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Abstract

A calibration procedure is essential step to achieve a realistic model simulation particularly in hydrological model which
simulates water cycle in the basin. This process is always faced with challenges due to selection of objective function and
highly time-consuming. This study aimed to take advantage of parallel processing to accelerate the computations involved
with simulation process of hydrologic model linked with the multi-objective optimization algorithm of AMALGAM for
multi-site calibration of SWAT hydrologic model parameters. In order to illustrate how meaningful SWAT model calibra-
tion trade-off between the four objective functions involved in AMALGAM optimization program, the Pareto solution sets
were provided. Furthermore, it is implemented a group of model runs with a number of cores involved (from one to eight)
to demonstrate and evaluate the running of parallelized AMALGAM with taking advantages of “spmd” method to decrease
the running time of the SWAT model. The results revealed the robustness of the method in reducing computational time of
the parameter calibration significantly. This strategy with 4-objective functions focuses on high streamflow (Nash—Sutcliffe
coefficient), low streamflow (Box—Cox transformed root—-mean—square error), water balance (runoff coefficient error), and
flashiness (slope of the flow duration curve error) provided an efficient tool to decide about the best simulation based on the
investigated objective functions. This study also provides a strong basis for multi-objective optimization of hydrological and
water quality models and its general analytical framework could be applied to other parts of the world.
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Introduction

Hydrological and water quality models are used frequently
by hydrologists and water resources managers to assess the
hydrological variables and understand and manage natural
and anthropogenic systems (Zhang et al., 2008; Wu et al.
2013; Afshar and Hassanzadeh 2017; Hemmat Jou et al.
2019) are not only the viable alternatives to field monitor-
ing of watershed scale processes but are critical to aid in
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evaluating various scenarios of climate, land use, and best
management practices. These numerical models are becom-
ing sophisticated and more complex with increasing input
data and parameter requirements to represent the field condi-
tions over large areas and thus requiring increasing the com-
putational demand (Sharma et al. 2006; Vaze et al., 2011).
As the spatial and temporal precise of a model prediction is
enhanced, it essentially needs more computational power
which may be due to high-dimensional parameters or model
complexity (Beck 1999; Brun et al. 2001; Newman et al.
2017). On the other hand, model calibration and validation
procedures need so many of model simulations which lead to
more executing time and therefore, reduces speed of model
running.

Many studies have attempted to find optimal solutions
to overcome the above-mentioned issues, and various con-
cepts and techniques have been introduced (Yapo et al. 1998;
Zhang et al., 2008; Wu et al. 2013; Li et al. 2015; Her et al.,
2015; Newman et al. 2017, Hemmat Jou et al. 2019). Most
of the existing solutions have focused mainly on the use
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of different single-objective optimization methods. How-
ever, practical experiences revealed that majority of single
goal functions is not able to take into account all aspects
of observed data properly (Yapo et al. 1998; Vrugt et al.,
2003; Kollat et al., 2012; Liu et al., 2016). Thus, there is an
essential need to take advantage of multi-objective optimiza-
tion as an efficient calibration procedure to be able extract-
ing the effective information contained in the observed data
time series. The advantages of multiple-objective calibration
are discussed by Gupta et al. (1998) for the first time, and
they proved that such schemes are applicable and desirable
for calibrating most of hydrological and water quality mod-
els. Subsequently, numerous studies have concentrated on
multi-objective frameworks to calibrate rainfall-runoff mod-
els (Seibert 2000; Cheng et al. 2002; Madsen et al. 2002;
Vrugt et al., 2003; Shafii and Smedt 2009; Zhang et al. 2010;
Rajib et al. 2016; Werstuck and Coulibaly 2017; Zhang et al.
2017).

Over past recent years, various algorithms have been
developed and evaluated the multi-objective optimization
issues in hydrological modeling researches (Vrugt et al.,
2003; Zhang et al. 2010; Kollat et al., 2012; Pfannerstill
et al. 2017; Kan et al. 2017; Mousavi et al. 2017). Adapt-
ability and flexibility of the evolutionary algorithms (EAs) in
locating the global optimum make them to be more popular
in different optimization problems (Thyer et al. 1999; Mad-
sen et al. 2002; Her et al., 2015; Hosseini-Moghari et al.,
2017; Qu et al. 2018). These algorithms are useful in finding
the best solutions near the optimal solutions especially in a
high-dimensional parameter space and complicated system,
although they usually involved with many trials as an impor-
tant issue and more time-consuming and computational cost
than the deterministic methods (Her et al., 2015). Thus, the
improvement in finding the optimal solutions usually is leads
to increase the computational time. Since EAs work with
huge starting population size, then, the optimization pro-
cesses face with a major challenging problem especially in
distributed or semi-distributed rainfall-runoff models like
SWAT with large number of parameters (Rong et al. 2023;
Wu et al., 2023; Eckhardt and Arnold 2001; Lin and Rad-
cliffe 2006; Her et al., 2015; Piotrowski 2017). Therefore,
the choosing an efficient and effective optimization frame-
work in a complex model (e.g., SWAT) is becoming a criti-
cal issue to decrease the running model time. For instance,
Hashemi Aslani et al. (2023) established a connection
between the SWAT model and MOPSO as a multi-objective
optimization algorithm. Their study aimed to minimize vari-
ous objective functions, such as the number of best manage-
ment practices and nitrate concentration, while considering
different scenarios.

Several researchers have tried to improve the compu-
tational efficiency of optimization algorithms by utilizing
parallel computing strategies (Waintraub et al. 2009; Tu
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and Liang 2011; Her et al., 2015; Peng et al. 2017; Kan
et al. 2017). Parallel computing as a technique take advan-
tage of simultaneous running of multiple calculations with
multi-core processor to run program faster (Li et al. 2011;
Wu et al. 2013; Kan et al. 2017). Since the parallelizing
the model structure is related to programming, then, it is
involved with much knowledge of/familiarity with some
modification in model coding. In such a way, separate
CPU cores are be able to run each individual simulation.
Therefore, as the complexity of hydrologic models, par-
ticularly in the context of calibrating distributed watershed
hydrologic models, continues to grow, parallel computing
emerges as a promising approach to address this challenge
(Asghari et al., 2023).

