix called C; is generated (for

it" parameter) from all columns of B except for the i*" column, which is taken from A. After
identifying all the matrices of A, B and C;, the corresponding model output vectors of y,, yz

and y.; are generated. To calculate the first order (S;) and total order (Sy;) sensitivity indices

Saltelli et al. (2008) suggested the following formula:

1 N ( 1 . .
(@) e - (2) Savs” i

S; = 1 o Equation 12
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The total number of model evaluations in this proposed method is N(n + 2), which is
significantly lower than the N2 in the original Sobol method, if the number of samples is greater
than the number of model parameters (Saltelli et al., 2008). For more information regarding Sobol

method and other variance-based methods see Sobol (1993); Saltelli et al. (2008).

The Sobol and Morris approaches have shortcomings in performing GSA. As explained by
Razavi and Gupta (2015), in the Morris method, computing the sensitivity indices is highly
dependent on the step size (4) used for numerical evaluation of local sensitivities. Therefore,
selecting different step sizes can significantly change the results. Furthermore, variance-based
methods are extremely time consuming, especially when applied on high dimensional models,

even when using the approach proposed by Salteli et al. (2008).
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3.1.3Variogram-Based

To address the issues of previous GSA approaches, Razavi and Gupta (2016) introduced
the Variogram Analysis of Response Surface (VARS) toolbox. VARS is a modern global
sensitivity analysis method that works based on the variogram analysis. Variogram is defined as
the gradient of the model output variance calculated at a large number of pairs of point across the
parameter space (Razavi and Gupta, 2016). In mathematical models, the variogram analysis can
be used to illustrate the spatial structure and variability of a model parameter, which is similar to
the definition of sensitivity analysis (Razavi and Gupta, 2016). Therefore, the variogram analysis
can properly represent sensitivity analysis. As mentioned by Razavi and Gupta (2016), a GSA
method is comprehensive when it contains several characteristics of model output simultaneously.
Therefore, to be considered as a comprehensive GSA toolbox, VARS includes several features of
model output such as, local sensitivity and its global distribution, global distribution of model
output and its structural organization. In addition, VARS can generate the results of derivative-

based and variance-based methods as its byproducts (Razavi and Gupta, 2016).

In VARS, the sensitivity of each parameter is represented by the directional variogram that
is defined as the variogram of model output in the direction of each parameter. For the it"
parameter of a model with n input parameters, the directional variogram can be computed using

Equation 15:

h.

;/(hi):lhizv V(X X+ X ) =Y (X X0 X)) Equation 15
2

Where h; = X7 — X? which represents the difference between i*" parameter at different
locations (A and B), V is variance and y(h;) is the directional variogram of i*"* parameter

calculated at a pair of points. The variance is calculated using multiple sample points created by a
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STAR sampling procedure, which is explained later in this section. Razavi and Gupta (2016) have
illustrated that at any value of h;, if the value of y(h;) increases the sensitivity of model output to
it" parameter will be increased. This shows that directional variogram represents the sensitivity

index for each parameter.

In addition to the directional variogram, VARS generates a useful indicator of parameter
sensitivity, which is called integrated variogram across a range of scales (IVARS). According to
Razavi and Gupta (2016), a model’s nonlinearity can reduce the accuracy of different types of
sensitivity measurements. However, IVARS finds a meaningful measure of parameter sensitivity
when a particular scale that provides accurate assessment of sensitivity does not exist. IVARS is

calculated by integrating directional variogram over different parameter range scales (H;).

Hj
r(H) = j y(hy)dh; Equation 16
0

It is worth mentioning that in calculating directional variogram and IVARS, the parameter
ranges are normalized between zero and one. As mentioned by Razavi and Gupta (2016), IVARS
can be calculated at different H; values of 0.2, 0.4, 0.6, 0.8 and 1, which corresponds to 10, 20, 30,
40, and 50 percent of parameter range respectively. The IVARS value corresponded with each
scale is shown with an index. For instance, IVARSso represents the IVARS value associated with
0 to 50% scale range (H; = 1). The maximum meaningful value of H; is equal to one, since IVARS
is only meaningful when H; is smaller than half of the parameter range. In this thesis, since global
optimization is performed, global sensitivity analysis metrics is of interest. Hence, in this thesis,
instead of directional variogram, integrated variogram or IVARS is considered to represent
parameter sensitivity, as it is a summation of different directional variogram values across

parameter space.
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One of the main features of VARS that makes it an efficient GSA toolbox is the novel Star-
Based (STAR) sampling developed by Razavi and Gupta (2016b) and shown in Figure 4. STAR
sampling has four major steps. Step 1 is identifying the resolution (4h) at which the sampling is
performed. Ah is in fact the smallest value of h that is defined by the user. In step 2, the main
sample points (called “star centers”) are randomly generated across the parameter space by the LH
design. The LH method is used to properly cover the entire parameter space. In the next step, from
each star center and in the direction of each parameter, new samples with equal distance of 4h are
generated to cover the entire parameter range. These new points are called cross sections. Each

star center and its cross sections form one star. The total number of points generated around each

star centers is equal to n((ﬁ) — 1), where n is the number of dimensions (parameters). In the final
stage, for each parameter, all the pairs of points with h value of Ah, 24h,...,5A4h are selected to
calculate the corresponding directional variogram and other sensitivity metrics of VARS. The total

number of model evaluations (T'i) for each dimension when h is equal to 4h, is calculated with the

following formula, where m is the number of stars.
1 .
T; = m((—) -1) Equation 17

Another characteristic of VARS that increases its efficiency compared to other well-known
GSA methods is in fact calculating sensitivity results at pairs of points. This feature results in high
number of variogram calculations for each parameter with low number of model evaluations. For
instance, if 1000 points are sampled for each parameter, the number of pairs is equal to 499,500.
However, when the number of samples are doubled (i.e. 2000 points) the number of pairs are

fourfold (1,999,000). Thus, the directional variogram of model output for each parameter is
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calculated for 1,999,000 times, while the model is only evaluated for 2000 times (Razavi and

Gupta, 2016).
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Figure 4. The Star-Based sampling of VARS with two different Stars for a model with three parameters.
The two black markers show the star centers generated with LH sampling, and colored markers around
each star center are the cross section points (Razavi and Gupta, 2016b).

3.2 Sensitivity Analysis in Model Calibration

The large computational demand due to overparameterization, high dimensional parameter
space, and parameter identifiability are the main issues with calibration of modern distributed
hydrological models (Box and Jenkins, 1976; Beven, 1989; Carpenter et al., 2001; Tang et al.,
2007). One way to reduce the excessive computational cost of calibration of these models is
performing a sensitivity analysis before calibration to identify and remove non-sensitive
parameters from the calibration process (Tang et al., 2007; Wagener and Kollat, 2007). The main
reason for this parameter reduction is that non-sensitive parameters do not have a significant

influence on model response (Van Griensven et al., 2006). In addition, if all parameters are carried
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over to the calibration stage, the calibration becomes significantly complex and time consuming

(Muleta and Nicklow, 2005).

Sensitivity analysis has been widely used in hydrological model calibration studies. As an
illustration, Holvoet et al. (2005) utilized sensitivity analysis to reduce the number of parameters
in calibration of SWAT hydrological model. The streamflow was modeled in the Nil watershed
located in Brussel, Belgium. To acquire sensitivity of model parameters, the LH-OAT sensitivity
analysis was performed, and six parameters out of 27 were identified as the most sensitive.
Afterwards, the manual calibration was performed with considering only the most sensitive
parameters. The optimum solution found, generated NSE value equal to 0.53 for streamflow
simulation. In addition, White and Chaubey (2005) used the SWAT model to simulate streamflow,
sediment yield and total phosphorous (TP) yield in Beaver watershed located in Arkansas, USA.
A simple derivative-based sensitivity analysis was used to reduce the total calibration parameters
from 51 to 28 most sensitive parameters. After calibrating over a three-year period, it was reported
that the model was able to generate results that properly matches the observed data. The R? value
for streamflow, sediment yield and TP yield was reported equal to 0.89, 0.85 and 0.82 respectively.
The high NSE values illustrates that SWAT was able to properly simulate the historical records in

the basin.

In another study, Gholami et al. (2016) modeled streamflow using SWAT in the Talar
Watershed located in Mazandaran, Iran. A four-year calibration was performed using SUFI-2
algorithm. Parameter sensitivity analysis is utilized to simplify the calibration process by reducing
the calibration parameters from 21 to 8 important parameters. Both NSE and R? values were
reported as 0.93, which represent a very good match between observed and simulated streamflow

data. Moreover, Werkhoven et al. (2009) performed sensitivity analysis (Sobol method) using
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Runoff Coefficient Error (ROCE) to define the reduced parameter sets for calibration of SAC-
SMA model. In addition, four sensitivity threshold values of 0.05, 0.1, 0.2 and 0.3 were utilized to
identify the reduced parameter sets. The model was applied on four watersheds (Amite, Spring,
Guadalupe and East Fork White) located across USA. For Amite watershed in Louisiana, it was
reported that for all the sensitivity thresholds except the highest one (0.3), the performance of
SAC-SMA was good and the ROCE value was near-zero. Nevertheless, when considering the 0.3
threshold (reducing parameters to two) the model performance degraded. For the Guadalupe
watershed in Texas, the best and worst model performance was reported at the threshold of 0.1
(seven calibration parameters) and 0.2 (four calibration parameters) respectively. In Spring
watershed located in Missouri, the best calibration results (ROCE equal to zero) occurred at
sensitivity threshold of 0.05 (12 calibration parameters). However, as the threshold value was
increased (i.e. lower number of calibration parameters), the performance of SAC-SMA degraded.
The last watershed considered in their study was East Fork White located in Indiana, USA. For
this watershed they reported that the best calibration result (ROCE near zero) occured when the
full parameter set is considered (14 calibration parameters), and for all the reduced parameter sets,
ROCE was higher than 0.03. Werkhoven et al. (2009) showed that there is no unique sensitivity
threshold value, which can be beneficial in identifying the proper parameter set in model
calibration. Therefore, the main problem with the sensitivity-based reduction of parameters, is
selecting the appropriate value for sensitivity threshold, which can affect the performance of

calibrated models.

To address the issue of sensitivity threshold in sensitivity-aided model calibration,
sensitivity analysis should be performed to decrease the computational demand of model

calibration without only relying on sensitivity threshold to identify the parameter sets. As an
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illustration, Chu et al. (2015) performed a parameter reduction using sensitivity information to
generate simplified optimization problems. The results of these simplified problems were utilized
as initial solutions for solving the reservoir operation problem using e-NSGAII (epsilon dominance
non-dominated sorting genetic algorithm — 11). The Dahoufang reservoir operation problem
(Liaoning, China) was formulated as a minimization of industrial and agricultural shortage indices.
It was illustrated that the sensitivity-informed optimization method dramatically increased the
search efficiency of the optimization algorithm in terms of performance metrics compare to using
only e-NSGAI|I to solve the reservoir operation problem. Moreover, this approach significantly
reduced the required computational demand by 51%, and by considering the sensitivity analysis
budget, the computational demand was reduced by 47%. In another study, Yang and Becerik-
Gerber (2015) performed sensitivity analysis to facilitate the calibration of a building energy
simulation model. The Morris approach was selected for sensitivity analysis in order to identify
the influential parameters, and to prioritize these parameters in the calibration process. To perform
the calibration they have used MBE (non-dimensional bias measure) and CVRMSE (coefficient
of variation of root mean squared error) as the objective functions to minimize the error between
simulated and measured temperature data. Based on the results, it was reported that robustness of
the calibrated model was significantly increased compare to previous related studies. The
maximum MBE and CVRMSE was found as 0.085 and 0.135 respectively, while the allowed range
for MBE and CVRMSE was reported as +5 and +20. These values for MBE and CVRMSE shows

a good fit between simulated and observed data.

In this thesis, the three sensitivity analysis methods discussed in this chapter: Morris,
Sobol, and VARS are utilized individually to inform the optimization search of the Dynamically

Dimensioned Search (DDS) optimization algorithm (Tolson and Shoemaker, 2007).
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4 Methodology
4.1 Sensitivity-Based Global Optimization

In this chapter, a methodology that includes GSA in global optimization for the purpose of
hydrological model calibration is introduced. This approach is intended to increase the
computational efficiency of complex hydrological model calibration, by increasing the focus of
optimization on sensitive parameters. In this methodology, the Single-objective Dynamically
Dimensioned Search (DDS) global optimization algorithm (Tolson and Shoemaker, 2007)
performs the optimization part. Furthermore, Morris, Sobol and VARS methods are utilized for
sensitivity analysis. Two different implementations of the proposed methodology have been
developed and tested in this thesis. In the first approach, which is referred to as GSA«<~DDS, the
Morris and Sobol methods are coupled with DDS in an interactive approach to feedback to each
other during the optimization. In the second approach referred to as GSA—DDS, the initial
sensitivity indices are not updated by means of solutions generated during the optimization. In the
final proposed approach referred to as VARS—DDS VARS is used to guide DDS. Unlike
GSA—DDS, in order to increase the consistency between VARS and DDS, in VARS—DDS, as
optimization moves forward, the sensitivity measures are modified from global to local indices,

and the VARS is only performed once.

In all the versions of proposed methodology, the first order sensitivity index is utilized,
because the sensitivity information provided by this index is enough to guide the optimization

process. Thus, parameter interaction and higher order sensitivity index are not considered.
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4.2 Dynamically Dimensioned Search Global
Optimization

DDS is a single-objective stochastic and heuristic global optimization algorithm that is
designed to efficiently calibrate hydrological models with large parameter space (Tolson and
Shoemaker, 2007). To illustrate this, Tolson and Shoemaker (2007) compared DDS with SCE-UA
algorithm, and it was reported that DDS outperforms SCE-UA algorithm when a large number of
parameters needs to be calibrated. As DDS progresses in the optimization, it dynamically and
probabilistically reduces the number of parameters for perturbation to a point that it selects only
one parameter in each iteration, on average. Therefore, DDS dynamically changes its behavior
from a global search to a local search at the end of optimization, This key feature of DDS makes
it an efficient optimization algorithm that adjusts its global and local search behavior to the user’s
computational budget and reduces the number of model evaluations required for finding good

quality solution (Tolson and Shoemaker, 2007; Arsenault et al., 2013).

