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ABSTRACT

This article introduces hydroMOPSO0, a multi-objective, model-independent R package for the calibration of
hydrological and environmental models. It supports both R-based and R-external models through wrapper
functions, providing flexibility for a wide range of optimisation problems. The package includes fine-tuning
options to generate a Pareto-optimal front. The performance of hydroMOPSO was compared to the caRamel
R package using benchmark functions and case studies involving two R-based hydrological models in an
Andean catchment. hydroMOPSO outperformed caRamel on benchmarks, with faster convergence in the two
hydrological models. An R-external case study demonstrated the flexibility and ease of use of hydroMOPSO,
through its application to the calibration of the SWAT+ model. The package also enables the generation of
informative outputs for modellers, with particular emphasis on hydrographs and parameter sets from the
Pareto-optimal front. hydroMOPSO constitutes a valuable tool for researchers and practitioners seeking to

implement multi-objective optimisation in environmental and hydrological modelling.

1. Introduction

The availability of optimisation software able to be used across a
wide range of hydrological and environmental models is crucial for im-
proving the representation of physical processes through robust param-
eter calibration (Savenije, 2009; Kavetski and Fenicia, 2011; Wallner
et al., 2012; Demirel et al., 2018), which is particularly important for
applications such as assessing the impacts of climate change (Royer-
Gaspard et al., 2021). Calibrated model parameters are considered
robust or transferable if they maintain good performance across dif-
ferent time periods and climatic conditions beyond those used during
model calibration (Perrin et al., 2007; Bardossy and Singh, 2008;
Coron et al., 2012, 2014; Minville et al., 2014; Bisselink et al., 2016;
Royer-Gaspard et al., 2021). Robust model parameters are essential to
provide, at a minimum, a reasonable level of credibility that matches
the complexity of the modelling task (Klemes, 1986a,b). On the other
hand, the lack of robustness in calibrated model parameters can sub-
stantially undermine the reliability of the insights generated by these
models. This has critical implications for decision-making in areas
such as (i) ecosystem services and land-use planning (e.g., McColl and

Aggett, 2007; Guswa et al., 2014; Sun et al., 2020); (ii) flood forecast-
ing (e.g., Kauffeldt et al., 2016; Dasgupta et al., 2023); and (iii) water
resources management (e.g., Jayakrishnan et al., 2005; Schuol et al.,
2008; Hartmann et al., 2014; Paul et al., 2021; Barria et al., 2021).
However, despite advancements in optimisation software, estimating
robust model parameters remains a complex challenge (Bardossy and
Singh, 2008; Qi et al., 2019), partly due to the highly non-linear nature
of environmental processes (Bardossy and Singh, 2008; Herrera et al.,
2022).

In the search for robust model parameters, the computational pro-
cedure adopted for model calibration is crucial. This process involves
defining the lower and upper bounds for each parameter to be cali-
brated, selecting a goodness-of-fit function to assess how well model
simulations align with (multi-variable) real-world observations, and
choosing an appropriate algorithm to estimate the parameter val-
ues (Refsgaard and Henriksen, 2004; Efstratiadis and Koutsoyiannis,
2010). Traditionally, the majority of model-calibration studies have
relied on single-objective optimisation (SOO) algorithms, which assume
that a unique set of parameter values provides the “best” model
performance by comparing simulations and observations of a single
variable (Efstratiadis and Koutsoyiannis, 2010). Commonly used SOO
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algorithms include the Shuffled Complex Evolution (SCE-UA; Duan
et al., 1992), Differential Evolution (DE; Storn and Price, 1997), Dy-
namically Dimensioned Search (DDS; Tolson and Shoemaker, 2007),
Simulated Annealing (SA; Kirkpatrick et al., 1983) and the Particle
Swarm Optimisation (PSO; Kennedy and Eberhart, 1995). However,
SOO approaches have been criticised for their limitations in adequately
capturing all important characteristics of the observations (Yapo et al.,
1998; Vrugt et al., 2003; Wagener, 2003). This often results in a trade-
off scenario where improving the fit of one model output variable may
increase the error in another (Mostafaie et al., 2018). Additionally,
this contributes to the equifinality problem, where different parameter
sets lead to similar objective function values (Beven and Binley, 1992;
Beven, 1993, 2006). The early works of Gupta et al. (1998) and Yapo
et al. (1998) in the late 1990s highlighted the multi-objective nature of
model calibration, advocating for the inclusion of additional constraints
and consideration of trade-offs between objective functions, which was
later recognised as an important measure to mitigate equifinality and
uncertainty (Wagener and Gupta, 2005; Tang et al., 2006; Her and
Seong, 2018). Consequently, there has been a growing call to adopt
multi-objective optimisation approaches that more effectively address
model errors and provide a more robust quantification of both para-
metric and predictive uncertainties in environmental modelling (Yapo
et al., 1996; Efstratiadis and Koutsoyiannis, 2010).