This paper aims to present an application of A Multi-
Algorithm, Genetically Adaptive Multi-objective knows
as AMALGAM (Vrugt and Robinson 2007) for multi-
objective calibration of SWAT (soil and water assessment
tool) model, a widely applied hydrological model (Arnold
et al. 1998). In most studies, calibration of SWAT model is
performed using single-objective optimization algorithms
(i.e., SUFI-2, genetic algorithm, particle swarm optimiza-
tion algorithm) with the parameter estimator software like
SWAT-CUP (Abbaspour 2011). The sum of squared (SS)
differences between the measured and predicted river dis-
charges is the famous single-objective function to be mini-
mized in most of the optimization algorithms. However,
this criterion is used mostly to be biased for high river
flows (Shafii and Smedt 2009). A proper alternative could
be the use of log-transformed flow values to emphasize
low flows; however, this may also result to various optimal
parameter sets as well as a dilemma creation for selecting
the best parameter set for the user. Multi-objective formu-
lation (here AMALGAM) builds on Van Werkhoven et al.
(2009) can consider all aspects of a hydrograph containing
of flashiness, water balance, low flows, and peak flows.
Adding water balance and flashiness to the objectives pro-
vides further useful information about catchments behave
and how accurately the model adjusts this behavior. This
highly efficient algorithm has found versatile applications
within the hydrological community. Notably, Shin et al.
(2023) employed it to enhance ensemble prediction accu-
racy, while Pourreza-Bilondi et al. (2022) and Vargas et al.
(2023) achieved success in employing AMALGAM for
improving the prediction of destructive floods and enhanc-
ing streamflow routing characteristics, respectively.

Then, this study aimed to demonstrate how to parallel-
ize multi-algorithm AMALGAM to make running of SWAT
hydrological model faster on a windows platform with mul-
tiple CPU cores. The results of this study are expected to
provide valuable information for hydrological model practi-
tioner, experts and especially the decision makers for better
insights of watershed behavior.
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Method
Hydrological model

The hydrological SWAT model, developed by Arnold
et al. (1998), is a catchment scale tool for estimating long-
term effects of land management on water resources, and
agricultural chemical yields in large complex un-gauged
basins with different management conditions and vary-
ing land uses and soils (Arnold et al. 1998; Onusluel Gul
and Rosbjerg, 2010; Khoi and Suetsugi 2012; Leta et al.
2017; Molina-Navarro et al. 2017; Hassanzadeh et al.
2019). It is a conceptual, semi-distributed, continuous-
time, and physical-based model which operates on yearly,
monthly, and daily time steps (Neitsch et al., 2011) and is
used widely for water resources management and hydro-
logical modeling. The water balance formulation in soil
profile is the main equation of this hydrology model where
all important processes including surface runoff, infiltra-
tion, lateral flow, precipitation, evapotranspiration, and
percolation are simulated (Bouraoui et al. 2005; Neitsch
et al., 2011). All other related eco-hydrological processes
(such as vegetation growth, water flow, and land use and
water management) are also integrated at sub-basin spatial
scale by SWAT. The study area is divided into a multiple
sub-basins which are characterized by one or more HRUs
(hydrologic response units) where each consists of homo-
geneous soil characteristics, slope, and land use. During
the simulation processes, the vertical flows of water and
nutrients are first calculated in HRUs (as the smallest spa-
tial units), and then, it is aggregated and summed for each
sub-catchment. Also predicted surface flows, sediments,
pesticides, and chemicals for each HRU aggregated and
routed to the watershed outlet. Furthermore, two variable
storage and Muskingum routing methods can be performed
for water flow to be routed through the channel network
(Arnold et al. 1998; Neitsch et al., 2011; Khoi and Suet-
sugi 2012; Kalogeropoulos and Chalkias 2013; Leta et al.
2017; Marhaento et al. 2017).

The main components of water balance equation for
each HRU are storage volumes of snow, soil profile (0-2
m), shallow aquifer (typically 2-20 m), and deep aquifer
(>20 m) (Arnold et al. 1998). The peak discharge values
are determined with a modified rational method (Chow
et al. 1988). Several processes including surface plant
uptake, lateral flow, surface runoff, infiltration, percola-
tion, and evaporation involved with to lower layers (Nei-
tsch et al., 2011). Lateral flow which is predicted with
kinematics storage routing depends on the several factors,
including slope length, degree of slope, and saturated
hydraulic conductivity in each soil layer (Arnold et al.
1998). By creating shallow aquifer storage, the proportion

of ground water flow to total river flow is accounted
(Arnold and Allen 1996). Also, the shallow aquifer
recharge is supposed to be equaled with the percolation
from the bottom of the root zone. To estimate potential
evapotranspiration, three different methods including Har-
greaves, Priestley-Taylor, and Penman—Monteith methods
can be used (Arnold et al. 1998).

Optimization algorithms
AMALGAM

AMALGAM (Vrugt and Robinson 2007) takes advantage
of the attributes of four different evolutionary optimiza-
tion algorithms including Particle Swarm Optimization
(PSO), Genetic Algorithm (GA), Adaptive Metropolis
Search (AMYS), and Differential Evolution (DE) (Storn and
Price 1997; Haario et al. 2001; Deb et al. 2002). First step
in AMALGAM is to create a random initial parameter
set (initial population) P; of size of N which is created by
Latin Hypercube Sampling (LHS) method. For each sam-
ple P;, fast non-domination sorting operator is applied to
assign a rank. A proposal population }_’i of size N is then
generated by carrying each possible algorithm out within
AMALGAM to create a pre-speciuding Genetic Algorithm
(GA), N = {N!,N?, ... N}, from P;. By using the fast non-
domination sorting operator, the best N solutions within
R, =P;U f’i are selected into P, |, which is produced by the
multi-method search and adaptive offspring creation method
repeatedly until stopping criteria is satisfied (i.e., reach to
maximum number of iteration). The AMALGAM key pro-
cedures are the self-adaptive offspring creation and simul-
taneous multi-method search. In the current study, NSGA-
IL, PSO, DE, and AMS algorithms were integrated into the
AMALGAM following the study of Vrugt and Robinson
(2007). The number of offspring points generated by each
algorithm ({N!,N?, ... N*}) is updating based in Eq. (1) as
follows:

X(Of/Nz{(q)/(g % Nin—l> M

where Ok is the corresponding number in the previous gen-
eration, and of / Nk shows the proportion of new population

(Vrugt and Robmson 2007). The minimum value for Nk is5
and N! = N2 = ... = Nt =N/

Multi-objective calibration functions
To provide additional hydrological information about

watershed behavior and to investigate how carefully the
model simulate this behavior, like Kollat et al. (2012),
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four different objective functions emphasizing on different
aspect of streamflow values were employed to be optimized
simultaneously:

Nash-Sutcliffe coefficient (NSC)

The NSC coefficient (Nash and Sutcliffe 1970) (Eq. 2) is
widely used as a most common calibration objective to
emphasize on the peak flow errors and indicates how well
the plots of the observed versus the estimated flow values
fits 1:1 line.