DDS is selected for this thesis because it is claimed to be an efficient tool for automatic
model calibration. As pointed out by Tolson et al. (2009), DDS is computationally efficient mainly
because it has one algorithmic parameter (i.e. perturbation size) with a robust default value of 0.2.
Moreover, Arsenault et al. (2013) made a comparison between ten different optimization
algorithms, including DDS, for the calibration of three hydrological models over ten different
basins. As a result, it was found that in almost all of the 40 different model calibrations, DDS
found better NSE value compare to other methods, especially in models with a large number of

parameters.
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for perturbation » ELSE goto STEP 3
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parameter with the dimension reduction probability:
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» If no parameter were selected, perturb one randomly

Figure 5. The brief systematic pseudo code of DDS algorithm (Tolson and Shoemaker, 2007).
The first step of the DDS algorithm is defining the inputs, which includes the perturbation

size (r), maximum number of function evaluations (M), decision variables (parameters) boundary
and an initial solution, which is optional, Figure 5. If the user does not define an initial solution,
DDS randomly generates initial solutions with the budget of the larger value of 5 solutions or 0.5
percent of total number of solution evaluations (step 2 in Figure 5). The dynamic reduction of
dimensions (number of parameters) for perturbation is performed by a uniform probability
distribution, step 3 in Figure 4. This probability is a function of the iteration count, thus, it identifies
the number of perturbed parameters in each iteration. In step 4, in order to perturb each parameter,
the parameter range is multiplied by r and then added to the current value to generate a new value
for each parameter of the current best solution. DDS is designed with two different approaches to
cope with the parameter values outside the specified range, and each method has a 50% chance to

be performed. The first method is called reflection in which, the minimum and maximum values
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act as a reference point to reflect the perturbed value into the specified range. This reflecting
boundary feature of DDS allows parameter values to reach to the minimum or maximum more
easily in comparison to ordinary resampling approaches (Tolson and Shoemaker, 2007). However,
when parameter values are exactly equal to the boundary, it is difficult to detect them. Therefore,
the second approach is introduced that is called absorption in which, parameter values are equal to
boundary values (Tolson and Asadzadeh, 2009). As claimed by its developers, instead of finding
the exact global optimum point, the main goal of DDS is to converge to the region of the global
optimum. Thus, if a better solution is of interest, a local optimization search can be performed

from the best solution founded by DDS.

4.3 Sensitivity Analysis for Everybody (SAFE) toolbox

In this thesis, the Morris and Sobol GSA methods are implemented through the well-
developed Sensitivity Analysis For Everybody (SAFE) toolbox by Pianosi et al. (2014). Figure 6
illustrates that the SAFE toolbox analyzes sensitivity through three major steps: (i) sampling the
input parameter space; (ii) evaluating the model with the provided sample points to create output

samples; (iii) computing sensitivity indices by post processing the input and output samples.

SAFE has various sampling methodologies for sampling the input space, including OAT
method, LH sampling, all factors at a time (AAT) and a combination of different methods such as,
LH-OAT and LH-AAT. In this thesis, in order to increase the efficiency of sampling procedure,
the LH-OAT sampling method is used with Morris GSA, and LH-AAT method is used with Sobol
GSA. In the post processing step, SAFE is able to calculate sensitivity indices through different
methods. These are, Morris method, regional sensitivity analysis (Spear and Hornberger, 1980;
Wagener and Kollat, 2007), variance-based sensitivity analysis (VBSA or Sobol method), the

fourier amplitude sensitivity test (FAST) by Cukier et al. (1973), dynamic identifiability analysis
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(DYNIA) by Wagener et al. (2003) and a novel density-based sensitivity method (PAWN) by

Pianosi and Wagener (2015).

«— One Factor At a Time
Sampling :
parameter Space «—— Latin Hypercube
B B— Other Methods
Model
Evaluation
«—— Elementary Effect Test

Post Processing «+— | Variance-Based Sensitivity Analysis

-« Other Methods

\d

Sensitivity
Indices

Figure 6. The organization of SAFE toolbox (Pianosi et al., 2015).
Among the different GSA methods provided by the SAFE toolbox, the main reason that

the Morris approach is selected is that it is an efficient GSA approach that can fairly compute
sensitivity index for a large number of parameters even if the computational budget is very limited
(Salteli et al., 2008; Yang and Becerik-Gerber, 2015). Comparison between the results of Morris
and Sobol methods showed that the Morris method could properly identify the sensitive parameters
but with lower accuracy in terms of sensitivity index compared to Sobol (Campolongo and Saltelli,
1997). Thus, in order to implement the proposed methodology with more robust results of

sensitivity and to verify the results of Morris approach, Sobol method is also considered.
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4.4 GSA—DDS

GSA<DDS is an interactive method that continuously couples DDS with a GSA to update
the results of both sensitivity and optimization throughout the optimization process. GSA«<>DDS
has two major parts. The first part is an initial sensitivity analysis that provides a primary
understanding of parameters sensitivity. The sensitivity indices are used to guide the parameter
selection of DDS. In this way, the original random parameter selection process of DDS is modified
to the roulette wheel procedure (Goldberg, 1989) to select more sensitive parameters, more

frequently, while giving a slight chance of perturbation to low sensitive parameters.

Although complex hydrological models have a large set of parameters, a relatively small
group of parameters, which are referred to as the most sensitive, mainly controls the model output.
Therefore, in GSA<~DDS is expected to finds good quality solutions in a shorter time relative to
DDS, by perturbing more sensitive parameters more frequently. Moreover, the sensitivity
information of parameters is useful in recalibrating the model when new forcing data is available.
Hence, users can recalibrate only more sensitive parameters to increase the efficiency and

effectiveness of the model calibration, especially when a limited budget is available.

In the second part of GSA<DDS, the initial sensitivity indices are updated using the
solutions generated by the optimization algorithm. This is the key feature that separates
GSA+—DDS from similar methodologies. In previous approaches that combined optimization with
sensitivity analysis in hydrological model calibration, usually sensitivity analysis is performed
initially with a limited budget to select and only perturb influential parameters in optimization
process (Holvoet et al., 2005; Muleta and Nicklow, 2005; White and Chaubey, 2005; Werkhoven
et al., 2009; Lu et al., 2015; Gholami et al., 2016). However, performing sensitivity analysis with

a low budget can mislead the optimization search. On the other hand, over-emphasizing on
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sensitivity can weaken the performance of optimization algorithms to find the best solution as the
budget of optimization is decreased. One way to tackle this issue is to perform GSA interactively
with optimization throughout the calibration process to update the sensitivity indices regularly.
Updating the sensitivity indices can reveal the true sensitivity importance of parameters to guide
the calibration properly. For instance, initial GSA can identify certain parameters as most sensitive,
however, updating sensitivity indices of parameters may results in a different group of most
sensitive parameters. In addition, the interaction between DDS and GSA has the benefit of saving
computational budget, since the solutions generated through optimization is used to update the
results of sensitivity analysis and vice versa. The GSA part in GSA—DDS is performed using
Morris or Sobol methods. The following sections explain the procedure of coupling DDS with the

two GSA approaches.

4.4.1Morris<>DDS

In Morris<>DDS, after performing initial Morris, the sensitivity indices are updated in each
iteration of automatic calibration by recalculating the numerical derivatives using the new
generated solution. After identifying the number of parameters to be selected (J in the DDS
algorithm Figure 7) by the original dimension reduction probability of DDS, a parameter is
selected by the roulette-wheel process to give priority to more sensitive parameters and perturbed
as shown in Figure 7 in a slightly different approach compared to original DDS. A new solution is
generated by considering the perturbed value of the parameter while other parameters are kept at
their current best solution. The sensitivity index of the selected parameter, and if required, the

current best solution is updated.
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Figure 7. The flowchart of Morris<>DDS method

41




As shown in Figure 8, for calibrating a model with two parameters, in order to recalculate

sensitivity indices for each parameter, two points in the solution space are required: 1) a reference
point, which is always the initial or current best solution, for example the red point in Figure 8,
and 2) a new point. Assuming that the initial solution is called point 1 in the solution space, if
parameter 2 of the model is selected for perturbation, it will be perturbed from point 1 to generate
point 2, and to update the sensitivity index of parameter 2 using point 1 and point 2. At this stage,
if point 2 outperforms point 1, the current best solution and the reference point will be updated to
point 2. In addition, if parameter 1 has to be perturbed as well, it will be perturbed from point 2 to
produce point 3, and to recalculate the sensitivity index of parameter 1 by considering point 2 and
point 3. However, as Figure 8-b shows, if point 1 remains the current best solution, parameter 1 is
perturbed from point 1 to generate point 3, and to update the sensitivity index of parameter 1 using
point 1 and point 3. At the end of each iteration, considering the entire perturbed parameters
simultaneously, a new additional solution is created, and the objective function is evaluated at this

solution to update the current best solution if necessary.

Parameter 1‘

Point 1

Perturb Parameter 2

Point 2

Perturb
Parameter 1

Point 3

-

Parameter 2

Parameter l‘

Perturb Parameter 2

Point 1 .—.- Point 2

Perturb
Parameter 1

Point 3

b

Parameter 2

Figure 8. The process of updating sensitivity indices in Morris<>DDS for a model with two parameters.
(a) Point 2 is the current best solution and reference point. (b) Point 1 remains the current best solution
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4.4.2S0bol-DDS

Sobol«—DDS follows a similar procedure as Morris<~DDS. However, instead of the Morris
GSA method, the approximation of Sobol GSA by Salteli et al. (2008) is used. In addition, in
Sobol«DDS the sensitivity indices are updated in a different way. As shown in Figure 9, for a
model with two parameters, if parameter 2 is selected for perturbation, then it is perturbed from its
current best value (black square) twice to create two different solutions. In the next step, one
solution (black circle) is added to y. and one solution (black triangle) is added to yg solution sets.
From the solution added to y. a new solution (red circle) is created by perturbing all parameters
except for parameter 2 to update y,, see section 3.1.2 for the description of y,, yz and y.
associated with A, B, and C input sample matrices. Using the updated solution sets (y,, vz and y;)
and applying Equation 12, the sensitivity index for the parameter two (the selected parameter) is

updated. The three new solutions are evaluated to update the current best solution if required.

Parameter 1‘

Current best Added to Yc Added to Ys

. . Perturb Parameter 2 A

Perturb Parameter 2
another time

Perturb
Parameter 1

Added to Ya

-

Parameter 2

Figure 9. The process of updating sensitivity indices in Sobol<~DDS for a model with two parameters.
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4.5 GSA—DDS

Observing the behavior of GSA<DDS revealed that updating sensitivity results with the
DDS generated solutions that did not lead to the expected results (this is further discussed in
Chapter 7). Thus, a new approach entitled as GSA—DDS introduced, in which only the initial
GSA results are considered in optimization. Three versions of GSA—DDS are considered in this
study: Morris—DDS, Sobol-DDS and VARS—DDS. However, in this thesis, only
Morris—DDS and Sobol—DDS are referred to as GSA—DDS. In both Morris—DDS and
Sobol—DDS approaches, the sensitivity analysis is performed before the optimization process to
generate the parameter sensitivity indices. In addition, the solutions derived from GSA are taken
as initial solutions for DDS. According to Figure 10, after GSA is performed, the new solutions
derived from GSA are evaluated to archive the best one. In the next stage, the parameter sensitivity
information is used to guide the parameter selection of DDS by utilizing roulette wheel algorithm
to give more chance to more sensitive parameters to be selected and perturbed. Unlike the
traditional sensitivity reduction approaches, GSA—DDS does not eliminate the chance for
perturbing less sensitive parameters. At the final stage of GSA—DDS, when the calibration budget

is spent, the final best solution and initial sensitivity indices are given as the results.
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create a new solution

Y
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solution if necessary

y
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Qutputs:
Current best solution
Initial and final
sensitivity indices

b

Figure 10. Flowchart of GSA—DDS.
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4.6 VARS—DDS

The VARS methodology has some unique characteristics that make it suitable for
GSA—DDS. VARS is claimed to be a robust tool for estimating the parameter global sensitivity
ranking with a relatively low computational budget, e.g. more than two orders of magnitude fewer
solution evaluations compared to Sobol as in Razavi and Gupta (2016). Therefore, one should
expect consistent parameter ranking out of multiple independent trials of VARS. This
characteristic of VARS is examined in Section 7.3 against Sobol and Morris. The VARS tool is
used to calculate IVARS1, IVARS2, IVARS30, IVARSs, and IVARSs, that represent the
parameter sensitivity indices respectively at 10%, 20%, 30%, 40% and 50% perturbation sizes. As
shown in Figure 11, this perturbation size is used to replace the perturbation size of the DDS

algorithm in VARS—DDS with a dynamically reducing perturbation size.

As explained in Section 4.2, DDS perturbs all decision variables (parameters of the
hydrological model) in the beginning of the search and dynamically reduces the number of
perturbed parameters as the optimization progresses toward its finale. By default, the perturbation
size (r) is equal to 0.2 and remains constant throughout the optimization. However, in
VARS—DDS, the perturbation size is reset to an initial value of 0.5, and parameters are randomly
selected without any predefined priority until the average number of perturbed parameters in an
iteration becomes equal to the number of most sensitive parameters that are identified by the user
based on IVARSso. This iteration number is called Guided Parameter Selection iteration (isps).
The remaining budget (M — i;zps in Figure 11) is divided into five equal number of solution
evaluations, in each of which an IVARS set of sensitivity indices is used to guide the optimization.
IVARSS0 indices are used to define the priority of parameters to be selected and perturbed with

the perturbation size of r = 0.5, in the first 20% of the remaining computational budget right after
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igps- In the next 20% of the optimization budget, IVARS40 and r = 0.4 are used, followed by
IVARS30 and r = 0.3, then IVARS20 and r = 0.2, and finally IVARS10 and r = 0.1. This is

performed to increase the consistency between the results of VARS and DDS.