The development of multi-objective evolutionary algorithms
(MOEASs) has been an active research area for at least three decades,
gaining popularity across various engineering disciplines (Coello and
Lamont, 2004; Coello, 2005; Deb, 2015). Notable examples of widely
applied MOEAs include the Vector Evaluated Genetic Algorithm (VEGA;
Schaffer, 1985), Multi-Objective Genetic Algorithm (MOGA; Fonseca
and Fleming, 1993), Non-dominated Sorting Genetic Algorithm (NSGA;
Srinivas and Deb, 1994), Strength Pareto Evolutionary Algorithm
(SPEA; Zitzler and Thiele, 1999), SPEA2 (Zitzler et al., 2001), NSGA-
II (Deb et al., 2002), Multi-Objective Evolutionary Algorithm based
on Decomposition (MOEA/D; Zhang and Li, 2007), and NSGA-III (Deb
and Jain, 2014). Additionally, other algorithm families, particularly the
so-called Multi-objective Particle Swarm Optimisers (MOPSOs; Moore
et al., 2000; Coello and Lechuga, 2002), which are based on PSO
(Kennedy and Eberhart, 1995), have attracted increasing attention from
the scientific community. Notable examples within this family include
OMOPSO (Sierra and Coello, 2005), SMPSO (Nebro et al., 2009),
CMPSO (Zhan et al., 2013), pccsAMOPSO (Hu and Yen, 2015), and
NMPSO (Lin et al., 2016).

The application of MOO for the automatic calibration of hydrologi-
cal models began with the development of the Multi-Objective Complex
Evolution (MOSCOM-UA; Yapo et al., 1998) to calibrate a concep-
tual rainfall-runoff model using two objectives. Since then, various
methods have been introduced, including the Multi-objective Shuffled
Complex Evolution Metropolis (MOSCEM; Vrugt et al., 2003), the
enhanced Epsilon Dominance NSGA-II (e-NSGA-II; Reed et al., 2003;
Kollat and Reed, 2005), the Multi-objective Evolutionary Annealing-
Simplex method (MEAS; Efstratiadis and Koutsoyiannis, 2008) or the
hybrid algorithm caRamel (Monteil et al., 2020). Recent studies have
explored using MOO algorithms for time-consistent model parameter
identification through sub-period calibration (Gharari et al., 2013),
enhancing model consistency by integrating goodness-of-fit measures
with hydrological signatures (Shafii and Tolson, 2015), using remote
sensing observations of vegetation (Madsen, 2003; Khu et al., 2008);
and calibrating/optimising coupled (hydrogeological and hydrogeo-
chemical) models (e.g., Naghdi et al., 2021; Rafiei et al., 2022).

Over the last decades, MOO has shown great advances in parameter
estimation and uncertainty identification for complex models (Efstra-
tiadis and Koutsoyiannis, 2010). However, the development of open-
source and flexible multi-objective calibration tools has lagged behind,
hindering the widespread adoption of MOO approaches. Currently, the
implementation of MOO algorithms available in diverse programming
languages, such as Python (Benitez-Hidalgo et al., 2019; Blank and Deb,
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2020) and R (Binois and Picheny, 2019; Benitez and Pinto-Roa, 2022),
often lack the flexibility required to be used in a wide range of models.
Among the existing algorithms, the caRamel R package (Monteil et al.,
2020) stands out for its flexibility and has been successfully tested
with R-based hydrological models. However, it is not designed to work
with R-external models, limiting its broader applicability in real-world
applications.

This work presents hydroMOPSO, the first R package specifically
designed for the multi-objective optimisation of R-external and R-
based hydrological and environmental models, with minimal user in-
tervention. Unlike existing tools, hydroMOPSO enables simultaneous
optimisation of multiple performance criteria, multiple state variables
(e.g., discharges, soil moisture), model outputs in several file formats
(e.g., text files, raster files) and temporal resolutions (e.g., hourly,
daily, annual). Users familiar with the widely used single-objective hy—
droPSO R package (Zambrano-Bigiarini and Rojas, 2013) will recog-
nise several features that have been extended and enhanced in hy-
droMOPSO: (i) multi-platform compatibility (GNU/Linux, Windows,
macOS); (ii) model independence through console-based execution;
(iii) support for parallel processing to substantially reduce calibration
times; (iv) flexible fine-tuning options with default settings informed
by Marinao-Rivas and Zambrano-Bigiarini (2021); and (v) automated,
high-quality graphics to support transparent multi-objective decision-
making. Additionally, hydroMOPSO adheres to the FAIR guiding prin-
ciples for scientific data management and stewardship (Wilkinson et al.,
2016).