@

Z?:] Qot - Qo

where Q,, is the measured discharge at time ¢, Q,, shows the
predicted discharge at time ¢, and én is the mean observed
flow value during the calibration processes. NSC ranges
from —oo to 1 (optimal), where the closer the NSC to 1, the
more accurate the model is.

NSC =1 — lz,=1 Qst - Qut]

Runoff coefficient percent error (ROCE)

The ROCE objective function is calculated using the fol-
lowing equation:
-
ROCE = + D S _
Yiilo
y=1 o

1| % 100 3)

where st is the annual mean simulated river discharge, and
Q, is the annual mean observed river discharge. The mean
annual is calculated using Y years of calibration period data.

Transformed root-mean-square error (TRMSE)

Our third calibration objective function involved the
Box—Cox transformation of low discharge errors (Box and
Cox 1964), abbreviated as TRMSE (Eq. 4):

N

1 2 A2
TRMSE = ﬁ Z (Qst - Qot) “
=1
A (1+07-1
pUFo -1 ©)
A
where Q,, is the measured discharge transformed by

Box—Cox at time step ¢ where A=0.3, and Qv is the predicted
discharge transformed by Box—Cox at time t, and N shows
the number of calibration time steps. The summation is done
over time from 1 to N. The Box—Cox transformation also
causes to reduce the effects of heteroscedasticity in addition
to the emphasizing low-flow periods.

@ Springer

Slope of the flow duration curve (SFDCE)

The SFDCE shows the flashiness of a basin which consid-
ers minimizing the slope of flow duration curve (Eq. 6):

SFDCE = | 2267 = Coas _ 41 09 )

067% — Qo33%

where Q ¢74 and Q 334 are the 67th and 33rd percentile of
the simulated flows, respectively. Likewise, Q,, 674, and Q,, 334
are the 67th and 33rd percentiles of the observed flows,
respectively.

Parallel computing

The parallel computing has been used in parameter cali-
bration process of SWAT model (SWAT 2012 as a pub-
lic domain model) in order to test its effectiveness and
efficiency. The primary difference between parallelized
and non-parallelized AMALGAM algorithms is how
they utilize processing resources. Parallelized versions
take advantage of multiple cores or threads to speed up
optimization tasks, while non-parallelized versions per-
form these tasks sequentially with a single processing
core. The choice between the two depends on the specific
optimization problem, available hardware resources, and
the need for computational efficiency. For our study area
(the Kashafrood River watershed), 20 hydrologic SWAT
parameters (Table 1) were calibrated to monthly stream-
flow measurements made using the proposed parallel com-
puting method. These parameters were finalized based on
sensitivity and uncertainty analysis (Afshar et al., 2018);
hence, best model performance and acceptable uncertainty
in the SWAT modeling may be provided through obtained
parameter combination (Her et al., 2015; Abbaspour et al.,
2017; Molina-Navarro et al. 2017).

The four objective functions described earlier were
used as the objective functions to quantify the agreement
between the monthly simulated and observed streamflow.
Then, the high-dimensional parameter feasible space was
explored by AMALGAM to locate the global optimum
parameter value set that maximized and/or minimized the
objective functions. Then, the SWAT model is linked with
the AMALGAM multi-objective optimization algorithm.
The optimization process was continued until the prede-
fined termination criteria were satisfied. In this study, the
maximum number of function evaluations generated by
AMALGAM (equaled by 6000) was defined as the stop-
ping criteria. Initial population consists of 64 individu-
als sampled through Latin Hypercube Sampling (LHS)
method, and hence, it needs to be generated 100 times.
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Table 1 Description of the

. Parameter Description Min Max

SWAT input parameters

selected for the discharge *r_CN2.mgt Curve number for moisture condition IT 0.197 0.281

calibration *v_GW_DELAY.gw Ground water delay time 132.7 159
v_ALPHA_BF.gw Base flow alpha factor 0 0.08
r__SOL_AWC.sol Available water capacity of the soil layer 0.21 0.28
r__SOL_K.sol Saturated hydraulic conductivity -0.32 -0.15
r__SOL_BD.sol Moist bulk density -0.167 —0.095
v_GW_REVAP.gw Groundwater “revap” coefficient 0.085 0.115
v_SHALLST.gw Initial depth of water in the shallow aquifer 460.8 510.5
v__RCHRG_DP.gw Deep aquifer percolation fraction 0.229 0.32
v_EPCO.hru Plant uptake compensation factor 0.29 0.41
v_ESCO.hru Soil evaporation compensation factor 0.41 0.501
r_SLSUBBSN.hru Average slop length 96.5 109.5
v_CH_N2.rte Manning’s “n” value for the main channel 0.102 0.13
v_CH_K2.rte Main channel conductivity 101.5 114
v__SFTMP.bsn Snowfall temperature —1.81 -1
v__SMTMP.bsn Snow melt base temperature -1.92 -0.95
v__SMFMN.bsn Melt factor for snow on December 21 7.5 8.95
v__TIMP.bsn Snowpack temperature lag factor 0.5 0.7
v__SURLAG.bsn Surface runoff lag coefficient 9.6 12.2
r__ PCPMM.wgn Average or mean total monthly precipitation —-0.325 -0.177
“r _: means the existing parameter value is multiplied by (1+a given value), and v_: denotes the default
parameter is replaced by a given value

Case study precipitation and temperature values, were obtained from the

Study area and model setup

The Kashafrood River is a main branch of the Kashafrood
watershed in the northeastern of Iran. The watershed area
is about 16,870 km?. The Kashafrood River catchment, the
topography, the location of gauging and meteorological sta-
tions, and stream network are showed in Fig. 1. This basin is
highly mountainous with elevations ranging from about 391
to 3234 m. The mean annual precipitation and temperature
of the catchment are about 340 mm and 13.85 °C, respec-
tively (Afshar et al., 2017). Predominant land use of the
basin is being pasture (50.9%), while the other half consists
mainly of agricultural land-generic (28.6%), winter wheat
(15.6%), forest, urban and water body (4.9%) areas.