Define VARS inputs: Define DDS inputs:
Number of star centers, Total budget (M)
Minimum resolution value

Perturbation size (r)
Number of parameters (n)
Number of sensitive parameters (D)

(AR)

Y

Perform STAR-VARS S
sampling Generate random initial

solutions same as in DDS and
take the best one

Y

Compute the directional ileft=M —
variogram for each #initial solutions
parameter y(h;) *
, or o -8
¥ igps = ileft

Integrate the y (h;) at
different scales to
generate IVARSy

indices (T=10... 50)

DDS v

r= 0.5
Normal DDS

Run DDS with parameter selection|”
based on IVARStandi =i+ 1

v

U = iges+) x(

lLeft - [‘GFS)

5
No
Yes
[ j=j+1 |

m Qutput current best solution @ T=T-=10
Yes No

Figure 11. Flowchart of VARS—DDS method.
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As discussed in Section 4.2, DDS is a stochastic optimization algorithm and has to be run
multiple times independently to be able to statistically estimate its performance. However, since
VARS is a robust tool for estimating the parameter ranking, it is proposed to run VARS once for
each case study at each computational budget and use the same IVARS sensitivity indices for as

many trials of VARS—DDS as required.
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5 Case Studies

Two mathematical test problems Griewank (Griewank, 1974) and Rastrigin (Rastrigin,
1981) that are well-known for being challenging to solve by global optimization algorithms are
used to evaluate and compare the performance of sensitivity-informed DDS methods with original
DDS algorithm. In addition, to evaluate the performance of proposed methodology on actual model
calibration problems, three hydrological models with different levels of complexity namely, SAC-
SMA, SWAT and WATFLOOD are used in this thesis. The lumped SAC-SMA model with 13
calibration parameters is selected to measure the ability of sensitivity-informed DDS on calibrating
simple hydrological models with low number of calibration parameters. However, as the benefit
of sensitivity-informed DDS is best observed when applied to high-dimensional hydrological
model calibrations, the semi-distributed and fully distributed SWAT and WATFLOOD models

with respectively 23 and 37 calibration parameters are considered in this thesis.

5.1 Mathematical Test Problems

The Griewank and Rastrigin functions, as shown in Table 1, are continuous unimodal
optimization test functions that are scalable in their number of decision variables. These functions
are designed to challenge the ability of optimization algorithms in terms of finding the global
optimum solution, as they have several local optimum points (Tolson and Shoemaker, 2007).
Moreover, Griewank and Rastrigin functions have been commonly used in the literature to
measure the optimization algorithms performance (Duan et al., 1993; Jung et al., 2006; Tolson and
Shoemaker, 2007; Han et al., 2010). Therefore, they are suitable to test the proposed methodology.
Twenty parameters were selected for both functions to resemble the number of parameters that
hydrological model calibration problems of this thesis have. The functions range is selected

according to Tolson and Shoemaker (2007).
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In Figure 12 and Figure 13, various local minimum points of the Griewank and Rastrigin

functions with two decision variables are visualized.

Table 1. Characteristics of the mathematical test functions.

Function Equation Number of Range Global
Name g Parameters (n) g Minimum
n n
Griewank xf 1_[ (xi) 20
= — — 20 -500, 700 Qatx; =0
1974 fO) Z<4000> | s\ +1 [ ] at x;
L= L=
n
Rastrigin
(198£1]) fx) = Z[xiz — cos(2mx;)] 20 [-2, 2] -20atx; =0
i=1

Function Output

Parameter 2 -50  -50 Parameter 1

Figure 12. The Griewank function with two decision variables (parameters)

Function Output

Parameter 2 -2 2

Parameter 1

Figure 13. The Rastrigin function with two decision variables (parameters)
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5.2 SAC-SMA Leaf River

The Sacramento Soil Moisture Accounting model (SAC-SMA) is a lumped and conceptual
rainfall-runoff model developed by Sorooshian et al. (1993). SAC-SMA takes precipitation and
potential evapotranspiration as inputs and simulates the streamflow of the modeled watershed. The
Leaf River watershed, located north of Collins, Mississippi, United States with the area of 1944
km? has been modeled into SAC-SMA by Sorooshian et al. (1993) with 13 calibration parameters
(Table 2). This model has lower complexity and lower number of parameters compared to
distributed models and is computationally very efficient as a single run of SAC-SMA in Leaf River
basin took around 0.093 second using Intel® Core™ i5-6300HQ, with a 2.30 GHz CPU and 8 GB
of RAM. Thus, the total computational time required for calibrating SAC-SMA model with 10
trials of 10000 model evaluations was equal to 155 minutes. SAC-SMA has been used in a variety
of model calibration studies (Sorooshian et al., 1993; Tang et al., 2006; Asadzadeh et al., 2014).
In addition, this model is the main rainfall-runoff model used by River Forecast Center in the
United States (Werkhoven et al., 2009). Hence, SAC-SMA Leaf River is a suitable and simple

model calibration case study to test the proposed methodology.

Minimizing the 1 — NSE value is considered as the objective for calibrating model
parameters. Equation 18 is showing the Nash Sutcliff Efficiency (NSE) formula. When the NSE
value is equals to 1, it represent the best fit between observed and simulated data. However, NSE
equal to 1 represent the ideal situation in which there is no uncertainty in model structures, input
data, and observations. Therefore, in model calibration problems, NSE equal to 1 does not

necessarilly denote that an optimal value for model parameters is found.

NSE = 1 — i=1(0; = S)°

0, Equation 18
i=1(0; — =152
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In Equation 18, 0; is the observed streamflow data, and s; is the simulated streamflow in day i

over the calibration period n. According to Tang et al. (2005), to warm up the model, the period
from July 28, 1952 to September 30, 1952 is ignored in the calculation of the objective function
value. Moreover, the calibration period is from October 1952 to September 1954. According to

Asadzadeh 2012, the best known objective function value for this case study is 1 — NSE = 0.076.

Table 2. Calibration parameter description and range for the SAC-SMA model of Leaf River

Parameter Description Range
UZTWM Max. capacity of the upper zone tension water storage, mm [1.00 150.0]
UZFWM Max. capacity of the upper zone free water storage, mm [1.00 150.0]
LZTWM Max. capacity of the lower zone tension water storage, mm [1.00 500.0]

LZFPM Max. capacity of the lower zone free water primary storage, mm [1.00 1000.0]
LZFSM Max. capacity of the lower zone free water supplemental storage, mm  [1.00 1000.0]
ADIMP Additional impervious area, decimal fraction [0.00 0.40]
UzZK Upper zone free water lateral depletion rate, day™ [0.0001 0.025]
LZPK lower zone primary free water depletion rate, day-1 [0.010 0.250]
LZSK lower zone supplemental free water depletion rate, day-1 [0.00 0.10]
PCTIM Impervious fraction of the watershed area, decimal fraction [1.00 250.0]
ZPERC Max. percolation rate, dimensionless [1.00 150.0]
REXP Exponent of the percolation equation, dimensionless [0.00 5.0]

Fraction of water percolating from upper zone which goes directly to
. X [0.00 0.10]
lower zone free water storage, decimal fraction

5.3SWAT?2009 Rouge River Watershed

SWAT is a physically-based and semi-distributed watershed scale model that has been

PFREE

under development and improvement for more than three decades. The main inputs of SWAT
include weather information, soil properties, topography and land use data as inputs (Neitsch et
al., 2011). SWAT has more calibration parameters and requires more computational demand than
lumped models such as, SAC-SMA. For instance, White and Chaubey (2005) calibrated 28
parameters of a SWAT model. Furthermore, Gholami et al. (2016) developed a SWAT model with
21 parameters. However, SWAT can continuously and more accurately simulate watershed
responses including streamflow and different water quality constituents throughout the basin

(Khatun et al., 2018). Compared to distributed models, SWAT is computationally efficient (Lu et
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al., 2015). Thus, it can be used for modeling large basins including European continental watershed
(Abbaspour et al., 2015), West African watershed (Schuol and Abbaspour, 2006), and
Scandinavian and Iberian basins (Malago et al., 2015). Furthermore, SWAT is one of the most
common hydrological models used in the literature to study streamflow and water quality indices

(Muleta and Nicklow, 2005; Tolson and Shoemaker, 2007; Teshager et al., 2016).

The SWAT version of 2009 model of the Rouge River watershed developed by Asadzadeh
et al. (2015) is utilized in this thesis to evaluate the performance of sensitivity-informed DDS in
calibrating more complex hydrological models in comparison with original DDS algorithm. The
Rouge River watershed is located in Ontario , Canada, with an area of 336 km?. The watershed
consists of two primary branches: the main Rouge River and the little Rouge River with the
corresponding area of 222 km? and 114 km? respectively. The River is originated from northern
oak ridges moraine towards the Lake Ontario. The elevation in the watershed ranges from 370 m
to 64 m above sea level. The basin experience the continental climate moderated by the Great
Lakes. As reported by the Toronto and Region Conservation Authority (TRCA), the land cover
types in the Rouge River basin are consist of 40% rural and agricultural uses 35% urban, 24%

natural and 1% waterbodies.

SWAT separates basin into different hydrological response unites (HRUSs), which are
smaller sub-basins that have similar soil and land use characteristics. This model simulates flow
and sediment yield in every sub-basin, and aggregate the results of each HRU. According to
Asadzadeh et al. (2015), to calibrate the 23 parameters of SWAT2009 model (Table 3) maximizing
the weighted average of NSE coefficient for each basin is considered as the objective with a
computational time of 21.7 seconds for a single model run, and 36,150 minutes for 10 trials of

10000 model runs. Asadzadeh et al. (2015) reported the corresponding NSE values for Main Rouge
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and Little Rouge basins equal to 0.65 and 0.69 respectively. Following Asadzadeh et al. (2015),

the four-year calibration period from 2006 to 2009 along with a one year spin up period (2005) is

considered. The perturbation method in Table 3 shows whether the original parameter value is

replaced by or multiplied by a new value.

Table 3. Calibration parameters of SWAT2009 model of Rouge River (Asadzadeh et al., 2015).

Parameter Description
Soil conservation service run-off curve
CN
number
CNCOEF Plant ET curve number coefficient
SMFMN (mm H20/°C-day)  Melt factor for snow on December 21,
SMFMX (mm H20/°C-day) Melt factor for snow on June 21,
TIMP Snowpack temperature lag factor.
ESCO Soil evapotranspiration compensation factor.
EPCO Plant uptake compensation factor.
SURLAG Surface runoff lag coefficient.
SOL_AWCSC()rirlm)m AT Soil available water capacity.
SOL_K (mm/hr) Saturated hydraulic conductivity of soil
SOL_Z (mm) Depth from soil surface to bottom of layer
GW_DELAY (days) Groundwater delay time
Groundwater coefficient for calculating the
GW_REVAP amount of water in shallow aquifer that
returns to the root zone.
ALPHA_BF (days) Base-flow alpha factor.
GWQMN Threshold depth of water in shallow aquifer

for return flow to occur.
CH_N2 Manning’s “n” value for the main channel
CH_K (mm/hr) Effective hydraulic conduc_tlwty in the main
channel alluvium.

SFTMP (°C) Snowfall temperature.
SMTMP (°C) Snow melt base temperature
RCHRG_DP Deep aquifer percolation fraction.

Threshold depth of water in the shallow
REVAPMN (mm H20) aquifer to let the water in shallow aquifer
return to the root zone
Minimum snow water content that
corresponds to 100% snow cover
Fraction of snow volume represented by
SNO50COV SNOCOVMX that corresponds to 50% of
SNOW COVer.

SNOCOVMX (mm H20)

Perturbation

Method
Multiply

Replace
Replace
Replace
Replace
Replace
Replace
Replace

Multiply

Multiply
Replace
Replace

Replace

Replace
Replace
Replace
Replace

Replace
Replace
Replace

Replace

Replace

Replace

Range

[0.75, 1.25]

[0.50, 2.00]
[1.40, 4.50]
[1.40, 6.90]
[0.01, 1.00]
[0.01, 1.00]
[0.01, 1.00]
[0.10, 24.0]

[0.10, 2.0]

[0.10, 100.0]
[0.75, 1.25]
[1.00, 500.0]

[0.02, 0.20]

[0.10, 1.00]
[0.00, 5000]
[0.01, 0.10]
[0.00, 100.0]

[-5.0, 5.0]
[-5.0, 5.0]
[0.0, 1.0]

[0.0, 500.0]

[5.0, 35.0]

[0.01, 0.99]
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5.4 WATFLOOD Odei River basin

WATFLOOD is a distributed and physically-based hydrologic model developed by
Kouwen (1988). It is used for simulating various aspects of water cycle such as, stream flow in a
river basin. The model is designed for flood forecasting and long-term hydrologic simulation using
distributed precipitation data from radar or numerical weather models. It divides the basin into
similar land cover groups, which are called grouped response units (GRUs). GRUs are the main
hydrologic computational units in WATFLOOD, and have similar hydrological conditions
(Muhammad et al., 2018). WATFLOOD’s main strengths are that it is fast, robust, and requires
only temperature and precipitation as input data (Kouwen et al., 1993). Furthermore, due to its
fully distributed characteristic, WATFLOOD has a large number of calibration parameters, for
instance, 61 parameters in the study by Unduche et al. (2018), and 37 parameters in this thesis.
Thus, the calibration of this model is expected to reveal the main advantages of the sensitivity-

guided calibration approaches proposed in this thesis.

The WATFLOOD model of the Odei River basin developed by Smith et al. (2016) that
simulates the streamflow is recalibrated in this thesis to show the benefit of sensitivity-informed
DDS in efficient calibration of hydrological models with large number of parameters. The Odei
River has a basin relatively larger than the other cases studied in this thesis, 6110 km? located in
Manitoba, Canada (Smith et al., 2016). This basin has a sub-humid and sub-arctic weather with a
low temperature and precipitation rate (550 mm/year) (Smith et al. 2016). About 1/3 of the total
annual precipitation is in the form of snowfall. Evapotranspiration accounts for most of the loss of
precipitation from the basin (360 mm per year). There are various types of land cover in the Odei
basin region. However, as recommended by Holmes (2016) for the purpose of calibration the five

main types of land cover are considered in this thesis. These are Coniferous, Mixed wood, Shrub,
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Wetland and Water. The calibration parameters are considered based on Holmes (2016)
recommendation (Table 4). The calibration period was from 1982 to 1987, with a one-year spin

up period in 1981. Holmes (2016) performed a manual calibration of WATFLOOD Odei River
with a reported NSE value equal to 0.60. A single model run for WATFLOOD Odei River took
around 37.23 seconds, and with total computational time of 62050 minutes for 10 trials of 10000
model evaluations. This clearly illustrates higher complexity of this model in terms of
computational time compared to SAC-SMA and SWAT that required less time to run. However,
in terms of number of unique parameters calibrated in this thesis for SWAT and WATFLOOD
models, SWAT model is more complex, as each of the 23 parameters of this model represent a
different characteristic of the modeled basin for all land classes or HRUs. However, in
WATFLOOQOD, there are only 13 unique parameters that are repeated for each land class, and

increased the total number of calibration parameters to 37.
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Table 4. Calibration parameters of WATFLOOD model of the Odei River basin.