The rest of this paper is organised as follows. Section 2 presents
key concepts of multi-objective optimisation, highlighting the differ-
ences between single and multi-objective optimisation approaches for
environmental models. Section 3 offers an overview of the main func-
tions within the hydroMOPSO R package, along with the general
guidelines for calibrating a model. Section 4 outlines the methodology
for benchmarking hydroMOPSO0, evaluating its performance with R-
based functions and models, as well as an extended R-external case
study. Finally, Section 5 presents the results from the case studies, and
Section 6 provides concluding remarks.

2. Multi-objective optimisation

In this section, we summarise the key concepts for applying multi-
objective optimisation in Earth sciences, with emphasis on users tran-
sitioning from traditional single-objective approaches.

2.1. Parameter and objective space

In contrast to single-objective optimisation where the main goal
is to identify a single parameter set that optimises a single objective
function to maximise model performance, multi-objective optimisation
seeks to optimise multiple (N) objective functions simultaneously,
resulting in an N-dimensional objective space (Ringuest, 1992; Yapo
et al.,, 1998; Deb, 2014). Each objective function evaluates different
parameter sets in a D-dimensional parameter space, where D is the
number of model parameters under optimisation. The collection of
all evaluated parameter sets is comprised in the parameter space (e.g.,
Zitzler and Thiele, 1999; Monteil et al., 2020). Fig. 1 illustrates the
relationship between these concepts, emphasising that each point in the
parameter space corresponds to a point in the objective space. Whether
or not these points are considered optimal depends on the concepts
described below.

2.2. Pareto-optimal front

In MOO, multiple, often conflicting, goals are analysed simultane-
ously. A non-dominated parameter set, which defines a point (f) in the
objective space, is that for which no other parameter set performs better
across all objective functions simultaneously (Miettinen, 1998; Coello,
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Objective space

Adapted from Deb (2014)

Fig. 1. Schematic representation of parameter space (left panel) and objective space (right panel) for MOO problems. In the right panel, assuming a problem
with maximising objectives, non-dominated solutions that satisfy Pareto optimality are represented as red squares.

Source: This figure is adapted from Deb (2014).

1999; Ehrgott, 2005; Zitzler et al., 2004; Coello et al., 2007; Deb, 2014).
In other words, to improve one objective function, one must accept a
trade-off, i.e., a decrease in at least one other objective function. The
collection of all non-dominated solutions (parameter sets) forms what
is known as the Pareto front (Coello et al., 2007) or Pareto-optimal
front (POF; Deb, 2014). This front represents a curve in the objective
space (or a surface in higher dimensions), indicating that each point on
the front is equally optimal for the given optimisation problem. Every
parameter set on the Pareto front represents the best possible compro-
mise among all objectives. In a 2-D maximisation scenario, the right
panel in Fig. 1 illustrates two non-dominated solutions (red squares)
and one dominated solution (black dot), with the latter excluded from
the POF.

2.3. Best compromise solution

The multiple parameter sets obtained in the final POF contribute to
overcome challenges such as equifinality and parametric uncertainty,
often missed in single-objective methods. However, the existence of
multiple non-unique solutions can overwhelm decision-makers (Luo
et al., 2014; Beykal et al., 2018), particularly when dealing with a large
number of conflicting objectives which require an extensive number
of model runs, such as climate change impact studies, environmental
management, and economic planning. As a result, it might be necessary
to identify a single best compromise solution (BCS), which provides the
best balance between all objectives in the MOO problem (Coello et al.,
2007). This BCS simplifies decision-making by reducing the cognitive
burden of evaluating numerous trade-offs, allowing for quicker and
more efficient decisions (Velea and Lache, 2015; Shafii and De Smedt,
2009; Monteil et al., 2020; Jung et al., 2017; Efstratiadis and Kout-
soyiannis, 2010). Additionally, selecting a single BCS enhances clarity
and communication between stakeholders by providing a clear fo-
cal point, helping to prevent confusion and fostering consensus in
collaborative settings with diverse priorities (Kogiso et al., 2014).

Fig. 2 illustrates four key points in the objective space that are
used to select a best compromise solution from the parameter space.
The first two points, shown in the left panel, are the ideal (I/de)
and nadir (Nad) points, which define the boundaries of the Pareto
Optimal Front (POF). These are essential for normalising the POF
and ensuring comparability across objectives with different scales or

units (Deb, 2014). The Ide point represents a hypothetical best-case
scenario, where each objective independently reaches its optimal value
(i.e., minimum or maximum) in the absence of trade-offs. In contrast,
the Nad point corresponds to the worst values of each objective among
the Pareto-optimal solutions, thereby reflecting the trade-offs inherent
in multi-objective optimisation. These two points are fundamental for
identifying the best compromise solution on the POF, typically defined
as the solution with the minimum Euclidean distance to the I'de point
in the normalised objective space.