Digital elevation model (DEM), with a grid size of 30 m,
stream network coverage, land use, soil map, and climate
data is enclosed as the basic input data to SWAT. Stream
network creation was carried out in the environment of Arc-
GIS as a DEM map product. Soil data including sand, silt
and clay contents, rock fragment content, organic carbon
content, soil electrical conductivity (EC,), water content,
porosity, bulk density, saturated hydraulic conductivity (Ks),
and soil hydrologic groups were obtained from the soil map
prepared by the State Soil Geographic (STATSGO) (USDA,
1994) at a scale of 1:250,000. Climate data, including daily

precipitation and air temperature stations in the study for a
period of 20 years (1992-2011). Figure 2 shows the input
maps (soil and land use) to SWAT.

After inputting the soil, slope, and land use maps into
the model, each sub-basin is divided into a series of homog-
enous hydrological response units (HRU). In this study,
the basin was subdivided into 217 sub-basins and 635
HRUs. In this study, the watershed was studied for a period
1998-2011, where the first 3 years were considered as a
warm-up. The calibration periods was also consisted of 11
years (2001-2011) for runoff data in four hydrometric sta-
tions which is shown in Fig. 1.

Computer configuration

When implementing this calibration algorithm, the simula-
tion speed depends mainly on the computer configuration.
In this study, an ordinary PC (personal computer) was used
to evaluate the running time of the parallelized and non-
parallelized AMALGAM algorithms for the calibration of
SWAT model. This computer type is widely used in various
regions globally, with the following configuration details: It
features an Intel (R) Core i7 duo-2.2 GHz CPU, comprising
7 physical cores and 8 logical cores. It is equipped with 8GB
of RAM and operates on a 64-bit Windows 10 operating
system. The total time needed for completing computational
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Fig.2 Input maps to the SWAT models (land use, and soil maps)

tasks of solving the optimization problems using each par-
allelized and non-parallelized AMALGAM algorithm was
recorded. The calculated speedup ratio was incorporated as
a surrogate measurement of the parallelization efficiency.
The entire process, which involves setting up a hydrologi-
cal SWAT model and integrating it with parallel computing

@ Springer

through AMALGAM algorithm, is represented as a sche-
matic map in Fig. 3.

It is important to highlight that the coupling of SWAT
and AMALGAM, as depicted in Fig. 3, is accomplished
through a batch file. This file simultaneously edits model
parameter values for all Hydrologic Response Units (HRUs)
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through SWAT, runs the model, and subsequently extracts
the required output for objective function calculations. The
entire process is coded in MATLAB and can be made avail-
able to interested readers upon request.

Results

AMALGAM Parallelization

To demonstrate and evaluate the running of the parallelized
AMALGAM, we equipped several model that runs with a
number of cores (worker) involved (from one to eight). The
developed parallelized AMALGAM algorithm for the cali-
bration of SWAT model illustrated that less time is needed
for a model calibration in comparison with non-parallelized
AMALGAM algorithm due to more CPU cores involvement
in the calibration processes. In addition, the reaching to a
less time for model calibration, more CPU cores should be

involved with meaning the degree of speed up diminishes
for every increased core. It is observed that an eight-pro-
cessor run can reduce time by about 6% compared to a six-
processor run. Nevertheless, parallelization of AMALGAM
algorithm can reduce the time required for both manual and
automatic calibrations substantially. In a similar study, Wu
et al. (2013) reported that in the parallelization of SWAT
model by using the message passing interface method, the
execution time can be reduced by 42—-70% while using mul-
tiple processes (two to five) with a proper task-distribution
scheme (between the master and slave processes). Her et al.
(2015) assessed the performance of two parallel computing
methods, ‘spmd’ and ‘parfor,” for improving consuming time
efficiency in solving optimization problems in hydrologic
modeling applications. They clearly demonstrate effective-
ness of the mentioned methods in reducing computational
time of the parameter calibration. In this study, we utilized
the benefits of the ‘spmd’ method to significantly reduce the
runtime of the SWAT model by up to 45% when compared
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to standard execution, which does not involve parallel
processing.

AMALGAM pareto front

In order to illustrate how meaningful SWAT model calibra-
tion trade-off among the four objective functions involved in
our AMALGAM optimization program, the Pareto solution
set is provided (Figs. 4, 5, 6 and 7). In this figures, the hori-
zontal and vertical axes are the TRMSE and ROCE objec-
tive functions, respectively. The size and color of the circles
specified in these graphs contain the values of the NSE and
SFDCE functions, respectively. The size and color of the

circles specified in the graphs also contain the NSE and
SFDCE function values, respectively. In addition, the two
horizontal and vertical axes at all stations were considered
similarly for a better comparison. The R programming envi-
ronment was used to draw these figures to simultaneously
visualize the values of the four investigated objective func-
tions, and thus, the presentation of 2-D and 3-D (containing
of two or three objectives) plots was discarded.

In results, almost in all station, the two objective func-
tions of NSC and TRMSE will never reach to their opti-
mum values (i.e., NSC=1.00 and TRMSE =0.00) while
other two investigated objective functions (i.e., ROCE and
SFDCE) may achieve their optimal values of zero. The best
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Fig.7 Pareto front of four objectives for ZIRBAGOL station

simulation based on the TRMSE objective function is related
to the HESDEHB hydrometric station. Furthermore, the best
hydrologic model response based on the ROCE function
is assigned to the SARASSHA and ZIRBAGOL stations;
however, ZIRBAGOL has the lowest (best) values of the
SFDCE function depicting the least error in simulating the
flow duration curve. This outcome could be originated from
greater water discharge values of this station comparing to
the other. If NSE function was considered as goal function
separately, it may be concluded that the simulated discharge
values in SARASSHA and ZIRBAGOL are ranked, respec-
tively. Since ROCE and SFDCE functions focus on water
balance and do not take into consideration the high- and

low-flow rates, these two objective functions values can
inherently compensate the observed error values in over-
estimated discharge values by lower estimating the other
predicted discharge values.

The high density of the Pareto front points in SARAS-
SHA and ZIRBAGOL stations is seen clearly so that all
points are within a certain and close range. In the other
two stations, however, the Pareto front occupies a wide
range of ROCE values. The high conformity of the ROCE
values with the NSE objective function values is also note-
worthy. The NSE and SFDCE objective functions were in
contradiction, and their variations were not in a direction.
As it is seen, the increase in NSE (the improvement of this
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Table2 Average of non-dominated Pareto fronts values for the four
objective functions in all stations

Station name Target function

NSC TRMSE ROCE SFDCE
HESDEHB 0.671 0.152 0.044 8.646
KARTIAN 0.609 0.193 0.046 12.217
SARASSHA 0.730 0.221 0.004 7.447
ZIRBAGOL 0.682 0.282 0.010 3.135

NSC Nash-Sutcliffe coefficient, TRMSE transformed root—mean—
square error, ROCE runoff coefficient percent error, and SFDCE
slope of the flow duration curve

function) is accompanied by an increase in the SFDCE
(the deterioration of this function).