Parameter

PWR
COEFF
R2N
THETA
KCOND
AK
AK
AK
AK
AKFS
AKFS
AKFS
AKFS
RETN
RETN
RETN
RETN
R3
R3
R3
R3
R3
REC
REC
REC
REC
FM
FM
FM
FM
FM
FPET
SUB
SUB
SUB
SUB
SUB

Land Cover/Class

N.A.
N.A.
N.A.
N.A.
N.A.
Coniferous
Mixed wood
Shrub
Wetland
Coniferous
Mixed wood
Shrub
Wetland
Coniferous
Mixed wood
Shrub
Wetland
Coniferous
Mixed wood
Shrub
Wetland
Water
Coniferous
Mixed wood
Shrub
Wetland
Coniferous
Mixed wood
Shrub
Wetland
Water
Water
Coniferous
Mixed wood
Shrub
Wetland
Water

Description
BF power
BF coefficient
Channel Roughness
Porosity
Conductivity
Infiltration
Infiltration
Infiltration
Infiltration
Snow Covered Infiltration
Snow Covered Infiltration
Snow Covered Infiltration
Snow Covered Infiltration
Soil Retention
Soil Retention
Soil Retention
Soil Retention
Overland flow roughness
Overland flow roughness
Overland flow roughness
Overland flow roughness
Overland flow roughness
Horizontal Conductivity
Horizontal Conductivity
Horizontal Conductivity
Horizontal Conductivity
Snow Melt Rate
Snow Melt Rate
Snow Melt Rate
Snow Melt Rate
Snow Melt Rate
PET Coefficient
Sublimation Factor
Sublimation Factor
Sublimation Factor
Sublimation Factor
Sublimation Factor

Range
[1.50 4.00]
[1E-07 0.005]
[0.0005 0.05]
[0.015 0.90]
[0.10 0.25]
[1.00 20.00]
[1.00 20.00]
[1.00 20.00]
[1.00 20.00]
[1.00 5.00]
[1.00 5.00]
[1.00 5.00]
[1.00 5.00]
[20.00 150.00]
[20.00 150.00]
[10.00 50.00]
[10.00 50.00]
[1.00 10.00]
[1.00 10.00]
[1.00 10.00]
[1.00 25.00]
[1.00 10.00]
[0.05 4.00]
[0.05 4.00]
[0.05 4.00]
[0.05 4.00]
[0.05 0.25]
[0.05 0.25]
[0.05 0.25]
[0.05 0.25]
[0.05 0.25]
[0.90 1.10]
[0.10 1.50]
[0.10 0.30]
[0.10 1.50]
[0.005 0.10]
[0.10 1.50]
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6 Numerical Experiments and Results Analysis
Approaches

6.1 Numerical Experiments

Global optimization algorithm such as DDS utilize stochastic processes to find the optimal
solution. Therefore, their performance varies when the random seed changes. The performance of
these algorithms should be evaluated based on multiple independent trials that represent the
distribution of their performance rather than a single trial (Matott et al. 2012). A global
optimization algorithm is a robust one if it consistently identifies high quality solutions with its
multiple independent trials. Due to stochastic nature of the model calibration methods developed
in this thesis, to ensure the robustness of the results, optimizations are performed in 10 independent

trials with different random seeds, and the distribution of the results are compared.

DDS and the calibration methods developed in this thesis adjust their optimization behavior
to the user-specified computational budget. These algorithms are expected to achieve good quality
solutions at different orders of number of solution evaluations. Of course, they are expected to
achieve better solutions as the number of solution evaluations increases. In this thesis, in order to
assess whether the developed algorithms properly adjust their search behavior to the user-specified
computational budgets, the performance of proposed algorithms are evaluated at two levels of the
number of solution evaluations: a) a relatively limited budget of 1000 and b) a relatively larger
computational budget of 10000 solution evaluations The higher budget of 10000 solution

evaluation is set based on the computational limitations available for this research.

The GSA—~DDS, GSA—DDS were tested on minimizing the Rastrigin and Griewank test
functions with 20 parameters and calibrating the 13-parameter SAC-SMA model of the Leaf River

watershed. VARS—DDS was applied to these optimization problems and to more complex model
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calibration problems: SWAT with 23 and WATFLOOD with 37 parameters. Due to various
shortcomings of GSA<~DDS and GSA—DDS methods (explained in chapter 7) they were not

tested on SWAT and WATFLOOD models.

In GSA<~DDS and GSA—DDS, 5% of the budget was used for the initial sensitivity
analysis. It was observed in some initial optimization trials that are not reported in this thesis that
increasing the budget of initial GSA to more than 5% significantly degraded the algorithm
performance. On the other hand, implementing GSA with a very limited budgets (e.g. lower than
5 percent) can generate unreliable sensitivity information that can mislead the calibration. In
VARS—DDS, VARS is performed in a separate single trial with the budget of 1000 evaluations

to prevent the degradation of DDS performance at initial iterations.

6.2 Results Analysis Methods

This thesis is focused on improving the efficiency and effectiveness of the DDS algorithm
on calibrating high dimensional hydrological models. Hence, the proper way to evaluate the
performance of proposed toolboxes is by comparing their results with the original DDS algorithm.
The performance is compared through convergence and stochastic dominance graphs, statistical
significance test. The hydrologic model calibration results are further analyzed by visually

comparing and discussing time series of stream flow.

6.2.1Convergence

A common way to compare the functionality of global optimization algorithms is by
comparing the average algorithms performance (Ali et al., 2005). Thus, in this thesis, the
convergence of DDS and sensitivity-informed DDS methods is compared. The convergence of

each algorithm is measured by taking the average over all trials of the current best solution in each
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iteration. The average convergence graphs can reveal the ability of sensitivity-informed DDS
methods in improving the efficiency (i.e. finding a good quality solution in a shorter time) and
effectiveness (i.e. discovering a better quality solution with equal budget) of automatic model
calibration. Nevertheless, the convergence does not fully represent the algorithms performance,
and the distribution of the best objective values found by each algorithm should also be considered
(Tolson and Shoemaker, 2007). Hence, other types of result comparison approaches are utilized in

this thesis.

6.2.2First-Order Stochastic Dominance

The performance of stochastic optimization algorithms varies between different trials. In
order to investigate the distribution of their performance based on the best objective value found
at the end of each trial, the first-order stochastic dominance method (levy, 1992) is considered in
this thesis. This method has been widely used in the literature for comparing the performance of
stochastic search algorithms, for example see, Tang et al. (2007); Hadka and Reed (2012);
Asadzadeh and Tolson (2013). The first-order stochastic dominance is based on the empirical
cumulative distribution function (CDF) of the best solution found by the optimization algorithm
in each trial. The CDF plots demonstrates the probability of achieving equal or better value for the
objective function. These plots are visually compared by first-order stochastic dominance concept.
According to the definition, when two algorithms A and B are compared by their CDFs F,(x)
and Fz(x) (x is the best solution found in each trial), algorithm A stochastically dominates
algorithm B, if and only if F,(x) = Fp(x), when the smaller values of x is of interest and in Figure
14-a. However, in Figure 14-b, the above statement is not true for each of the algorithms, thus, no
algorithm dominates the other. The magnitude of difference between compared CDFs can be

revealed by the statistical significance tests (Asadzadeh and Tolson, 2013).
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Figure 14. Example CDF plots comparison for algorithms A and B when lower objective values is of
interest. (a) Algorithm A stochastically dominates algorithm B. (b) No algorithm dominates each other.

6.2.3Statistical Significance Test
The Wilcoxon rank-sum test (Gibbons and Chakraborti, 2011) is a statistical method to

measure the significance of the difference between CDFs of corresponding samples. When
comparing the performance of two stochastic optimization algorithms (A and B), this test has been
used in the literature (Hadka and Reed, 2012; Asadzadeh and Tolson, 2013) to identify which
algorithm has preferable results. In general, the Wilcoxon rank-sum test is usually performed to
identify whether two autonomous samples (in this case, the final best solutions found in each trial
of compared algorithms) come from identical populations or not. The main characteristic of the
Wilcoxon rank-sum test that makes it suitable for comparing optimization algorithm is that it is a
nonparametric statistical method, meaning that it does not require the user judgment. The
Wilcoxon rank-sum test assumes that data points in the compared sets are independent which holds

in this thesis because optimization trials are independent. Thus, this test is considered to compare
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the results of DDS and sensitivity-informed DDS algorithms. Under the null hypothesis of this
test, both samples come from the same distribution of random variables (F,(x) = Fg(x)).
However, the alternate hypothesis states that the samples come from different distributions. When
comparing algorithms A and B, if the significance level of the null hypothesis (p-value) is smaller
than 5 percent, then the null hypothesis is rejected (H-value equals to one) and the alternate
hypothesis is approved (F4(x) # Fg(x)) with a 95 percent confidence level. Together with the
stochastic dominance test, the Wilcoxon rank-sum test can reveal if an optimization algorithm

stochastically significantly performs better than the other one (Asadzadeh and Tolson, 2013).

6.2.4Streamflow Time Series

When calibrating a hydrological model, visual comparison of simulated and measured
outputs is a basic though effective approach to evaluate the calibration results (Asadzadeh et al.,
2015). In hydrological model calibration, although the error function (e.g. NSE) value evaluates
the overall fit between simulated and measured data, the model needs to be evaluated across the
simulation time horizon to identify potential major issues such overestimating or underestimate
streamflow in short but critical time periods such as extremely high-flow periods. Thus,
streamflow time series can reveal whether simulated hydrograph matches the peak flows and low
flows of measured hydrographs adequately. The calibration results of DDS and sensitivity-
informed DDS algorithms generate unique simulated daily hydrographs that belong to specific
parameter settings. Hence, in this thesis, the hydrographs derived from the final best solution in
the best trial of DDS, GSA«<~DDS, GSA—DDS and VARS—DDS are created and compared with
the measured hydrograph to evaluate the performance of proposed algorithms in calibrating SAC-

SMA, SWAT and WATFLOOD models.
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6.2.5Sensitivity Analysis

Parameter sensitivity information is valuable for identifying the most influential parameters
on the hydrologic model performance. This information is required when the model has to be
recalibrated. Hence, the parameter sensitivity rankings, in which the most sensitive parameter is
ranked first, calculated by Morris, Sobol, and VARS methods are presented. In order to generate
the sensitivity results in GSA—DDS and GSA—DDS approaches, the sensitivity analysis is
performed for 10 different trials with the budget of 5% of total optimization cost. The average
sensitivity rankings over all trials for each parameter derived from Morris and Sobol methods are
reported and compared to validate the performance of the Morris and Sobol approaches. In
VARS—DDS, however, the sensitivity analysis is only performed once and with the budget of
1000 model evaluations, as VARS is claimed to be a relatively more robust and efficient compared
to the Morris and Sobol methods (Razavi and Gupta, 2016). In all three GSA methods, the
sensitivity analysis is performed over the exact period as calibration. In order to validate the results
of VARS, Morris and Sobol methods are performed with the budget of 1000, and the results are
compared. The robustness of the VARS method is revealed by producing the similar sensitivity

rankings compared to the Morris and Sobol methods.
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7 Results and Discussion
7.1 GSA<DDS

The performance of Morris«<>DDS and Sobol<~DDS methods in minimizing Rastrigin and
Griewank test functions and calibrating SAC-SMA model are evaluated. Due to the similarities
between the results of Griewank and Rastrigin functions only the results of Griewank are shown
in this section, and the results of Rastrigin are presented in the Appendix (Chapter 9). The
performance of GSA«<DDS is compared with original DDS algorithm through the results analysis
methods explained in Chapter 6. In addition, the average of initial and final parameter sensitivity

rankings produced by Morris and Sobol methods are presented and compared.

7.1.1Griewank

According to Table 1, the global optimal objective function value of the Griewank test
problem is equal to 0.0 that corresponds to all decision variables equal to 0.0. It is understood
from Figure 15 that both Morris<>DDS and Sobol<~DDS show slower convergence over initial
iterations. The main reason for this behavior is that GSA methods are not designed to find the
optimal solution. Therefore, these toolboxes require more time to find the same quality solutions
found by DDS. However, after the initial GSA is performed and the sensitivity indices are
provided, Morris—DDS illustrates faster convergence than DDS when minimizing the Griewank
function. According to Figure 15-b, with the total budget of 10000 solution evaluations, after 1000
solution evaluations, on average Morris»DDS finds very good solutions with the average
objective function value equal to 2.84 compared to 32.5 for DDS. Nonetheless, Sobol<~DDS
performed the worst after 1000 solution evaluations by scoring an average objective function value
of 112.3. The main reason for the slower convergence of Sobol<~DDS is that Sobol could not

correctly identify the most sensitive parameters with the relatively low budget used for the initial
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sensitivity (0.05 x 10000 = 500 solution evaluations) and therefore misled the optimization to
converge to a weak solution. Moreover according to Equation 12, Sobol requires independently
generated solutions to calculate the sensitivity indices. However, the solutions derived from DDS
are not entirely independent throughout the search, because DDS perturbs only some decision
variables in each iteration. Thus, updating the original solution sets with the solutions created by
DDS can cause miss calculation of parameter sensitivity index, and the inaccurate sensitivity
results can misinform the algorithm toward the more frequent perturbation of less-sensitive

parameters.

The stochastic dominance graphs in Figure 15-a and -b illustrate that the final best solutions
found by Morris>DDS stochastically dominate the best solutions found by DDS and
Sobol<»DDS. When the optimization budget is 1000 solution evaluations, Morris<>DDS
dominates DDS, and both Morris«>DDS and DDS dominate Sobol<~DDS. Moreover, the same
behavior can be seen at the budget of 10000. This is further confirmed with the results of Wilcoxon
rank-sum test in Table 5. The pairwise comparison of DDS, Sobol«<~»DDS and Morris<DDS
shows that in both optimization budgets, the best solutions found by Morris«<>DDS are statistically
significantly different from the best solutions found by DDS and Sobol«<~DDS (p-value smaller
than 0.05). In conclusion, in terms of convergence and the final best solutions found Morris<>DDS
is the most promising method in minimizing Griewank function with 20 parameters. Although the
average initial sensitivity rankings produced by Sobol and Morris methods are very similar, (Table
6) the significant difference in the average final sensitivity rankings derived from Sobol<~DDS

and Morris«<>DDS for Griewank function confirms the miss calculation of sensitivity indices.
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Figure 15. Convergence and first order stochastic dominance graphs of DDS, Sobol«<>DDS and
Morris<>DDS applied to the Griewank test function with 20 parameters (left side figures show budget of
1000 and right side figures show budget of 10000).
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Table 5. Wilcoxon rank-sum test comparing DDS, Sobol«<—DDS and Morris<>DDS applied to Griewank.