In addition to these, two further points, depicted in the right panel
of Fig. 2, extend beyond the POF and are used for normalisation and so-
lution selection. These points are defined using user-defined acceptable
ranges for each objective function. The first point is the utopia (Uto),
which theoretically represents the intersection of the best attainable
values across all objectives within the POF (Deb, 2014; Miettinen,
1998). The second is the reference point (Ref), which reflects the
minimum acceptable performance for each objective from the decision
maker’s perspective (Miettinen, 1998). Together, Uto and Ref enable
a more decision-oriented normalisation framework, allowing the iden-
tification of compromise solutions that align better with stakeholder
preferences and practical constraints.

In this work, the best compromise solution is selected by normalis-
ing all the solutions in the POF using the Uto and Ref points. These
points are relevant for real-world practical problems, such as calibra-
tion of hydrological and environmental models through goodness-of-fit
functions, where they represent the best (Uzo) and minimally accept-
able (Ref) model performance values. As illustrated in the left panel of
Fig. 2, the minimum Euclidean distance from Uto is computed within
the normalised objective space defined by Uto and Ref. Each non-
dominated solution in the POF is thus normalised according to Eq. (1):

fi — Ref;

Uto; — Ref; )

frorm =
where i represents each objective of the optimisation problem.
2.4. Performance metrics for MOO

When evaluating the quality of the POF obtained by a MOO algo-

rithm, three main aspects should be considered (Riquelme et al., 2015):
(i) cardinality, which refers to the number of solutions within the POF,
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Fig. 2. Pareto-optimal front in the objective space for a maximisation problem. In the left panel black symbols indicate the utopia point (Uto), reference point
(Ref), ideal point (Ide) and nadir point (Nad). The right panel illustrate the same POF in an objective space with objective values normalised using the Ref
and Utro points. In both panels, the shaded area in the POF corresponds to the hypervolume of the POF.

with a larger cardinality indicating a more detailed representation of
the trade-offs between objectives and, therefore, a better performance;
(ii) accuracy, which measures how closely the evaluated POF approxi-
mates the theoretical true POF (or a reference POF if the true POF is
unknown); and (iii) diversity, which encompasses both the distribution
(relative distances between solutions) and spread (the range of values
represented by the solutions).

In this work, we use two widely adopted metrics to evaluate the
quality of the POF obtained through MOO optimisation. The first metric
is the hypervolume (HV; Zitzler and Thiele, 1999), which quantifies
the volume of the objective space dominated by the POF relative to a
reference point, fixed to the Nad point for all case studies. The HV si-
multaneously assesses both accuracy and diversity of the solutions, with
higher values indicating better model performance. The second metric
is the generational distance (GD; Van Veldhuizen, 1999), which focuses
solely on accuracy. The GD calculates the average Euclidean distance
between each solution in the POF obtained during the optimisation and
the nearest point to the true POF, which is typically known for bench-
mark problems. A lower GD value indicates that the solutions are closer
to the true POF, reflecting better convergence towards optimal solu-
tions (Riquelme et al., 2015). Cardinality is not explicitly considered in
hydroMOPSO during the multi-objective optimisation. However, it is
implicitly considered in each iteration by collecting all non-dominated
solutions identified throughout the optimisation process to construct
the most comprehensive Pareto front achievable, which is subsequently
evaluated through accuracy (hypervolume) and diversity (generational
distance) metrics.

For real-world applications, obtaining the true POF is impractical
or impossible. In these cases, a reference POF, which includes all the
known non-dominated solutions obtained during an exhaustive applica-
tion of the optimisation algorithm, is used instead as an approximation.
Therefore, instead of referring to it as the true or global POF, we use the
term final POF to describe the POF obtained after the completion of all
algorithm iterations (Riquelme et al., 2015). This final POF represents
a local POF and may or may not be close to the true (global) POF.

2.5. The NMPSO algorithm

The novel multi-objective particle swarm optimiser (NMPSO; Lin
et al., 2016) was specifically designed to address Many-Objective Op-
timisation Problems, which involve more than three objectives. During
each iteration, NMPSO maintains an external archive that stores a
limited number of particles representing the current POF. Particles
are prioritised for retention in the external archive based on non-
dominance and a metric introduced by Lin et al. (2016) called Balance-
able Fitness Estimation (BFE). This metric guides particles toward the
true POF while preserving their diversity.

Similar to the original PSO (Kennedy and Eberhart, 1995), the
NMPSO algorithm starts by randomly initialising all the particle po-
sitions X; = x;;,X5.... . X;p in a D-dimensional parameter space. The
method used for initialisation has an important impact on both the
convergence speed and the quality of the optimal solutions found by
PSO (Cazzaniga et al., 2015). Therefore, it is crucial to apply robust
initialisation strategies, such as Latin Hypercube Sampling (LHS; McKay
et al.,, 1979) or low-discrepancy Sobol’ sequences (Sobol, 1967) to
improve performance. After initialisation, particles update their posi-
tions using problem-specific goodness-of-fit measures to identify two
key points in the swarm. First, the personal best position of the ith
particle, which is the best solution found by the ith particle based on its
individual experience, and denoted by P, = p,;. py. ... p;p- Second, the
global best position of the ith particle, which represents best solution
found in the whole search space by that particle, and denoted by é,- =
g1 8> --- » &p- Unlike traditional PSO, NMPSO assigns each particle a
global best position randomly selected from the top 10% of the particles
with the highest BFE values in the external archive (Lin et al., 2016).