Multi-objective simulation

Since a multi-objective calibration has been performed
in several stations in this research, an efficient tool is
available to decide about the best simulation based on the
investigated objective functions. The obtained results from
the Pareto fronts are summarized in Table 2.

In this table, the average of non-dominated Pareto front
values for all four objective functions is shown where the
best values of each function also are highlighted. Gener-
ally, this table depicts that the model had the best simula-
tion performance slightly at the SARASSHA station where
the two objective functions of NSC and ROCE have a sig-
nificant difference compared to the rest. In addition, the
values of other two objective functions, which are assigned
to the HESDEHB and ZIRBAGOL stations, have a neg-
ligible difference with the SARASSHA station. Since the
SARASSHA station is located in upstream of the basin,
the river regime is more natural with slightest handicap
by humans as well as other factors. For this reason, only
this station could be considered in connection with social
hydrology, which has recently been taken into account in
hydrology community.

Figure 8 compares the simulated and observed dis-
charge values relative to the best values for each target
function in all hydrometric stations. The SARASSHA sta-
tion with the highest NSC value has the best simulations
for the relatively high discharge to peak values, which is
expected due to the behavioral nature of the NSC func-
tion. In fact, this function attempts to eliminate the error
by minimizing the differences between the simulated and
observed high discharge values.

@ Springer

Conclusions

This paper aimed to take advantage of parallel process-
ing to accelerate the computations involved with simu-
lation process of a semi-distributed hydrologic model,
(i.e., SWAT) linked with a multi-objective optimization
algorithm (AMALGAM) for multi-site calibration of a
mountainous watershed. All parallel processing materials
(SPMD method) and linkage between SWAT and AMAL-
GAM were coded in MATLAB, and running process was
carried out to obtain the results. Also, presentation of 4-D
plot containing of four objective functions was achieved
through coding in R environment.

Finally, the main finding of this paper can be summa-
rized as follows:

1 Because the parallelized AMALGAM with SWAT
model may reduce the execution time of a non-paral-
lelized model run, it can substantially reduce the time
required for automatic parameter calibrations. In addi-
tion, the parallelized AMALGAM algorithm presented
herein for calibration of SWAT model as an example can
be useful and simply carried out for calibration of other
hydrological and water quality models.

2 A four objective optimization strategy focusing on high
flows (NS coefficient), water balance measure (involved
with runoff coefficient error), low flows (Box—Cox trans-
formed root-mean—square error), and flashiness (slope
of the flow duration curve error) was applied to cali-
brate SWAT model using multi-algorithm optimization
AMALGAM. The high conformity of the ROCE val-
ues with the NSE objective function values is seen in
4-D pareto front plots. On the other hand, the NSE and
SFDCE objective functions were in contradiction and
their variations were not in a same direction.

3 Asamain finding of this research, it could be concluded
that best simulation with considering of all four objec-
tives is belonged to SARASSHA station which is located
in upstream which the river regime is more natural with
slightest handicap by humans as well as other factors.
For this reason, only this station could be considered in
connection with social hydrology, which has recently
been taken into account in hydrology community.

4 It can be deduced that when the optimal values for
all four objective functions converge within a specific
region, as observed, for instance, at the SARASSHA
station, and when the Pareto fronts closely overlap, the
outcomes generated by the multi-objective algorithm
do not significantly deviate from those produced by the
single-objective algorithm.



Applied Water Science (2023) 13:241

Page 110f 13 241

HESDEHB

. = g
o vk v N WL

Discharge (m3/s)
o

N

Discharge (m3/s)
o -
o U B U N U W

~——Observed ——Simulated

Time (Month)
SARASSHA ~——Observed ——Simulated

3.5
=z 3
B 25
3 2
2
15
S 1
2
A 05

0
Time (Month)
ZIRBAGOL ——Observed ——Simulated

5
54
£
< 3
2
=2
=
ol
Z1
a

0

Time (Month)

Fig.8 Simulated and observed discharge values in all hydrometric stations based on the best values for each objective function

Funding The authors received no specific funding for this work.
Declarations
Conflict of interest All authors declare no conflict of interest.

Ethical approval We are committed to transparency and compliance
with COPE guidelines, and we believe that the provided statement
aligns with the journal's requirements.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article's Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not

permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

Abbaspour KC (2011) Swat-cup4: swat calibration and uncertainty
programs—a user manual. Swiss Federal Institute of Aquatic Sci-
ence and Technology, Eawag. 106, 106

Abbaspour KC, Vaghefi SA, Srinivasan R (2017) A guideline for suc-
cessful calibration and uncertainty analysis for soil and water
assessment: a review of papers from the 2016 international swat
conference. Water. https://doi.org/10.3390/w 10010006

Aghakhani AA, Hassanzadeh Y, Pourreza-Bilondi M, Ahmadi A
(2018) Analyzing long-term spatial variability of blue and
green water footprints in a semi-arid mountainous basin with
miroc-esm model (case study: Kashafrood river basin, iran).

@ Springer


http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3390/w10010006

241 Page120f13

Applied Water Science (2023) 13:241

Theor Appl Climatol 134:885-899. https://doi.org/10.1007/
s00704-017-2309-0

Afshar AA, Hassanzadeh Y (2017) Determination of monthly hydro-
logical erosion severity and runoff in torogh dam watershed basin
using swat and wepp models. Ijst-T Civ Eng 41:221-228. https://
doi.org/10.1007/340996-017-0056-1

Arnold JG, Allen PM (1996) Estimating hydrologic budgets for three
illinois watersheds. J Hydrol 176:57-77. https://doi.org/10.1016/
0022-1694(95)02782-3

Arnold JG, Srinivasan R, Muttiah RS, Williams JR (1998) Large area
hydrologic modeling and assessment part i: model development
1. J Am Water Resour Assoc 34:73-89

Asgari M, Yang W, Lindsay J, Shao H, Liu Y, Miranda RDQ, Dehnavi
MM (2023) Development of a knowledge-sharing parallel com-
puting approach for calibrating distributed watershed hydrologic
models. Environ Model Softw 164:105708