Computational Budget Compared Methods P-value H-value
1000 DDS versus Morris<>DDS 1.82E-04 1
DDS versus Sobol«<»DDS 1.83E-04 1
10000 DDS versus Morris<>DDS 1.83E-04 1
DDS versus Sobol«»DDS 1.83E-04 1

Table 6. Average sensitivity ranks for Griewank parameters by Morris and Sobol methods with 5% initial
GSA budget (most versus least sensitive parameters are highlighted in red and, blue respectively).

Budget of 500 (5 percent of 10000) Budget of 50 (5 percent of 1000)
Parameter | Morris Ranking | Sobol Ranking | Morris Ranking | Sobol Ranking
Number | Initial | Final | Initial | Final Initial | Final Initial | Final

1 5 12 19 7 5 8
2 19 10 16 6 8 8
3 16 18 10 12 11
4 14 16 13
5 5 9 9 19
6 6 14 16 17
7 15 8 8 3 15
8 6 13
9 8 14 18 10
10 4 17 10 12
11 18 9 7 7
12 13 19 17 5
13 11 3 7 9
14 17 7 5 19
15 10 13 19 13
16 12 4 18 6
17 7 15 13 4
18 - 11 9 12
19 9 6 14 7
20 3 g 2 8 |

7.1.2SAC-SMA Model

Calibrating the 13 parameters of the SAC-SMA model of the Leaf River has been a
benchmark optimization problem with the best reported objective function value of 1 — NSE =
0.076 in the literature (Asadzadeh, 2012). According to Figure 16-a and —b, both Sobol—~DDS
and Morris<~DDS demonstrate slower convergence rate compare to DDS when calibrating the 13

parameters of this hydrologic model. At the budget of 10000 model evaluations, DDS,
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Morris<>DDS and Sobol—DDS found the best 1-NSE value equal to 0.087, 0.091, and 0.092,
respectively, which are very close to the best value reported in the literature, 0.076 in Asadzadeh
(2012). It should be noted that the calibration of SAC-SMA model in this thesis is started from a
random solution to increase the challenge for the algorithms in terms of finding good quality
objective values. In addition, due to the incorrect updating of initial sensitivity indices,
Sobol«~DDS showed a notably weaker convergence compare to DDS and Morris<>DDS. For
instance, when the budget is equal to 1000, at 200" iteration, DDS found 0.092, while

Sobol—DDS found 0.11 as the best 1 — NSE value.

The stochastic dominance graphs in Figure 16-c and -d and the corresponding P-values of

the Wilcoxon rank-sum test in Table 7 show that DDS is the preferred algorithm for calibrating
the SAC-SMA model at both computational budgets of 1000 and 10000 model evaluations. For
example, for both optimization budgets, the CDF plots and P — value < 0.004 shows that DDS
is statistically significantly preferred over Sobol<—~DDS. The CDF plots for DDS and
Morris<>DDS are very similar showing that these two algorithms do not stochastically dominate
each other and have a comparable performance. Moreover, according to Table 7, the p-value for
the pairwise comparison of DDS and Morris«<>DDS for both budgets is greater than 0.05
confirming that the two algorithms have statistically similar performance for calibrating the SAC-

SMA model of the Leaf River watershed.

Table 8 demonstrates that regardless of the budget of initial GSA, both Morris and Sobol
methods similarly define the four most sensitive parameters of SAC-SMA model. To illustrate
this, both Morris and Sobol methods initially identify the LZFSM (maximum capacity of the lower
zone free water supplemental storage) as the most sensitive parameter of SAC-SMA. In addition,

in the final sensitivity results by the Morris method, similar sensitivity rankings are reported for
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parameters. However, different final parameter rankings produced by Sobol, verifies that the final
Sobol sensitivity results are inaccurate in both budgets. The most sensitive parameters identified
by Sobol final rankings are in fact among the least sensitive parameters defined by Morris method.
In addition, increasing the budget from 1000 to 10000 solution evaluations for the Sobol<~DDS
method negatively affects the inaccuracy in the final sensitivity rankings due to lower number of

updates in sensitivity indices.
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Table 7. Wilcoxon rank-sum test comparing DDS, Sobol«~DDS and Morris«<~>DDS for SAC-SMA
calibration
Computational Budget Compared Methods P-value = H-value
DDS versus Morris<>DDS ~ 4.27E-01 0

1000 DDS versus Sobol<~DDS | 5.83E-04 1
10000 DDS versus Morris<+DDS = 7.33E-01 0
DDS versus Sobol<-DDS = 4.00E-03 1

Table 8. Average sensitivity ranks for SAC-SMA parameters by Morris and Sobol methods with 5%
initial GSA budget (most versus least sensitive parameters are highlighted in red and, blue respectively).
Budget of 500 (5 percent of 10000) Budget of 50 (5 percent of 1000)
Morris Ranking | Sobol Ranking | Morris Ranking | Sobol Ranking

Parameter | Initial Final Initial | Final | Initial Final Initial | Final
UZTWM 7 9 9 9 5 9 11
UZFWM 3 7 10 10 10 4 4 6
LZTWM 12 12 12 4 12 12 10 12

LZFPM 8 10 3 12 6 10 6 4
LZFSM 7 2 2
ADIMP 10 6 6 8 6 7 7
UzK 11 11 11 11 5 3
LZPK 2 2 2 6 2 2
LZSK 6 4 11 5 7 5 11
PCTIM 5 5 5 11 4 7 8 8
ZPERC 4 3 4 8 3 3 3 5
REXP 9 8 7 3 9 8 12 10
BEEEE 0 B 2 9 9

In Figure 17, the hydrographs are derived from the final best solutions found by DDS,

Sobol«~DDS and Morris«<>DDS. The hydrographs are generated with respect to the best trial of
DDS, Sobol«~DDS and Morris«<»>DDS algorithms. Although SAC-SMA is calibrated using a two-
year period of historical data, the most challenging period, which is from October 1952 to October
1953, is selected to show the hydrographs. As can be seen from this figure, in both optimization
budgets, the final NSE value from the best trial of Sobol<~DDS is slightly lower than the NSE
value found by DDS and Morris<>DDS. Nevertheless, the corresponding hydrographs of
Sobol<>DDS and Morris<>DDS are almost identical to the hydrograph from DDS, and show

adequate match with the observed hydrograph in the low-flow and high-flow periods. Hence, based
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on streamflow time series, it is also concluded that neither of the Sobol and Morris approaches

could guide DDS to calibrate this model more efficiently and effectively.
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Figure 17. Streamflow time series for SAC-SMA model from best parameter values identified by DDS,
DDS-Morris and DDS-Sobol with the budget of (a) 1000 and (b) 10000 model evaluations
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7.1.3GSA<~DDS Results Discussion

It was expected that creating an interactive method that continuously couples DDS with a
GSA toolbox to update the results of both sensitivity and optimization would increase the
efficiency of DDS. However, as the results demonstrated, the performance of Sobol<~DDS was
significantly weaker in terms of convergence rate and final best solution found due to the improper
updating procedure for sensitivity results. Furthermore, in Morris«<>DDS, the performance has not
improved significantly compared to original DDS. The main issue is updating the sensitivity
indices throughout the optimization process. According to the results of sensitivity analysis,
updating sensitivity indices in Sobol<>DDS reduced the accuracy of parameter sensitivity
rankings, as the final rankings generated by Sobol method was significantly different from the
final rankings generated by Morris method. Moreover, in Morris<>DDS, no significant difference
between the initial and final parameter sensitivity rankings is observed. Hence, updating the initial
sensitivity indices in both Morris and Sobol approaches showed no benefit. Additionally, in both
Sobol~DDS and Morris«>DDS algorithms, in order to update the sensitivity indices, selected
parameters have to be perturbed individually. This will reduce the efficiency of optimization

because in DDS, the selected parameters should be perturbed simultaneously.

Hence, to address the shortcomings of GSA—DDS a new method, which is called
GSA—DDS, is introduced. In this approach, the GSAs (Morris and Sobol) are only performed
initially to generate the sensitivity indices and initial solutions for optimization. The results of
GSA—DDS illustrated that updating the sensitivity indices of Morris and Sobol methods showed
no improvement. Thus, in GSA<~DDS the sensitivity indices are not updated, and the original

perturbation method of DDS is respected.
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7.2 GSA—DDS

GSA—DDS utilizes Sobol and Morris methods to perform GSA initially with the budget of
5 percent of total optimization cost. The performance of GSA—DDS is compared with DDS for
solving the Rastrigin and Griewank functions and SAC-SMA Model. Results for Griewank and

SAC-SMA are discussed in this section, and results for Rastrigin are discussed in the appendix.

7.2.1Griewank

According to Figure 18, unlike GSA<~DDS, regardless of the computational budget, both
Morris—DDS and Sobol—DDS converge faster than DDS in minimizing the Griewank function.
However, the improvement in the convergence rate is more significant when the optimization is
performed with higher number of function evaluations. As an illustration, with the budget of 10000
function evaluations, at the 850" iteration, DDS found the function value equal to 35.61, while
Morris—DDS and Sobol—DDS found 5.91 and 4.49 as the best function value respectively. This
improvement in the convergence is due to the guided search of algorithm toward more frequent
perturbation of high sensitivity parameters. This will increase the probability of finding good
quality solutions in a shorter time. According to Figure 18-c, GSA—DDS (both Morris and Sobol)
outperform DDS when the computational budget is relatively large, 10000 solution evaluations.
Moreover, Table 9 shows that in the budget of 10000, the p-value of the Wilcoxon rank-sum test
for the pairwise comparison of the corresponding CDFs of GSA—DDS and DDS is smaller than
0.05. Hence, the null hypothesis is rejected (H-value equals to one), and therefore, both
Morris—DDS and Sobol—DDS algorithms are statistically significantly preferred over DDS in
minimizing Griewank function when the budget is 10000 evaluations. On the other hand, at the
budget of 1000 evaluations, Figure 18-d illustrates that Sobol<-~DDS stochastically dominates

DDS, while Morris<>DDS and DDS do not stochastically dominate each other. Moreover, the p-
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value of the pairwise comparison of Sobol—=DDS and DDS is less than 0.05. Hence, at lower

budget, Sobol—DDS is preferred over DDS and Morris«<>DDS.
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Figure 18. Convergence and first order stochastic dominance DDS, Sobol—DDS and Morris—DDS
applied to Griewank with 20 parameters (left versus right side figures for budget of 1000 10000).
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Table 9. Wilcoxon rank-sum test comparing DDS, Sobol—DDS and Morris—DDS applied to Griewank.

Computational budgets Compared Methods P-value H-value
DDS versus Morris—DDS 0.185 0
HLD DDS versus Sobol—DDS 0.037 1
DDS versus Morris—DDS 3.29E-04 1
HEIEY DDS versus Sobol—-DDS 1.82E-04 1

Table 10. Average sensitivity ranks for Griewank parameters by Morris and Sobol methods with 5%
initial GSA budget (most versus least sensitive parameters are highlighted in red and, blue respectively).

Budget of 500 (5 percent of 10000) | Budget of 50 (5 percent of 1000)
P&L%nbe;?r Morris Sobol Morris Sobol
1 5 10 19 5
2 9 I - 7
3 16 16 10 11
4 14 11 2 2
5 3 9 19
6 2 4 6 16
7 15 6 8 3
8 6 8 11 13
9 8 12 17 18
10 4 [ 1 [ 1 ] 10
11 18 15 4 7
12 13 17 5 14
13 11 7 14 15
14 17 5 3 4
15 10 19 7
16 12 18 13
17 7 13 12 6
5 I 18 12
19 9 14 17
20 3 2 | 15 9

The similarities between the results of Morris—DDS and Sobol—DDS is due to the similar
sensitivity results generated by Sobol and Morris methods. Table 10 demonstrates that both Sobol
and Morris have correctly identified the four most sensitive parameters of Griewank functions.
Although, in lower budget (50 evaluations) small discrepancies can be seen between the parameter

rankings by Sobol and Morris, as the budget increases, the sensitivity measurements are improved.
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However, both Sobol and Morris methods fail to identify the least and moderate sensitive
parameters of Griewank function. The main reason is that the Griewank function is not designed
for sensitivity analysis, and its value is equally sensitive to all its decision variables. Hence, it is
difficult for GSA methods to identify the moderate or least sensitive parameters of Griewank

function.

7.2.2SAC-SMA Model

It is illustrated in Figure 19-a and -b that regardless of weaker performance at initial
iterations, both Morris—DDS and Sobol—DDS converged faster than DDS for calibrating 13
parameters of the SAC-SMA model of the Leaf River watershed. For instance, with the
optimization budget of 1000, the final best solution of DDS is equal to 0.09, while Morris—DDS
and Sobol—DDS found a slightly better solution after 766 model evaluations. Moreover, when
the optimization budget is an order of magnitude larger (10000), Morris—DDS and Sobol—DDS

found similar solutions compared to the final solution of DDS only after 5737 solution evaluations.

However as shown in Figure 19-c and -d, both Morris—DDS and Sobol—-DDS methods
showed no significant improvement in the final best objective values compared to DDS, because
regardless of the computational budget, they did not stochastically dominate of DDS. Additionally,
the P-value of Wilcoxon rank-sum test in Table 11 confirms that none of the three algorithms is
preferred based on its final optimal solution. Thus, GSA—DDS is not preferred over DDS in

calibrating the SAC-SMA model.

According to the results of parameter sensitivity ranking (Table 12), when the GSA budget
is equal to 500 model evaluations, both Morris and Sobol methods identify LZPK (lower zone
primary free water depletion rate) as the most sensitive parameter, and ZPERC, LZSK, LZFSM as

other important parameters. Furthermore, Morris and Sobol showed similar performance in
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identifying moderate and least sensitive parameters. The analogous rankings by Morris and Sobol

methods verifies the robustness of the sensitivity results produced by these methods.
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Figure 19. Convergence and first order stochastic dominance graphs of DDS, Sobol—DDS and
Morris—DDS applied to the calibration of the SAC-SMA model of the Leaf River watershed (left side
figures show budget of 1000 and right side figures show budget of 10000).

In Figure 20, the time series of streamflow simulated by the best solution found by DDS is

compared to that of the solution found by Morris—DDS and Sobol—DDS after 5737 iterations
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for the budget of 10000 and after 766 iterations for the budget of 1000. In order to produce the
hydrographs, the best trial of DDS, Morris—DDS and Sobol—DDS algorithms are considered.
According to this figure, the hydrographs derived from DDS, Morris—DDS and Sobol—DDS are
analogous (due to the similar NSE values), and have a proper match with the observed data. Hence,

the hydrographs also validates the faster convergence of GSA—DDS compare to DDS.