After computing P, and 5,-, the algorithm updates the particle’s
velocity in each iteration using Eq. (2).!

jo_10 ifr=1
! oV 4+ U @ (P = X + 6,0 @ (G - XiTh), ifr>2

(2)

In this equation, i = 1,2,...,N and t = 1,2,...,T, N is the swarm
size and T is the maximum number of iterations. The parameters w, c,,
and ¢, represent the inertia weight, the cognitive and social accelera-
tion coefficients, respectively. The vectors f]l, 172 are random vectors,
each independently and uniformly distributed between 0 and 1. Note
that ® indicates element-wise vector multiplication. After updating
their velocity (Eq. (2)), the position of the ith particle is updated as
follows:

X0 =XV 4 p0 (3)

To track the evolution of the POF across iterations, NMPSO uses
an external archive to store the non-dominated particles identified
during the optimisation process. At the initial iteration (+ = 1), this
archive is populated with N, non-dominated particles. Once the PSO

1 In addition to the cognitive and social components, Lin et al. (2016) intro-
duced a third term that blends these two components. However, in conceptual
tests conducted in this research with up to three objective functions, this term
was found to introduce disturbances that delay convergence.
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search is complete (+ = T), the archive holds the final set of non-
dominated solutions. If the archive size exceeds its maximum allowed
capacity (N,), the BFE method (Lin et al., 2016) is applied to identify
which non-dominated solutions to retain. After updating the archive,
NMPSO performs a hybrid evolutionary search using all the stored
non-dominated particles. This is achieved through the usage of two
genetic operators: Simulated Binary Crossover (SBX) and Polynomial
Mutation (PM). The first genetic operation (SBX) promotes diversity
by recombining gene segments, while the second (PM) enhances lo-
cal exploration (Lin et al., 2015). In each iteration, newly generated
particles are evaluated, and their dominance is assessed relative to
the current archive. The archive is then updated to a new size N,. If
N, > N,, the BFE method is again used to reduce the archive size, and
the resulting set of non-dominated solutions represents the current POF.
At the end of each iteration, the BFE algorithm is applied once more
to the updated archive (with size N,, where N, < N,), and the 10%
of particles with the highest BFE values are selected as the global best.
These elite particles are used in the subsequent iteration to update the
velocity vector (Eq. (2)). For a more detailed explanation of the NMPSO
algorithm, the readers are referred to Lin et al. (2016).

3. The hydroMOPSO R package

The hydroMOPSO R package is a flexible, model-independent, and
multi-objective optimisation tool that implements the NMPSO algo-
rithm (Lin et al., 2016), with a particular emphasis on environmental
and hydrological applications. It can be used to calibrate any model
whose input/output files can be accessed from the system console,
whether implemented directly in R, referred to hereafter as an R-based
model, or as a standalone executable run via the command line using
input and output files, referred to as an R-external model. Coupling
hydroMOPSO with a model requires minimal programming effort and
does not require modifying the model’s source code. Built upon the hy-
droPS0 package (Zambrano-Bigiarini and Rojas, 2013), hydroMOPS0O
inherits several features designed to address a wide range of calibration
challenges. In particular, hydroMOPSO supports parallel execution
on multicore machines and network clusters, helping to mitigate the
computational cost of calibrating complex and time-consuming models.

3.1. Main functions

The main functions of hydroMOPSO are illustrated in Fig. 3, sum-
marised in Table 1, and briefly described below:

+ hydroMOPSO(): It is the core function of the hydroMOPSO R
package, which runs the multi-objective Particle Swarm Optimi-
sation algorithm (NMPSO). The default configuration is tuned
to achieve good results with a minimum number of iterations
(Marinao-Rivas and Zambrano-Bigiarini, 2021).

hydromod (): This function is designed for running R-external
models within the multi-objective optimisation algorithm. It
writes parameter values into the model input files, runs the exter-
nal model executable file in the command line, reads the model
output files, and computes the user-defined objective functions.
read_results(): This function reads the hydroMOPSO re-
sults obtained in a previous calibration saved to disk, allowing
users to analyse results and generate plots without re-calibrating
the model. It returns an object identical to that produced by
hydroMOPSO().

plot_results(): Produces high-quality, user-friendly plots
to support model calibration, integrating visualisations of hy-
drological model outputs and parameter values, with particular
emphasis on POF solutions. Internally, it calls three subordi-
nate functions (plot_out (), plot_pof (), plot_param())
to generate figures using the model outputs, the objective function
values in the POF, and parameter values in the POF, respectively.
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Table 1
Main functions of the hydroMOPSO R package®.
Function Short description
hydroMOPS0() Performs a model-independent multi-objective
optimisation with NMPSO.
hydromod () Runs R-external models.

read_results()
plot_results()
plot_pof )
plot_out ()
plot_param()

Reads results produced by hydroMOPSO.
Plots the main results of the optimisation.
Plots the Pareto-optimal front.