Beck MB (1999) Coping with ever larger problems, models, and data
bases. Water Sci Technol 39:1-11. https://doi.org/10.1016/S0273-
1223(99)00048-7

Bouraoui F, Benandallah S, Jrad A, Bidoglio G (2005) Application of
the swat model on the medjerda river basin (tunisia). Phys Chem
Earth 30:497-507. https://doi.org/10.1016/j.pce.2005.07.004

Box GE, Cox DR (1964) An analysis of transformations. J R Stat Soc
Series B Stat Methodol 26:211-243. https://doi.org/10.1111/j.
2517-6161.1964.tb00553.x

Brun R, Reichert P, Kiinsch HR (2001) Practical identifiability analy-
sis of large environmental simulation models. Water Resour Res
37:1015-1030. https://doi.org/10.1029/2000WR900350

Cheng CT, Ou CP, Chau KW (2002) Combining a fuzzy optimal model
with a genetic algorithm to solve multi-objective rainfall-runoff
model calibration. J Hydrol 268:72-86. https://doi.org/10.1016/
S0022-1694(02)00122-1

Chow VT, Maidment DR, Mays LW (1988) Applied hydrology, Inter-
national. MacGraw-Hill, Noida, p 149

Deb K, Thiele L, Laumanns M, Zitzler E (2002) Scalable multi-objec-
tive optimization test problems. In: Proceedings of the 2002 con-
gress on evolutionary computation, CEC. 1, pp 825-830

Eckhardt K, Arnold JG (2001) Automatic calibration of a distributed
catchment model. J Hydrol 251:103—-1009. https://doi.org/10.1016/
S0022-1694(01)00429-2

Gupta HV, Sorooshian S, Ypo PO (1998) Toward improved calibration
of hydrologic models: multiple and noncommensurable measures
of information. Water Resour Res 34:751-763. https://doi.org/10.
1029/97WR03495

Haario H, Saksman E, Tamminen J (2001) An adaptive metropolis
algorithm. Bernoulli 7:223-242. https://doi.org/10.2307/3318737

Hashemi Aslani Z, Nasiri V, Maftei C, Vaseashta A (2023) Synergetic
integration of SWAT and multi-objective optimization algorithms
for evaluating efficiencies of agricultural best management prac-
tices to improve water quality. Land 12(2):401

Hassanzadeh Y, Afshar AA, Pourreza-Bilondi M, Memarian H, Besala-
tpour AA (2019) Toward a combined bayesian frameworks to
quantify parameter uncertainty in a large mountainous catchment
with high spatial variability. Environ Monit Assess 191(23):0167—
6369. https://doi.org/10.1007/s10661-018-7145-x

Hemmat Jou MH, Namdar KD, Besalatpour AA (2019) Land use plan-
ning based on soil and water assessment tool model in a mountain-
ous watershed to reduce runoff and sediment load. Can J Soil Sci
99:305-320. https://doi.org/10.1139/cjss-2018-0109

Her Y, Cibin R, Chaubey I (2015) Application of parallel computing
methods for improving efficiency of optimization in hydrologic
and water quality modeling. Appl Eng Agric 31:455-468. https://
doi.org/10.13031/aea.31.10905

Hosseini-Mghari SM, Araghinejad S, Azarnivand A (2017) Drought
forecasting using data-driven methods and an evolutionary

@ Springer

algorithm. Model Earth Syst Environ 3:1675-1689. https://doi.
org/10.1007/s40808-017-0385-x

Kalogeropoulos K, Chalkias C (2013) Modelling the impacts of cli-
mate change on surface runoff in small mediterranean catchments:
empirical evidence from greece. Water Environ J 27:505-513.
https://doi.org/10.1111/§.1747-6593.2012.00369.x

Kan G, Lei T, Liang K, Li J, Ding L, He X, Yu H, Zhang D, Zuo D,
Bao Z, Amo-Boateng M, Hu Y, Zhang M (2017) A multi-core cpu
and many-core gpu based fast parallel shuffled complex evolution
global optimization approach. IEEE Trans Parallel Distrib Syst
28:332-344. https://doi.org/10.1109/TPDS.2016.2575822

Khoi DN, Suetsugi T (2012) Hydrologic response to climate change:
a case study for the be river catchment, vietnam. J] Water Clim
Change 3:207-224. https://doi.org/10.2166/wcc.2012.035

Kollat JB, Reed PM, Wagener T (2012) When are multiobjective cali-
bration trade-offs in hydrologic models meaningful? Water Resour
Res. https://doi.org/10.1029/201 1WRO011534

Leta OT, Van Griensven A, Bauwens W (2017) Effect of single and
multisite calibration techniques on the parameter estimation, per-
formance, and output of a swat model of a spatially heterogeneous
catchment. J Hydrol Eng 22:1084-1699. https://doi.org/10.1061/
(ASCE)HE.1943-5584.0001471

Li Q, Chen X, Luo Y, Lu ZH, Wang YG (2015) A new parallel frame-
work of distributed swat calibration. J Arid Land 7:122-131.
https://doi.org/10.1007/s40333-014-0041-5

Li T, Wang G, Chen J, Wang H (2011) Dynamic parallelization of
hydrological model simulations. Environ Model Softw 26:1736—
1746. https://doi.org/10.1016/j.envsoft.2011.07.015

Lin Z, Radcliffe DE (2006) Automatic calibration and predictive uncer-
tainty analysis of a semidistributed watershed model. Vadose Zone
J5:248-260. https://doi.org/10.2136/vzj2005.0025

Liu'Y, GuoJ, Sun H, Zhang W, Wang Y, Zhou J (2016) Multiobjective
optimal algorithm for automatic calibration of daily streamflow
forecasting model. Math Probl Eng. https://doi.org/10.1155/2016/
8215308

Madsen H, Wilson G, Ammentorp HC (2002) Comparison of differ-
ent automated strategies for calibration of rainfall-runoff models.
J Hydrol 261:48-59. https://doi.org/10.1016/S0022-1694(01)
00619-9

Marhaento H, Booij MJ, Hoekstra AY (2017) Attribution of changes in
stream flow to land use change and climate change in a mesoscale
tropical catchment in java, indonesia. Hydrol Res 48:1143-1155.
https://doi.org/10.2166/nh.2016.110

Molina-Navarro E, Andersen HE, Nielsen A, Thodsen H, Trolle D
(2017) The impact of the objective function in multi-site and
multi-variable calibration of the swat model. Environ Model
Softw 93:255-267. https://doi.org/10.1016/j.envsoft.2017.03.018