Table 11. Wilcoxon rank-sum test comparing DDS, Sobol—DDS and Morris—DDS applied to SAC-

SMA.
Computational Budget Compared Methods P-value H-value
1000 DDS versus Morris—DDS 1 0
DDS versus Sobol—DDS 0.427 0
10000 DDS versus Morris—DDS 0.909 0
DDS versus Sobol—DDS 0.623 0

Table 12. Average sensitivity ranks for SAC-SMA parameters by Morris and Sobol methods with 5%
initial GSA budget (most versus least sensitive parameters are highlighted in red and, blue respectively).

Budget of 500 (5 percent of Budget of 50 (5 percent of
10000) 1000)
Parameter Morris Sobol Morris Sobol
UZTWM 6 5 7 2
UZFWM 7 9 9 10
LZTWM 12 6 12 8
LZFPM 8 11 6
LZFSM 2 4 11
ADIMP 10 12 11 6
UzK 11 10 10 5
LZPK 3 12
LZSK 4 3 5 4
PCTIM 5 7 4 3
ZPERC 3 2 2
REXP 9 8 9
PFREE 8 7
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7.2.3GSA—DDS Results Discussion

The main objective of this thesis is to increase the efficiency and effectiveness of
hydrological model calibration by means of combining the sensitivity and optimization. Results in
this section showed that GSA—DDS methods have only improved the efficiency and not the
effectiveness of the model calibration. As the results show, Morris—DDS and Sobol—DDS have
faster convergence compare to DDS. The improved convergence rate is more significant in
minimizing Griewank function than calibrating the SAC-SMA model. The main reason is that the
SAC-SMA model has only 13 parameters, while GSA—DDS is more suitable for optimization
problems with higher number of parameters. In addition, it is understood from the results that with
higher computational budget of optimization, GSA—DDS converge significantly faster than DDS.
However, the final solution found by Morris—DDS and Sobol—=DDS may not be substantially
better than that of DDS. The main issue is applying sensitivity analysis initially within the
optimization process, which degrades the performance of optimization algorithm. In fact, initial
iterations are the most important part of optimization because DDS has a high convergence rate at
those iterations. Thus, performing sensitivity analysis within initial iterations of optimization can
reduce the convergence rate and affect the final best solution found, as GSA toolboxes are not
designed for optimization. To address this issue, the VARS—DDS approach is proposed in this

research and its results are discussed in the next section.

7.3 VARS—DDS

VARS—DDS is applied to solve the Griewank, Rastrigin and SAC-SMA case studies.
Furthermore, to validate the usefulness of VARS—DDS, it is used to calibrate two relatively more
complex hydrological models, namely SWAT and WATFLOOD that they have a large set of

calibration parameters. To demonstrate the benefit of VARS—DDS over calibrating hydrological
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models with reduced and full parameter sets, the results of VARS—DDS is compared to DDS with
full parameter set (referred to as DDS) and DDS with reduced parameter set (referred to as DDS-
Reduced). In DDS-Reduced, optimization is performed to calibrate only the most sensitive
parameters, which is a common approach in the literature (Muleta and Nicklow, 2005; Tang et al.,
2007; Wagener and Kaollat, 2007; Lu et al., 2015). Results for the Griewank and Rastrigin test

functions are shown in the appendix.

7.3.1SAC-SMA
As listed in Table 14, the IVARS sensitivity ranking derived from VARS, confirms the

results of Morris and Sobol methods in identifying the four most sensitive parameters. According
to all IVARS levels, the parameter with highest sensitivity is LZPK (lower zone primary free water
depletion rate), and parameters LZFSM, PCTIM and ZPERC are ranked as the second, third and
fourth most sensitive respectively. Furthermore, the least sensitive parameters identified by all
IVARS levels and Morris method is PFREE. Therefore, VARS is also able to identify the least

sensitive parameters properly.

The 13 parameters of the SAC-SMA model of the Leaf River watershed are calibrated

using VARS—DDS, DDS and DDS-Reduced with respect to the four most sensitive parameters
as shown in Table 14. Hence, the Guided Parameter Selection iterations (i;ps) of VARS—DDS

when calibrating SAC-SMA model are respectively 120" and 600" iteration for 1000 and 10000

model evaluations.

The convergence graphs in Figure 21 illustrates that VARS—DDS showed no
improvement over DDS and DDS-Reduced. In fact, when the optimization budget is at 10000, the

convergence rates of all three algorithms are very similar. However, at the budget of 1000, DDS-
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Reduced has shown slightly better convergence rate at initial iterations. For instance, at iteration
number of 100, both DDS and VARS—DDS found 0.094 as the 1 — NSE value, while DDS-
Reduced found 1 — NSE value equal to 0.080 which is very close to the best known value for this

problem (0.076).

The first order stochastic dominance graphs in Figure 22 and the Wilcoxon rank-sum test
in Table 13 reveal that at the budget of 1000 model evaluations, VARS—DDS and DDS do not
stochastically dominates each other. However, at this budget, DDS-Reduced stochastically
significantly dominates both CDFs of DDS and VARS—DDS. On the other hand, at the higher
budget of 10000 solution evaluations, VARS—DDS stochastically dominates DDS with the
corresponding p-value of 0.02. This clearly illustrates that VARS—DDS is preferable to DDS
when calibrating SAC-SMA model with the budget of 10000 model evaluations. In addition, at
this budget, although DDS-Reduced does not dominants VARS—DDS, Figure 22-a demonstrates
that DDS-Reduce has a high chance for dominating VARS—DDS, as DDS-Reduced generated
better objective value in all trials except one, and showed more consistence results between all
trials. Furthermore, DDS-Reduced stochastically significantly dominates DDS with the
corresponding p-values of 0.00018. Hence, regardless of computational budget, when calibrating
the SAC-SMA model, DDS-Reduced is certainly preferable to DDS, and outperforms

VARS—DDS in most of the trials.

Figure 23 demonstrates that no significant difference between the corresponding
hydrographs and the best NSE values derived from best trial of DDS, DDS-Reduced and
VARS—DDS can be seen. This is because calibration of the SAC-SMA model of the Leaf River

is not complex enough for VARS—DDS to demonstrate its advantage over DDS.
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Figure 21. The convergence graphs of DDS, VARS—DDS, and DDS-Reduced applied to the calibration
of the SAC-SMA maodel of the Leaf River watershed (a) Convergence graph for the budget of 10000. (b)
Convergence for the budget of 1000.
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Figure 22. The first order stochastic dominance graphs of DDS, VARS—DDS, and DDS-Reduced
applied to the calibration of the SAC-SMA model of the Leaf River watershed. (a) Budget of 10000. (b)
Budget of 1000.
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Table 13. Wilcoxon rank-sum test comparing DDS, DDS-Reduced and VARS—DDS applied to SAC-

SMA.
Computational budgets Compared Methods P-value H-value

DDS versus VARS—DDS 0.6776 0

1000 DDS versus DDS-Reduced 1.83E-04 1
DDS-Reduced versus VARS—DDS 1.83E-04 1

DDS versus VARS—DDS 0.0173 1

10000 DDS versus DDS-Reduced 1.83E-04 1
DDS-Reduced versus VARS—DDS 2.80E-03 1

Table 14. Average sensitivity ranks for SAC-SMA parameters by VARS, Morris and Sobol with 1000
model evaluations (most versus least sensitive parameters are highlighted in red and, blue respectively).

Parameter | IVARS10 | IVARS20 | IVARS30 | IVARS40 | IVARS50 | Morris | Sobol
UZTWM 7 7 7 7 7 9 11
UZFWM 9 9 9 9 9 4 6
LZTWM 10 10 10 10 10 12 12

LZFPM 11 11 11 11 11 10 4
LZFSM 2 2 2 2 2 |1 1 2 ]
ADIMP 6 6 6 6 6 6 7
UzK 8 8 8 8 8 11 3
LZPK | |
LZSK 5 5 5 5 5 5
PCTIM 3 3 3 3 3 7 8
ZPERC 4 4 4 4 4 3 5
REXP 12 12 12 12 12 8 10
PFREE 9

86



Daily flow (CMS)

450

Measured
400 —— DDS-NSE=0.916
sssss DDS-VARS-NSE=0.924
----- DDS-Reduced-NSE=0.923

350

300

Daily flow (CMS)

400 Measured
—— DDS-NSE=0.916

350 eesees DDS-VARS-NSE=0.924
----- DDS-Reduced-NSE=0.923

300

7

S A\ %9“’ N S SR S e
© Qo & < 2 ) (3 & S > < 0

Figure 23. The comparison of streamflow time series for SAC-SMA model from the best parameter
values generated by DDS, VARS—DDS and DDS-Reduced. (a) Optimization budget of 10000. (b)
Optimization budget of 1000.
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7.3.2SWAT Rouge River

The sensitivity rankings of SWAT parameters (Table 16) show that the most sensitive
parameters identified by VARS, Morris and Sobol methods in this thesis is SNO50COV, due to
the major contribution of snowmelt in streamflow. In addition, the seven most sensitive parameters
of SWAT model (SNO50COV, SNOCOVMX, CN, CH_K, TIMP, SOL_Z and ESCO) have been
similarly identified by VARS, Sobol and Morris methods in this thesis. Furthermore, the
parameters such as, GW_Delay, SMFMN and SMTMP are among the least sensitive parameters
identified by all three GSA methods. Thus, the similar sensitivity rankings cross validate the results

of VARS, Morris and Sobol methods with the budget of 2000 model evaluations.

According to sensitivity analysis results for SWAT model of the Rouge River basin, seven
parameters are selected as the most sensitive. Therefore, when calibrating the 23 parameters of the
SWAT model using VARS—DDS, the i.p iterations are considered at 122" and 600" iterations

for the budget of 1000 and 10000 respectively.

As demonstrated by Figure 24-a, DDS, VARS—DDS, and DDS-Reduced have similar
convergence rates for calibrating the SWAT model of the Rouge River watershed with 1000
solution evaluations. However as shown in Figure 24-b, when the optimization budget is relatively
larger (10000), VARS—DDS outperforms DDS-Reduced and DDS, and finds a solution with
NSE = 0.73 that is improved respectively by 9% and 6% compared to the best NSE value found
by DDS-Reduced (0.67) and DDS (0.69). Moreover, VARS—DDS showed faster convergence
than DDS and DDS-Reduced in calibrating 23 parameters of SWAT model. As an illustration,
with the optimization budget of 10000, VARS—DDS found the final best solution of DDS-

Reduced (0.67) after around 1500 model evaluations. Furthermore, the solution found by
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VARS—DDS is better than the best known solution reported for this case study in Asadzadeh et

al. (2015).

The stochastic dominance graphs in Figure 25 confirm that when the number of model
evaluations is equal to 10000, VARS—DDS stochastically dominates DDS and DDS-Reduced.
Moreover, the p-values of Wilcoxon rank-sum test in Table 15 show that VARS—DDS is
statistically significantly preferred to the other two approaches for solving this calibration problem.
On the other hand, when the optimization budget is relatively limited (1000), DDS is slightly
preferred over the other two approaches. These results suggest that, the common approach used in
the literature that reduces the calibration problem to only the most sensitive parameters of the
model is not necessarily more efficient than calibrating models with full parameter set regardless

of the available computational budget.

The time series of streamflow generated by the best solutions found by the three different
approaches for this case study are plotted in Figure 26. The corresponding hydrographs are
generated using the best trial of DDS, VARS—DDS and DDS-Reduced algorithms. In order to
illustrate the details more clearly, the hydrographs are reduced to the most challenging period,
which is from December 1, 2008 to July 1, 2009. As can be seen, using the best solution of
VARS—DDS1000, SWAT is able to adequately simulate the high flow periods (shown with red
circles). In addition, when the budget is 10000, the best NSE values derived from VARS—DDS
is better than the best NSE values from DDS and DDS-Reduced. Furthermore, Table 17 shows the
similar best NSE values for little Rouge basin. The minor discrepancies between simulated and
measured data in the low flow periods is due to the fact that NSE metric is focused on high flow
periods. Therefore, the simulated hydrograph derived from VARS—DDS is able to reproduce the

historical observed data more accurately, especially for the high flows periods.
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Figure 24. The convergence graphs of DDS, VARS—DDS, and DDS-Reduced applied to the calibration
of the SWAT model of the Rouge River watershed (a) Convergence graph for the budget of 1000. (b)
Convergence for the budget of 10000.
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Table 15. Wilcoxon rank-sum test comparing DDS, DDS-Reduced and VARS—DDS applied to SWAT.
Computational
Budgets

1000

10000

Compared Methods

DDS versus VARS—DDS
DDS versus DDS-Reduced

DDS-Reduced versus DDS-VARS

DDS versus VARS—DDS
DDS versus DDS-Reduced

DDS-Reduced versus DDS-VARS

P-value

0.212
0.162
0.733

0.0017

0.045

1.81E-04

H-value

0

= =)

Table 16. Average sensitivity ranks for SWAT parameters by VARS, Morris and Sobol with 1000 model
evaluations (most versus least sensitive parameters are highlighted in red and, blue respectively).

Parameter | IVARS10 | IVARS20 | IVARS30 | IVARS40 | IVARS50 | Morris | Sobol
CN 3 3 3 3 3 2 3
CNCOEF 21 21 21 21 21 20 22
SMFMN 22 22 22 22 22 21 e
SMFMX 10 10 10 10 10 9 11
TIMP 5 5 5 5 5 6 7
ESCO 7 7 7 7 7 5 5
EPCO 15 15 15 15 15 13 13
SURLAG 18 18 18 18 18 15 8
SOL_AWC 11 11 11 11 11 11 9
SOL_K 16 16 16 16 16 14 16
SOL_zZ 6 6 6 6 6 7 6
GW_REVAP | 12 12 12 12 12 12 10
ALPHA _BF 8 8 8 8 8 8 12
GWQMN 9 9 9 9 9 10 14
CH_N2 19 19 19 19 19 21
CH_K 4 4 4 4 4 4 4
SFTMP 13 13 13 13 13 19 18
SMTMP 20 20 20 20 20 16 17
RCHRG DP | 17 17 17 17 17 18 15
REVAPMN 14 14 14 14 14 17 19
SNOCOVMX [ 2 2 2 2 2 3 2
SNO50COV
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Figure 26. The comparison of streamflow time series for SWAT model for Main Rouge River basin from
best parameter values generated by DDS, DDS-VARS and DDS-Reduced. (a) Optimization budget of
1000. (b) Optimization budget of 10000.