Plots time series from model output variables.
Plots boxplots and dotty plots comparing
parameter values with OFs.

2 Reproducibility note: we recommend to always use set.seed() and saving
sessionInfo() with outputs.

If no arguments are provided, it internally calls the read_re-
sults () function to load results from a previous calibration to
then generate the plots.

Fig. 3 illustrates the interaction between the main functions of
the hydroMOPSO R package. This flowchart introduces the concept
of wrapper function, a key element that users must define for each
calibration problem. The wrapper function is a short user-defined R
function that specifies what are the model parameters to be optimised,
what are the observations and the model outputs to be compared, and
what are the objective functions to be applied. Detailed information on
how to define and use this function is provided in Section 3.2.3.

3.2. Calibrating a model

This section outlines how to (i) fine-tune the hydroMOPSO param-
eters, (i) read model outputs, and (iii) integrate these steps into a
single user-defined wrapper function to handle the entire optimisation
process.

3.2.1. Modification of model parameters

When working with R-based hydrological models (i.e., when fn==
¢ ‘hydromodInR’’), locating and adjusting the model parameters is
typically straightforward, since they are passed as arguments in the
model’s execution function. For example, hydrological models like the
TUWmodel (Viglione and Parajka, 2020) and airGR (Coron et al.,
2022) follow this approach. In its simplest form, an R function repre-
senting a hydrological model could be structured as some_Rbased_
model (param.values, . . . ), where param.values is a vec-
tor containing the model’s parameter values. This structure is sim-
ilar to examples detailed in tutorials dedicated to the hydroPS0
package (Zambrano-Bigiarini and Baez-Villanueva, 2020; Zambrano-
Bigiarini, 2020).

However, when working with R-external models (i.e., when
fn=° ‘hydromod’’), modifying model parameters requires a more
elaborate procedure. In this case, hydroMOPSO updates the param-
eter values directly in the model’s input files, using the information
specified in the ParamRanges.txt and ParamFiles.txt files
(see Appendix A), before executing the model. This approach is com-
patible with a wide range of models, including the Soil and Water
Assessment Tool (SWAT; Arnold et al., 1998), its enhanced version
SWAT+ (Arnold et al., 2024), the Raven hydrological modelling frame-
work (Craig et al., 2020), and the U.S. Geological Survey’s modular
groundwater model (MODFLOW; Niswonger et al., 2011). Moreover, it
can be used indirectly with models that feature a graphical user inter-
face (GUI), such as the Water Evaluation and Planning System (WEAP;
Yates et al., 2005). To enable parameter modification via the command
line, users must provide two text files. The first, ParamRanges . txt,
defines the parameter space by specifying the lower and upper bounds
for each model parameter. The second, ParamFiles.txt, indicates
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the specific locations within the model’s input files where the corre-
sponding parameters can be found and modified. A detailed description
of the structure and content of these files is provided in Appendix A.

3.2.2. Reading model outputs

Reading outputs after model execution is straightforward in the case
of R-based models (when fn=="° ‘hydromodInR’ ), since the output
variables are typically returned by the model’s functions implemented
in R. However, for R-external models (when fn==° ‘hydromod’ ’),
this process is more complex, similar to the situation of input parame-
ters. In these cases, users must create a custom function to read the time
series of the relevant output variables. An example of such a function is
provided in Appendix B, where the function swat2zoo () is designed
specifically to read outputs from the SWAT+ model. The arguments of
this function can be customised as needed.

3.2.3. The wrapper function

The flexibility of the hydroMOPSO R package is primarily achieved
through the wrapper function, which allows users to integrate param-
eter modification and output reading during model execution. This
function is designed to adapt to different calibration approaches and
is left to the user to define. The following guidelines can assist in
developing the wrapper function:

» The wrapper function must contain the following input argu-
ments: param.values, a numeric vector containing the model
parameters; Obs, a list of observations of the output variables;
var .names, a character vector with the names of the variables

being considered; var.units, a character vector with the mea-
surement units for each variable; OFs . names, a character vector
with the names of the objective functions (OFs); full.period,
a vector of class Date, representing the full calibration period;
warmup.period, a vector of class Date for the warm-up pe-
riod; and cal . period, a vector of class Date for the calibration
period.