Mousavi SJ, Anzab NR, Asl-Rousta B, Kim JH (2017) Multi-objective
optimization-simulation for reliability-based inter-basin water
allocation. Water Resour Manag 31:3445-4741

Nash JE, Sutcliffe JV (1970) River flow forecasting through conceptual
models part i—a discussion of principles. J Hydrol 10:282-290

Nietsch S, Arnold J, Kiniry J, Williams J (2011) Swat: soil and water
assessment tool theoretical documentation. Temple, TX: USDA
Agricultural Research Service

Newman AJ, Mizukami N, Clark MP, Wood AW, Nijssen B, Near-
ing G (2017) Benchmarking of a physically based hydrologic
model. J Hydrometeorol 18:2215-2225. https://doi.org/10.1175/
JHM-D-16-0284.1

Onusluei GG, Rosbjerg D (2010) Modelling of hydrologic processes
and potential response to climate change through the use of a mul-
tisite swat. Water Environ J 24:21-31. https://doi.org/10.1111/j.
1747-6593.2008.00146.x

Peng Y, Peng A, Zhang X, Zhou H, Zhang L, Wang W, Zhang Z (2017)
Multi-core parallel particle swarm optimization for the operation


https://doi.org/10.1007/s00704-017-2309-0
https://doi.org/10.1007/s00704-017-2309-0
https://doi.org/10.1007/s40996-017-0056-1
https://doi.org/10.1007/s40996-017-0056-1
https://doi.org/10.1016/0022-1694(95)02782-3
https://doi.org/10.1016/0022-1694(95)02782-3
https://doi.org/10.1016/S0273-1223(99)00048-7
https://doi.org/10.1016/S0273-1223(99)00048-7
https://doi.org/10.1016/j.pce.2005.07.004
https://doi.org/10.1111/j.2517-6161.1964.tb00553.x
https://doi.org/10.1111/j.2517-6161.1964.tb00553.x
https://doi.org/10.1029/2000WR900350
https://doi.org/10.1016/S0022-1694(02)00122-1
https://doi.org/10.1016/S0022-1694(02)00122-1
https://doi.org/10.1016/S0022-1694(01)00429-2
https://doi.org/10.1016/S0022-1694(01)00429-2
https://doi.org/10.1029/97WR03495
https://doi.org/10.1029/97WR03495
https://doi.org/10.2307/3318737
https://doi.org/10.1007/s10661-018-7145-x
https://doi.org/10.1139/cjss-2018-0109
https://doi.org/10.13031/aea.31.10905
https://doi.org/10.13031/aea.31.10905
https://doi.org/10.1007/s40808-017-0385-x
https://doi.org/10.1007/s40808-017-0385-x
https://doi.org/10.1111/j.1747-6593.2012.00369.x
https://doi.org/10.1109/TPDS.2016.2575822
https://doi.org/10.2166/wcc.2012.035
https://doi.org/10.1029/2011WR011534
https://doi.org/10.1061/(ASCE)HE.1943-5584.0001471
https://doi.org/10.1061/(ASCE)HE.1943-5584.0001471
https://doi.org/10.1007/s40333-014-0041-5
https://doi.org/10.1016/j.envsoft.2011.07.015
https://doi.org/10.2136/vzj2005.0025
https://doi.org/10.1155/2016/8215308
https://doi.org/10.1155/2016/8215308
https://doi.org/10.1016/S0022-1694(01)00619-9
https://doi.org/10.1016/S0022-1694(01)00619-9
https://doi.org/10.2166/nh.2016.110
https://doi.org/10.1016/j.envsoft.2017.03.018
https://doi.org/10.1175/JHM-D-16-0284.1
https://doi.org/10.1175/JHM-D-16-0284.1
https://doi.org/10.1111/j.1747-6593.2008.00146.x
https://doi.org/10.1111/j.1747-6593.2008.00146.x

Applied Water Science (2023) 13:241

Page 130f 13 241

of inter-basin water transfer-supply systems. Water Resour Manag
31:27-41. https://doi.org/10.1007/s11269-016-1506-4

Pfannerstill M, Bieger K, Guse B, Bosch DD, Fohrer N, Arnold JG
(2017) How to constrain multi-objective calibrations of the swat
model using water balance components. J Am Water Resour
Assoc 53:532-546. https://doi.org/10.1111/1752-1688.12524

Piotrowski AP (2017) Review of differential evolution population size.
Swarm Evol Comput 32:1-24. https://doi.org/10.1016/j.swevo.
2016.05.003

Pourreza-Bilondi M, Memarian H, Ghaffari M, Komeh Z (2022)
Multi-objective calibration of a single-event, physically-based
hydrological model using AMALGAM approach. Computational
intelligence for water and environmental sciences. Springer, Sin-
gapore, pp 119-136

Qu BY, Zhu YS, Jiao YC, Wu MY, Suganthan PN, Liang JJ (2018) A
survey on multi-objective evolutionary algorithms for the solution
of the environmental/economic dispatch problems. Swarm Evol
Comput 38:1-11. https://doi.org/10.1016/j.swevo.2017.06.002

Rajib MA, Merwasde V, Yu Z (2016) Multi-objective calibration of
a hydrologic model using spatially distributed remotely sensed/
in-situ soil moisture. J Hydrol 536:192-207. https://doi.org/10.
1016/j.jhydrol.2016.02.037

Rong Q, Zhu S, Yue W, Su M, Cai Y (2023) Predictive simulation and
optimal allocation of surface water resources in reservoir basins
under climate change. Int Soil Water Conserv Res. https://doi.org/
10.1016/j.iswcr.2023.08.003

Seibert J (2000) Multi-criteria calibration of a conceptual runoff model
using a genetic algorithm. Hydrol Earth Syst Sci 4:215-224.
https://doi.org/10.5194/hess-4-215-2000

Shafii M, De Smedt F (2009) Multi-objective calibration of a dis-
tributed hydrological model (wetspa) using a genetic algorithm.
Hydrol Earth Syst Sci 13:2137-2149. https://doi.org/10.5194/
hess-13-2137-2009

Sharma V, Swayne DA, Lam D, Schertzer W (2006) Parallel shuf-
fled complex evolution algorithm for calibration of hydrological
models. In: 20th International symposium on high-performance
computing in an advanced collaborative environment, HPCS, 30

Shin S, Her Y, Mufloz-Carpena R, Khare YP (2023) Multi-parameter
approaches for improved ensemble prediction accuracy in hydrol-
ogy and water quality modeling. J Hydrol 622:129458