Table 17. The corresponding best NSE values for Little Rouge basin

Algorithm NSE value

DDS-1000 0.720
DDS-Reduced-1000 0.693
VARS—DDS-1000 0.704

DDS-10000 0.728
DDS-Reduced-10000 0.718
VARS—DDS-10000 0.733
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7.3.3WATFLOOD Odei River

Similar to SWAT model, VARS, Morris and Sobol GSA tools have generated analogues
rankings for most and least sensitive parameters of WATFLOOD. As can be seen from Table 19,
since the channel roughness (R2N) is the main parameter that controls streamflow, it is identified
as the most sensitive parameter by all the three GSA methods. Moreover, since the studied basin
has a sub-arctic climate, the snow related parameters such as, snowmelt rate (FM) and Sublimation
factor (SUB) are among the most sensitive parameters. On the other hand, all GSA methods found
the infiltration and snow-covered infiltration (AK and AKFS) as none important parameters in
streamflow simulation. Hence, the performance of VARS with the limited budget of 2000 model
evaluations is verified. The performance of VARS—DDS, DDS-Reduced and DDS algorithms are
compared for calibrating the WATFLOOD model of the Odei River that has 37 parameters.
According to the results of sensitivity in Table 19, the three GSA methods (VARS, Sobol and
Morris) agree on the top 10 sensitive parameters of this model. Hence, when calibrating
WATFLOOD, the i;py iteration of VARS—DDS is respectively at 155" and 828" iterations, for

the budgets of 1000 and 10000 model evaluations.

Figure 27b illustrates that with the budget of 10000, VARS—DDS shows significantly
faster convergence than DDS and DDS-Reduced. For instance, the average final best NSE value
found by DDS and DDS-Reduced is equal to 0.41 and 0.4 respectively, while VARS—DDS found
a slightly better solution after 2000 model evaluations. Furthermore, the average final best NSE
value found by VARS—DDS is 0.5, which is 25 percent better than the solution found by DDS-
Reduced and DDS. The best NSE values found in this thesis are lower from the best known value
for this case study (0.60) reported by Holmes (2016). The main reason is that Holmes (2016)

performed a manual calibration, while in this thesis, the automatic calibration is performed with
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random initial solutions to increase the challenge for the algorithms. Moreover, in order to reach
higher NSE values for this case study, higher computational budget is required, which is out of

scope of this research.

In addition, the stochastic dominance graphs in Figure 28-b confirm that VARS—DDS

outperforms DDS and DDS-Reduced. Furthermore, the Wilcoxon rank-sum test results in Table
18 show that this preference is statistically significant. However, according to Figure 27-a, when
the optimization budget is relatively limited (1000), VARS—DDS does not show a significant

improvement against DDS or DDS-Reduced.
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Figure 27. The average convergence graphs of DDS, VARS—DDS, and DDS-Reduced applied to the
calibration of the WATFLOOD model of the Odei River watershed (a) Budget of 1000 evaluations. (b)
Budget of 10000 evaluations.
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Figure 28. First order stochastic dominance graphs of DDS, VARS—DDS, and DDS-Reduced applied to
the calibration of the WATFLOOD model of Odei River, (a) Budget of 1000. (b) Budget of 10000.
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Table 18. Wilcoxon rank-sum test for the pairwise comparisons between DDS, VARS—DDS and DDS-
Reduced applied to the WATFLOOD model calibration.

Computational Budget Compared Methods P-value  H-value

DDS versus VARS—DDS 0.4727 0
1000 DDS versus DDS-Reduced 0.3447 0
DDS-Reduced versus 6.23E-01 0

VARS—DDS
DDS versus VARS—DDS 1.83E-04 1
10000 DDS versus DDS-Reduced 0.2123 0
DDS-Reduced versus 1.83E-04 1

VARS—DDS

The comparison between simulated and observed hydrographs for WATFLOOD model in
Figure 29 illustrates that when the computational budget is relatively large (10000 in this research),
the calibration can benefit from the sensitivity-informed method VARS—DDS. As an illustration,
the optimal parameter set found by best trial of VARS—DDS resulted in a hydrograph that has a
better match with the observed data especially in the high and low flow periods. Nevertheless, the
corresponding hydrographs from best trials of DDS and DDS-Reduced are unable to match with
the historical data adequately and respectively underestimate and overestimate the low flow and
high flow periods. On the other hand, when calibrating the model with the relative lower budgets
(1000 evaluations), the improvement in the hydrograph of VARS—DDS is not significant. In this

case, DDS applied to the full calibration problem is recommended.
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Table 19. Average sensitivity ranks for WATFLOOD parameters by VARS, Morris and Sobol with 1000
model evaluations (most versus least sensitive parameters are highlighted in red and, blue respectively).

Parameter Covﬁf‘glass IVARS10 | IVARS20 | IVARS30 | IVARS40 | IVARS50 | Morris | Sobol
PWR N.A. 3 3 3 3 3 4 3
COEFF N.A. 5 5 5 5 5 2 2
R2N N.A. 1 1 1 1 1 1 1
THETA N.A. 10 10 10 10 10 13 11
KCOND N.A. 12 12 12 12 12 8 8
AK Coniferous 33 33 33 33 33 33 24
AK Mixed wood 32 32 32 32 32 27 25
AK Shrub 34 34 34 34 34 34 26
AK Wetland 21 21 21 21 21 18 34
AKFS Coniferous 31 31 31 31 31 31 27
AKFS Mixed wood 20 20 20 20 20 25 31
AKFS Shrub 17 17 17 17 17 16 16
AKFS Wetland 24 24 24 24 24 12 22
RETN Coniferous 4 4 4 4 4 7 6
RETN Mixed wood 22 22 22 22 22 11 29
RETN Shrub 14 14 14 14 14 17 20
RETN Wetland 30 30 30 30 30 20 33

R3 Coniferous 6 6 6 6 6 3 5
R3 Mixed wood 25 25 25 25 25 30 14
R3 Shrub 23 23 23 23 23 24 30
R3 Wetland 28 28 28 28 28 32 23
R3 Water 27 27 27 27 27 22 12
REC Coniferous 11 11 11 11 11 14 18
REC Mixed wood 19 19 19 19 19 23 15
REC Shrub 15 15 15 15 15 15 19
REC Wetland 26 26 26 26 26 28 28
FM Coniferous 18 18 18 18 18 21 32
FM Mixed wood 13 13 13 13 13 19 17
FM Shrub 7 7 7 7 7 10 7
FM Wetland 35 35 35 35 35 35 21
FM Water 29 29 29 29 29 29 13
FPET Water 2 2 2 2 2 5 4
SUB Coniferous 9 9 9 9 9 6 9
SUB Mixed wood 16 16 16 16 16 26 35
SUB Shrub 8 8 8 8 8 9 10
SUB Wetland 36 36 36 36 36 36 36
SUB Water
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Figure 29. The comparison of simulated and observed hydrographs for WATFLOOD model for Odei
River basin from the best parameter values generated by DDS, VARS—DDS and DDS-Reduced. (a)
Optimization budget of 1000. (b) Optimization budget of 10000.
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7.3.4VARS—DDS Results Discussion
VARS—DDS is successfully applied to different hydrological model calibration problems

and test functions. Results show that VARS—DDS has a substantially better convergence and
better final solution when the optimization budget is relatively high equal, 10000 model
evaluations in this research. Moreover, the benefit of VARS—DDS compared to other automatic
calibrations (DDS and DDS reduced) is more significant when applied to more complex problems,
WATFLOOD calibration problem in this research. This is due to the higher number of calibration
parameters in WATFLOOD compared to other cases of thesis. As the number of calibration
parameters increases, DDS is expected to lose its efficiency, because its parameter selection is
purely random. The sensitivity-based parameter selection by VARS—DDS increases the chance
of the more sensitive parameters to be selected and therefore helps to increase the convergence of
the algorithm. Results also suggest that the common practice in the literature that reduces the
calibration problem only to the most sensitive parameters is not necessarily beneficial compared

to calibrating all parameter using an efficient optimization algorithm such as DDS.
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8 Conclusions and Future Works

8.1 Conclusions

Due to the increasing complexity of hydrological models, the automatic calibration of these
models is becoming more and more challenging. One of the common way to cope with this issue
is applying global sensitivity analysis (GSA) in hydrological model calibration to reduce the
number of calibration parameters. However, as shown in this thesis, this technique is expected to
result in a sub-optimal calibrated model for distributed and semi-distributed models that have a
large number of calibration parameters. In this thesis, a novel and efficient methodology is
developed to incorporate parameter sensitivity in automatic calibration without reducing the
calibration problem to the most sensitive parameters. The proposed approach gives higher priority
to more sensitive parameters to be selected and perturbed in the automatic calibration process;

however, it does not eliminate the chance for selecting and perturbing less sensitive parameters.

Among the three implementations of sensitivity-informed model calibration considered in
this thesis, VARS—DDS improves both efficiency and effectiveness of model calibration. The
results illustrate that VARS—DDS outperforms DDS and DDS-Reduced in calibrating complex
hydrological models. As an illustration, compared to DDS and DDS-Reduced, VARS—DDS
shows significantly faster convergence, and increases the NSE value respectively by 25% and 9%
wen calibrating WATFLOOD and SWAT models. In addition, the first order stochastic dominance
and Wilcoxon rank sum test illustrated that VARS—DDS is unambiguously preferred over DDS
and DDS-Reduced in calibrating WATFLOOD and SWAT models. Furthermore, the promising
performance of VARS—DDS has revealed that if calibration of complex hydrological models such
as SWAT, is performed with adequate budget, VARS—DDS can identify better solutions

compared to the solutions that had been reported in the literature.
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Results also shows that in order to observe the benefit of VARS—DDS, two conditions
need to be met. First, the models should have a large number of calibration parameters. Second,
the calibration must be performed computational budgets that are deemed large enough, 10000
solution evaluations in this thesis. Nonetheless, if these two criteria are not met, VARS—DDS is
still recommended, as the results of this approach are similar or slightly better than original DDS.
In addition, VARS—DDS can provide parameter sensitivity information at the end of calibration,

which is useful for future model recalibration.

8.2 Lessons Learned

The other implementations of incorporating sensitivity analysis in optimization,
GSA+—DDS and GSA—DDS failed to meet the objectives of this research and could not increase
the efficiency and effectiveness of the automatic model calibration. For instance, when calibrating
SAC-SMA model, Sobol«>DDS decreases the efficiency of optimization by 20% compared to
DDS due to the inaccurate sensitivity results, and Morris<>DDS produces similar results to DDS.
Additionally, in GSA—DDS, individual perturbation of selected parameters degrade the efficiency
of optimization as in original DDS, the selected parameters are perturbed simultaneously.
Moreover, updating the sensitivity results too frequently using the dependent solutions of DDS
reduced the accuracy of sensitivity results and performance of DDS in GSA«~DDS method. On
the other hand, GSA—DDS approach illustrates faster convergence compared to DDS. As an
illustration, when calibrating SAC-SMA model, GSA—DDS improves the convergence rate by
approximately 42% compared to DDS. However, performing sensitivity analysis at initial
iterations of optimization prevents GSA—DDS to improve the final best solution compared to

DDS. The main reason is that DDS has a high convergence rate at initial iterations, and performing
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GSA at these iterations reduces the convergence rate of DDS, as GSA methods are not designed

for optimization.

8.3 Limitations

Research performed in this thesis faced the following limitations that could be addressed in

future research:

The only optimization algorithm considered in this thesis is DDS. Comparing the
performance of VARS—DDS with only DDS algorithm prevents from reaching to
a comprehensive statement that sensitivity-informed optimization outperforms
normal optimization methods.

The only performance metric for hydrological models considered in this research
is Nash Sutcliff Efficiency. In hydrological model calibration, NSE metric is
focused on high flow events. Thus, preforming GSA with respect to NSE will
provide a limited measure of parameters sensitivity. In addition, the model may not
be effectively calibrated to simulate low flow events.

The maximum optimization budget in this thesis is limited to 10000 evaluations.
As shown in this thesis, even with the sensitivity-informed optimization, complex
models such as WATFLOOD requires higher computational budget to be
effectively calibrated in terms of finding better NSE value. Thus, with the
maximum optimization budget of 10000 the ability of VARS—DDS algorithm on
effective calibration of WATFLOOD model cannot be proved.

Calibrating only a limited number of complex hydrological models in this thesis
(only one distributed and one semi-distributed model is considered) prevents from

reaching to a comprehensive conclusion in which, sensitivity-informed
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optimization is preferred over calibrating complex hydrological models with full
and reduced parameter set.

Too frequent updating of sensitivity results in GSA<~DDS method with the
dependent solutions generated by DDS. In DDS, the selected parameters are
perturbed simultaneously. However, updating sensitivity results at each iteration
requires individual perturbation of selected parameters, in which reduces the
performance of DDS algorithm in finding good quality solutions.

VARS—DDS shows no improvement in the efficiency and effectiveness of model
calibration, when the computational budget is limited. The main reason for this
behavior is that in VARS—DDS, the real benefit of sensitivity information is
revealed after a certain number of iterations, as the process of selecting most

sensitive perimeters is probabilistic.

8.4 Recommendation for Future Work

In order to address the mentioned limitations of this research, the following

recommendations should be considered.

It would be advantageous to compare the performance of VARS—DDS with other
advanced single-objective global optimization algorithms such as Shuffle Complex
Evolutionary (SCE) algorithm (Duan et al., 1993).

In order to further validate the results of VARS—DDS, it is best to test this approach
on calibrating different complex hydrological models such as, VIC (Liang et al.,
1994), HBV-96 (Lindstrom et al., 1997) and MESH (Pietroniro et al., 2007) with

applying on various basins across the world.
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The performance of VARS—DDS with the limited computational budget should be
improved. This can be achieved by increasing the efficiency of VARS—DDS by
implementing it in parallel format, and enhancing the accuracy of sensitivity results.
Developing a new method that can update parameter sensitivity indices properly in
GSA<—DDS approach. For instance, one could rerun initial GSA to update the
sensitivity indices after a certain number of iterations. In this way, both accuracy of
sensitivity results and performance of GSA«<>DDS method can be improved.
Developing a new GSA method that is designed for both sensitivity analysis and
optimization. In this way, when GSA is performed at initial iterations, the
performance of DDS is not degraded. For instance, a GSA method that has a
sampling procedure similar to DDS can significantly reduce the initial degradation
in performance of DDS algorithm, in GSA<~DDS and GSA—DDS approaches.
Developing a procedure to update VARS sensitivity indices using the solutions
generated by DDS, would significantly enhance the efficiency of VARS—DDS
method especially when calibrating complex models with limited budget.

The added complexity of hydrological models requires utilization of multi-objective
optimization in model calibration. Thus, GSA toolboxes such as VARS should be
incorporated with efficient multi-objective optimization algorithms such as PA-DDS
(Asadzadeh, 2012), to perform the calibration with multiple performance metrics and
improve the performance of sensitivity-informed model calibration.