When dealing with R-external models, this sub-routine must exe-
cute the hydromod () function. This function writes the param-
eters provided by param. values to the appropriate input files,
runs the executable specified by (exe .name), and manages the
two standard files that detail the parameter changes and ranges
(by convention, ParamFiles.txt and ParamRanges.txt,
respectively). Additionally, the hydromod () function must in-
clude the custom function to read the model output variables,
such as the swat2zoo () function, as described in Appendix B.
Using simulations and observations of the variable(s) of interest
(for one or more model elements/points), the user can compute
the performance metrics (objective functions) as required. The
wrapper function must return a list with two specific objects: a
numeric vector named ¢ ‘OFs’’ containing all the performance
metrics, and a (sub)list named ¢ “Sim’’ that includes all the
simulated output variables used in the performance calculations.

Figs. 4 and 5 illustrate the minimum code structure required for
the wrapper function, tailored for R-based and R-external models,
respectively. Additionally, Fig. 6 presents a flowchart depicting the
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WrapperFunction <- function(param.values,

# Running the model
Sim_Rbased <- some_Rbased_model (param.values,

Obs, ...){

# Getting the simulated variables

sim.varl <-
sim.var2 <-
sim.var3 <-

# Getting the observations
Obs [[1]] # observed
O0bs [[2]] # observed
O0bs [[3]] # observed

obs.varl <-
obs.var2 <-
obs.var3 <-

# Calculating 3

goodness -of -fit

(from user-defined input

Sim_Rbased [[1]] #simulated variable 1
Sim_Rbased [[2]] #simulated variable 2
Sim_Rbased [[3]] #simulated variable 3

files)
variable 1
variable 2
variable 3

measures:
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gofl <- KGE(sim = sim.varl, obs = obs.varl) #0F for variablel
gof2 <- NSE(sim = sim.var2, obs = obs.var2) #0F for variable2
gof3 <- NSE(sim = sim.var3, obs = obs.var3) #0F for variable3
# Outputs to be returned to hydroMOPSO
out <- 1list(0Fs = c(gofl, gof2, gof3),

Sims = list(sim.varl, sim.var2, sim.var3))

return (out)

} # ’WrapperFunction’ END

Fig. 4. Basic structure of a wrapper function for an R-based model (fn==° ‘hydromodInR’’).

WrapperFunction <- function(param.values,
# Running the model
Sim <- hydromod(param.values,

Obs, ...){

exe.fname="some_Rexternal _model.exe",
param.files="MOPSO.in/ParamFiles.txt",
param.ranges="MOPSO.in/ParamRanges.txt",

out .FUNs=c("swat2zoo",
out .FUNs.args=1ist (

"swat2zoo"),

list(file.name = "cha_day.txt", id=5, name.col = "f1"),
list(file.name = "bas_day.txt", id=1, name.col = "et"),
list(file.name = "bas_day.txt", id=1, name.col = "sm"
), ..)

# Getting the simulated variables

sim.varl <- Sim[[1]] #simulated variable 1

sim.var2 <- Sim[[2]] #simulated variable 2

sim.var3 <- Sim[[3]] #simulated variable 3

# Getting the observations (from user-defined input files)

obs.varl <- 0bs[[1]] # observed variable 1

obs.var2 <- 0bs[[2]] # observed variable 2

obs.var3 <- 0bs[[3]] # observed variable 3

# Calculating 3 goodness-of-fit measures:

gofl <- KGE(sim = sim.varl, obs = obs.varl) #0F for variablel

gof2 <- NSE(sim = sim.var2, obs = obs.var2) #0F for variable2

gof3 <- NSE(sim = sim.var3, obs = obs.var3) #0F for variable3

# Outputs to be returned to hydroMOPSO

out <- 1ist(O0Fs = c(gofl, gof2, gof3),

Sim = list(sim.varl, sim.var2, sim.var3))
return (out)
} # ’WrapperFunction’ END
Fig. 5. Basic structure of a wrapper function for an R-external model (fn=="‘ ‘hydromod’ ’).

operation of the wrapper function, with panel (a) dedicated to the
R-based model and panel (b) to the R-external model.

4. Case studies

In this work, we evaluate the effectiveness and efficiency of hy—
droMOPSO using two distinct families of case studies: (i) benchmark
problems, which involve mathematical functions with a known true
POF, and (ii) real-world model optimisation problems where the true
POF is unknown. The real-world case studies are further categorised
into two types of optimisation problems, representing a broad range
of practical applications: (a) optimisation of two R-based hydrologi-
cal models (TUWmodel, GR4J), and (b) optimisation of a R-external
hydrological model (SWAT+).

For the benchmark functions and the real-world R-based case stud-
ies, we compared the performance of hydroMOPSO with caRamel

(Monteil et al., 2020), the only multi-objective R package publicly
available for optimising environmental and hydrological models.
caRamel uses a hybrid approach that combines the MEAS and NSGA-
IT multi-objective optimisation algorithms, which has been shown
to outperform these algorithms when applied independently (Monteil
et al., 2020).