Storn R, Price K (1997) Differential evolution—a simple and efficient
heuristic for global optimization over continuous spaces. J Glob
Optim 11:341-359. https://doi.org/10.1023/A:1008202821328

Thyer M, Kuczera G, Bates BC (1999) Probabilistic optimization for
conceptual rainfall-runoff models: a comparison of the shuffled
complex evolution and simulated annealing algorithms. Water
Resour Res 35:767-773. https://doi.org/10.1029/1998 WR900058

Tu KY, Liang ZC (2011) Parallel computation models of particle
swarm optimization implemented by multiple threads. Expert Syst
Appl 38:5858-5866. https://doi.org/10.1016/j.eswa.2010.11.037

Agriculture U.D.O. (1994) State soil geographic (statsgo) database—
data use information. Misc. Publ. US Dep. Agric. 1492

Van Werkhoven K, Wagener T, Reed P, Tang Y (2009) Sensitivity-
guided reduction of parametric dimensionality for multi-objective
calibration of watershed models. Adv Water Resour 32:1154—
1169. https://doi.org/10.1016/j.advwatres.2009.03.002

Vargas MM, Beskow S, de Mello CR, de Moura MM, da Cunha ZA,
Beskow TLC, Timm LC (2023) M-LASH: hydrological and com-
putational enhancements of the LASH model. Environ Model
Softw 167:105774

Vaze ], Jordan P, Beecham R, Frost A, Summerell G (2011) Guidelines
for rainfall-runoff modelling towards best practice model applica-
tion. eWater Cooperative Research Center. pp 1-47

Vrugt JA, Robinson BA (2007) Improved evolutionary optimization
from genetically adaptive multimethod search. Proc Natl Acad
Sci USA 104:708-711. https://doi.org/10.1073/pnas.0610471104

Vrugt JA, Gupta HV, Bastidas LA, Bouten W, Sorooshian S (2003)
Effective and efficient algorithm for multiobjective optimization
of hydrologic models. Water Resour Res. https://doi.org/10.1029/
2002WR001746

Waintraub M, Sshirru R, Pereira CMNA (2009) Multiprocessor mod-
eling of parallel particle swarm optimization applied to nuclear
engineering problems. Prog Nucl Energy 51:680-688. https://doi.
org/10.1016/j.pnucene.2009.02.004

Werstuck C, Coulibaly P (2017) Hydrometric network design using
dual entropy multi-objective optimization in the ottawa river
basin. Hydrol Res 48:1639-1651. https://doi.org/10.2166/nh.
2016.344

Wu Y, Li T, Sun L, Chen J (2013) Parallelization of a hydrological
model using the message passing interface. Environ Model Softw
43:124-132. https://doi.org/10.1016/j.envsoft.2013.02.002

Wu L, Liu X, Chen J, Ma X (2023) Multi-objective synchronous
calibration and Pareto optimality of runoff and sediment param-
eters in an arid and semi-arid watershed. Environ Sci Pollut Res
30(24):65470-65481

Yapo PO, Gupta HV, Sorooshian S (1998) Multi-objective global opti-
mization for hydrologic models. J Hydrol 204:83-97. https://doi.
org/10.1016/S0022-1694(97)00107-8

Zhang J, Wang X, Liu P, Lei X, Li Z, Gong W, Duan Q, Wang H (2017)
Assessing the weighted multi-objective adaptive surrogate model
optimization to derive large-scale reservoir operating rules with
sensitivity analysis. J Hydrol 544:613-627. https://doi.org/10.
1016/j.jhydrol.2016.12.008

Zhang X, Srinivasan R, Van Liew M (2008) Multi-site calibration of
the swat model for hydrologic modeling. Trans ASABE 51:2039-
2049. https://doi.org/10.13031/2013.25407

Zhang X, Srinivasan R, Van Liew M (2010) On the use of multi-algo-
rithm, genetically adaptive multi-objective method for multi-site
calibration of the swat model. Hydrol Process 24:955-969. https://
doi.org/10.1002/hyp.7528

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

@ Springer


https://doi.org/10.1007/s11269-016-1506-4
https://doi.org/10.1111/1752-1688.12524
https://doi.org/10.1016/j.swevo.2016.05.003
https://doi.org/10.1016/j.swevo.2016.05.003
https://doi.org/10.1016/j.swevo.2017.06.002
https://doi.org/10.1016/j.jhydrol.2016.02.037
https://doi.org/10.1016/j.jhydrol.2016.02.037
https://doi.org/10.1016/j.iswcr.2023.08.003
https://doi.org/10.1016/j.iswcr.2023.08.003
https://doi.org/10.5194/hess-4-215-2000
https://doi.org/10.5194/hess-13-2137-2009
https://doi.org/10.5194/hess-13-2137-2009
https://doi.org/10.1023/A:1008202821328
https://doi.org/10.1029/1998WR900058
https://doi.org/10.1016/j.eswa.2010.11.037
https://doi.org/10.1016/j.advwatres.2009.03.002
https://doi.org/10.1073/pnas.0610471104
https://doi.org/10.1029/2002WR001746
https://doi.org/10.1029/2002WR001746
https://doi.org/10.1016/j.pnucene.2009.02.004
https://doi.org/10.1016/j.pnucene.2009.02.004
https://doi.org/10.2166/nh.2016.344
https://doi.org/10.2166/nh.2016.344
https://doi.org/10.1016/j.envsoft.2013.02.002
https://doi.org/10.1016/S0022-1694(97)00107-8
https://doi.org/10.1016/S0022-1694(97)00107-8
https://doi.org/10.1016/j.jhydrol.2016.12.008
https://doi.org/10.1016/j.jhydrol.2016.12.008
https://doi.org/10.13031/2013.25407
https://doi.org/10.1002/hyp.7528
https://doi.org/10.1002/hyp.7528

	Parallelization of AMALGAM algorithm for a multi-objective optimization of a hydrological model
	Abstract
	Introduction
	Method
	Hydrological model
	Optimization algorithms
	AMALGAM

	Multi-objective calibration functions
	Nash–Sutcliffe coefficient (NSC)
	Runoff coefficient percent error (ROCE)
	Transformed root–mean–square error (TRMSE)
	Slope of the flow duration curve (SFDCE)

	Parallel computing

	Case study
	Study area and model setup
	Computer configuration

	Results
	AMALGAM Parallelization
	AMALGAM pareto front
	Multi-objective simulation

	Conclusions
	References