To properly identify most sensitive parameters in hydrological model calibration,
VARS should be performed over different time periods (season), as parameters of

hydrological models could become important only during a period of time. For
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example, the sensitivity of model output to snow melt rate parameter significantly
increases during snow melt events. This information can be used by users to properly
define the number of most sensitive parameters in VARS—DDS method that can
further improve the results of this algorithm, as the sensitivity information is added
at i;pg iteration.

In hydrological models with large number of parameters, the roulette wheel
algorithm may mislead VARS—DDS due to the significant difference in parameter
sensitivity index. Hence, utilizing a transformation method to decrease the magnitude
of difference between parameter sensitivity values is recommended. In addition,
among the different transformation methods Box-Cox transformation (Box and Cox,
1964) is desirable, as the degree of transformation can be modified.

To improve the calibration results, VARS—DDS can be performed with different
performance metric or a combination of them to properly increase the focus of

calibration on all aspects of hydrograph (i.e. high flow and low flow events).
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9 Appendix

9.1GSA<~DDS
9.1.1Rastrigin

According to Table 1, the global optimal objective function value of the Rastrigin test
problem with 20 parameters is equal to -20.0 that corresponds to all decision variables equal to
0.0. The performance of Morris<~DDS on Rastrigin function (Figure 30) is similar to Griewank
function. Morris«>DDS show substantial faster convergence than DDS. As an illustration, with
the optimization budget of 1000, DDS found -0.8 as the best function value at the 200" iteration,
while Morris<>DDS found -8.11 at the same iteration. Despite the results of Wilcoxon rank-sum
test (Table 20) that suggest Morris«<>DDS generated different results than DDS (P-value less than
0.05), stochastic dominance graphs (Figure 30c) demonstrate that Morris<>DDS does not improve

the function value substantially, as CDF of DDS and Morris<»DDS almost match each other.

In contrast to Morris<>DDS, Sobol<~DDS shows weaker convergence and final best
solution compared to DDS in minimizing Rastrigin function. To illustrate this, at the budget of
1000, Sobol~DDS found 11 as the best function value at 200" iteration. Moreover, as it is clear
from stochastic dominance graphs, in both budgets, the best solution found by DDS in each trial
significantly dominates the best solution found by Sobol<»DDS. Furthermore, according to the
results of Wilcoxon rank-sum test for the best solution found by Sobol< and DDS (Table 20), the
P-value for both budget is equal to 0.000183, which represents the significant difference between
the results of the two algorithms. In conclusion, although Morris<>DDS shows faster convergence
than DDS and Sobol«»DDS, according to Wilcoxon rank-sum test results DDS is unambiguously

preferred over GSA<—DDS in minimizing Rastrigin.




As Table 21 illustrates, for both optimization budgets the initial and final parameter
sensitivity ranking by Morris method is similar, however, the final (updated) sensitivity ranking
by Sobol is significantly different from Morris and initial Sobol ranking. In fact, the performance
of Sobol«»DDS on Rastrigin function is more degraded compared to Griewank function. This is

due to the higher inaccuracy of updated sensitivity results in Rastrigin.

Table 20. Wilcoxon rank-sum test comparing DDS, Morris<»DDS and Sobol«<»DDS applied to Rastrigin.

Computational Budget Compared Methods P-value H-value
DDS versus Morris«<>DDS 2.57E-02 1
1000 DDS versus Sobol—DDS 1.82E-04 1
L DDS versus Morris«<>DDS 1.83E-04 1
0000 DDS versus Sobol—DDS 1.83E-04 1

Table 21. The average sensitivity rankings for Rastrigin parameters generated by Morris and Sobol
methods with the budget of 5 percent of total optimization cost (most sensitive parameters are shown in
red and least sensitive parameters are shown in blue).

Budget of 500 (5 percent of 10000) Budget of 50 (5 percent of 1000)
Morris Rankings | Sobol Rankings | Morris Rankings | Sobol Rankings
Parameter | Initial Final Initial Final Initial Final Initial Final

1 9 3 13 5 10 2 17
2 4 17 7 2 10 9 17
3 6 13 8 8 15 4 12 14
4 13 18 16 8 7 11
5 8 7 4 15 11 19 15 4
6 16 9 14 18 14 14 9 16
7 7 9 16 13 2 6 13
8 5 15 14 18 14 10
9 19 8 17 6 7 12 3 |
10 15 2 12 13 17 11 10 19
11 11 19 5 5 ‘ 7 9
12 17 14 10 4 16 5 5
13 15 3 19 12 15 11 7
14 3 6 2 11 3 16 19 18
15 2 16 9 2 3 16 6
16 5 19 10 18 s e 3 |
17 10 10 11 3 4 6 8 15
18 12 4 h 12 19 13 13 2
19 18 11 6 17 6 17 4 12
20 14 12 18 7 9 8 18 8
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Figure 30. Convergence and first order stochastic dominance graphs of DDS, Sobol«DDS and
Morris<>DDS applied to the calibration of the Rastrigin function (left side figures show budget of 1000
and right side figures show budget of 10000).




9.2 GSA—DDS
9.2.1Rastrigin

As demonstrated in Figure 31, GSA—DDS illustrates similar performance on Rastrigin
function compared to Griewank function. Both Morris—DDS and Sobol—DDS showed
significantly faster convergence compared to original DDS. The improvement in the convergence
rate is more obvious with the budget of 10000 function evaluations. For instance, both GSA—DDS
methods found the objective value of -19.5 at 1500™" iteration, while DDS found -12 at the same
iteration. In addition, Table 22 shows that the CDFs of the final best solutions found in each trial
by GSA—DDS significantly dominates the CDF of DDS at computational budgets of 1000 and
10000 evaluations with corresponding p-values smaller than 0.05. Therefore, Rastrigin function
also showed that GSA—DDS is preferable over original DDS, and can significantly reduce the

convergence time especially when the optimization budget is in higher order of magnitude.

Similar to Griewank function, the Morris and Sobol methods have generated analogous
sensitivity rankings for most and least sensitive parameters of Rastrigin test function (Table 23).
Thus, Morris—DDS and Sobol—-DDS have similar performances on Rastrigin function.
Nonetheless, due to insufficient GSA budget in 1000 function evaluations, small variation can be
seen between Sobol and Morris rankings. Hence, the improvement in the performance of

GSA—DDS in budget of 1000 is not significant due to less accurate sensitivity results.

Table 22. Wilcoxon rank-sum test comparing DDS, Morris—DDS and Sobol—DDS applied to Rastrigin

Computational Budget Compared Methods P-value H-value
1000 DDS versus Morris—DDS 0.014 1
DDS versus Sobol—-DDS 0.031 1
10000 DDS versus Morris—DDS 5.80E-04 1
DDS versus Sobol—DDS 1.82E-04 1
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Figure 31. Convergence and first order stochastic dominance graphs of DDS, Sobol—DDS and
Morris—DDS applied to the optimization of the Rastrigin function (left side figures show budget of 1000
and right side figures show budget of 10000).




Table 23. The average sensitivity rankings for Rasstrigin parameters generated by Morris and Sobol
methods with the budget of 5 percent of total optimization cost (most sensitive parameters are shown in

red and least sensitive parameters are shown in blue).
Budget of 500 (5 percent of 10000) Budget of 500 (5 percent of 10000)
Morris- Sobol- Morris- Sobol-
Parameter Ranking Ranking Parameter Ranking Ranking

1 9 13 1 5 2

2 4 7 2 10 17

3 6 8 3 15 12

4 13 16 4 8 1]

5 8 4 5 11 15

6 16 14 6 14 9

7 7 9 7 13 6

8 5 15 s [NNENNN]

9 19 17 9 7 3

10 15 12 10 17 10

11 11 5 1 2 7
12 16 5
13 12 11
14 8 19
15 2 16
16 18
17 4 8
18 19 13
19 6 4

20 14 18 20 9 18

9.3 VARS—DDS

9.3.1Griewank and Rastrigin
To verify the sensitivity results produced by VARS toolbox, Morris and Sobol GSA

methods have been applied on Griewank and Rastrigin functions and the sensitivity rankings are
compared. As Table 25 and Table 27 demonstrate, the IVARS, Morris and Sobol rankings for both

Griewank and Rastrigin functions have similarly identified the four most sensitive parameters.

Vi



Thus, the analogous ranking of VARS, Morris and Sobol verify their performance in calculating

parameter sensitivity of Griewank and Rastrigin functions.

The performance of VARS—DDS, DDS, and DDS-Reduced in minimizing Griewank and
Rastrigin functions with respect to four most sensitive parameters are evaluated. In DDS-Reduced,
the four most sensitive parameters identified by VARS are considered for perturbation, while other
parameters were kept constant at their mean values. According to the number of most sensitive
parameters, in VARS—DDS, the i;pg iterations are respectively equal to 250 and 1580 for the

budget of 1000 and 10000 function evaluations.

In general, the performance of VARS—DDS on both Griewank and Rastrigin functions is
similar. According to Figure 32 and Figure 33, no significant improvement in the results of
VARS—DDS in terms of convergence and final best solutions can be seen. In Griewank, when
the budget is 10000, slight improvement in the convergence rate is visible. However, it cannot be
concluded from stochastic dominance graph (Figure 32c) that the CDF of VARS—DDS is able to
stochastically dominate the CDF of DDS. Moreover, in Rastrigin function, (Figure 33) at the

computational budget of 10000, VARS—DDS stochastically dominate DDS.

Nevertheless, it is clear from the results that regardless of computational budget, in both
Griewank and Rastrigin functions, DDS-Reduced showed substantially better convergence
compared to VARS—DDS and DDS. The CDF graphs for both Rastrigin and Griewank functions
illustrate that DDS-Reduced stochastically dominants DDS and VARS—DDS. The main reason
for the weaker performance of VARS—DDS compared to DDS-Reduced is that both Griewank
and Rastrigin functions are not designed for sensitivity analysis, thus, the actual sensitivity index
of parameters are very similar to each other. The similarity in the sensitivity indices prevents

VARS—DDS to improve the convergence rate and final best solution.
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Figure 32. Convergence and first order stochastic dominance graphs of DDS, DDS-Reduced and
VARS—DDS applied to the optimization of Griewank test function (left side figures show budget of
1000 and right side figures show budget of 10000).
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Figure 33. Convergence and first order stochastic dominance graphs of DDS, DDS-Reduced and
VARS—DDS applied to the optimization of Rastrigin test function (left side figures show budget of 1000
and right side figures show budget of 10000).




The Wilcoxon rank-sum test for Griewank and Rastrigin functions (Table 24 and

Table 25) confirm the results of stochastic dominance graphs. For Griewank function at
the budget of 10000, the pairwise comparison of the best solutions generated by VARS—DDS,
DDS and DDS-Reduced are significantly different as the P-values are less than 0.05. However,
since VARS—DDS does not stochastically dominate DDS and DDS-Reduced, it is not preferred

in optimizing Griewank.

On the other hand, when minimizing Rastrigin with the budget of 10000, the CDF of
VARS—DDS stochastically dominates the CDF of DDS, and the corresponding P-value is less
than 0.05. Thus, VARS—DDS is preferred over DDS in minimizing Rastrigin function.
Nevertheless, it is worth mentioning that in both computational cost (i.e. 1000 and 10000
evaluations) DDS-Reduced is significantly better than DDS and VARS—DDS in optimizing
Rastrigin and Griewank functions as the P-values for the pairwise comparison of the CDFs are
substantially lower than 0.05. Hence, according to stochastic dominance graphs, since DDS-

Reduced dominates both DDS and VARS—DDS, it is unambiguously preferred.

Table 24. Wilcoxon rank-sum test comparing DDS, DDS-Reduced and VARS—DDS for Griewank.

Computational Budget Compared Method P-value H-value
DDS versus VARS—DSS 0.0113 1
10000 DDS versus DDS-Reduced 1.83E-04 1
DDS-Reduced versus VARS—DSS 1.83E-04 1
DDS versus VARS—DSS 0.9698 0
1000 DDS versus DDS-Reduced 1.83E-04 1
DDS-Reduced versus VARS—DSS 1.83E-04 1

Table 25. Wilcoxon rank-sum test comparing DDS, DDS-Reduced and VARS—DDS for Rastrigin.

Computational Budget Compared Methods P-value H-value
DDS versus DDS-VARS 0.0091 1
10000 DDS versus DDS-Reduced 1.72E-04 1
DDS-Reduced versus DDS-VARS 1.72E-04 1
DDS versus DDS-VARS 0.9698 0
1000 DDS versus DDS-Reduced 1.83E-04 1
DDS-Reduced versus DDS-VARS 1.83E-04 1




Table 26. Average sensitivity rank of Griewank parameters by VARS, Morris and Sobol methods with
1000 model evaluations (most and least sensitive parameters are highlight in red and blue, respectively).

Parameter | IVARS10 | IVARS20 | IVARS30 | IVARS40 | IVARS50 | Morris Sobol
1 15 15 15 15 15 7 8
2 6 3
3 12
4 3 3 3 3 3
5 9 9 9 9 9 9 13
6 10 10 10 10 10 14 17
7 18 18 18 18 18 8 15
8 6 6 6 6 6 17
9 4 4 4 4 4 10

10 11 11 11 11 11 11 12
11 12 12 12 12 12 4 4
12 16 16 16 16 16 19 19
13 5 5 5 5 5 3 5
14 18 7
15 8 8 8 8 8 13 16
16 13 13 13 13 13 11
17 17 17 17 17 17 16 18
18 14 14 14 14 14 5 9
19 19 19 19 19 19 10 14
20 7 7 7 7 7 15 6

Table 27. Average sensitivity rank of Rastrigin parameters by VARS, Morris and Sobol methods with
1000 model evaluations (most and least sensitive parameters are highlight in red and blue, respectively).

Parameter | IVARS10 | IVARS20 | IVARS30 | IVARS40 | IVARS50 | Morris | Sobol
3
4
5 19 4
6 17 17 17 17 17 14 16
7 6 6 6 6 6 13
8 19 19 19 19 19 18 10
9 12
10 14 14 14 14 14 11 19
11 10 10 10 10 10 9
12 4 4 4 4 4 5
13 5 5 5 5 5 15 7
14 11 11 11 11 11 16 18
15 13 13 13 13 13 3 6
16 16 16 16 16 16 5 3
17 8 8 8 8 8 6 15
18 3 3 3 3 3 13 |2
19 7 7 7 7 7 17 12
20 9 9 9 9 9 8 8
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