4.1. hydroMOPSO configuration

For all case studies, we used the default configuration of hydro-
MOPSO as outlined in Marinao-Rivas and Zambrano-Bigiarini (2021).
Specifically, the setup included: (i) a swarm size of 10 particles (N =
10); (i) a maximum number of particles in the external archive equal to
100 (N, = 100); and (iii) a limit of genetic operations for the external
archive set at 50% of N, (Maxg, = 50). Particle initialisation was
performed using Latin-hypercube sampling (LHS).
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a) When fn=="hydromodInR"
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Post-Process
J GoF,
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Wrapper function

b) When fn=="hydromod"

PSOsearch
Hybrid search
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hydromod () calculation

GoF |
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Fig. 6. Flowchart illustrating the wrapper function required to run hydroMOPSO0. Panel (@) details the process for R-based models, whereas panel (b) demonstrates
the procedure for R-external models, highlighting how the hydromod () function manages interactions with the specific R-external model. The meaning of each
one of the flowchart symbols is the same as in Fig. 3.
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4.2. Benchmark problems for each benchmark problem (N = 3), the number of parameters to be
optimised (D) was 7, 12, and 12 for DTLZ1, DTLZ2, and DTLZ3, respec-
The four benchmark problems used in this study (DTLZ1, DTLZ2, tively. For these DTLZ minimisation problems, the HV was computed
DTLZ3, and Kursawe) are well established in the multi-objective opti- using the sear(fh space defined by the POF and a Nad pomt.of.Ref. Deb
misation literature (Deb et al., 2005). These problems were minimised et al. (2005), L.e., improvements of the POF should .result In Increases
using the smoof R package (Bossek, 2017). According to Deb et al. in the corresponding HV values. For the DTLZ1 function, the Nad point
(2005), the number of parameters (D) for each benchmark problem was set at (0.5,0.5,0.5), while for DTLZ2 and DTLZ3, the reference
is defined by the relationship D = N + k — 1, where N represents point was (1, 1, 1). For the Kursawe benchmark function, which has two
the number of objective functions, and k is an integer specific to each objectives and is conventionally solved as a minimisation problem, the
problem. For DTLZ1, DTLZ2, and DTLZ3, the values of k were set to known Pareto front imposed a Nad point located at (-13,0) for HV
5, 10, and 10, respectively. Therefore, with three objective functions calculations.
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Fig. 8. Performance comparison between hydroMOPSO and caRamel in terms of HV and GD for benchmark problems. The left column of the graph composition
(panels a, c, e, and g) presents the HV results, while the right column (panels b, d, f, and h) depicts the GD results.

To account for the uncertainty inherent in the stochastic nature of
the algorithms used, each algorithm was applied to each problem 200
times with random initialisations, using a large number of iterations (up
to 100,000 model evaluations). The goal was to visualise the median
evolution of each metric (HV and GD) and capture the uncertainty
through an envelope, reflecting the variability across different starting
points.

4.3. Real-world case studies

As real-world case studies, we applied two R-based lumped hydro-
logical models (TUWmodel and GR4J) and one semi-distributed, exter-
nally coupled hydrological model (SWAT+) to an Andean catchment in
southern Chile.

4.3.1. Study area

For all the hydrological models applied in this study, we used the
Rio Trancura antes de Llafenco sub-basin (referred to as the RTL sub-
basin) as the study area. This sub-basin is a tributary of the Rio Toltén
which flows through the eastern slopes of the La Araucania region in
southern Chile (see Fig. 7). It has an area of 1380 km? and eleva-
tions ranging from 353 to 3740 m a.s.l., defined by the homonymous
streamflow station (ID 9414001). It has a pluvio-nival hydrological
regime, with mean annual values of precipitation, air temperature and
streamflows of 2790 mm, 7.6°C and 106 m> s~!, respectively, for the
period 1980-2020. The climograph in Fig. 7c shows the occurrence of
precipitation throughout the year, with maximum values from May to
August (380-480 mm/month), mean air temperatures varying from 3°C
(JJA) to 14°C (DJF), while the mean monthly streamflows shown in
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7d reach their maximum value during winter (JJA), decreasing slowly
during spring (SON) and summer (DJF).

4.3.2. Input data

For catchment delineation, the TanDEM-X DLR 2017 and ALOS
PALSAR (Rosengvist et al., 2007) datasets were combined into a single
digital elevation model with 12.5 m resolution. Land use informa-
tion for 2018 was obtained from the CLDynamicLandCover prod-
uct (Galleguillos et al., 2024) at 30 m resolution and was considered
representative of the study period. Soil type information was collected
from CLSoilMaps (Dinamarca et al., 2023), a 100 m gridded dataset
of physical soil properties and hydraulic parameters for Chile and
shared basins with Argentina. This dataset has six standardised soil
depths, following the standards of the GlobalSoilMap project, and
was created using digital soil mapping techniques and the Rosetta3
pedotransfer function (Zhang and Schaap, 2017).

Daily precipitation and maximum/minimum air temperature data
were obtained from the CR2MET v2.5 gridded product (Boisier, 2023),
and daily potential evaporation was aggregated from the hourly global
hPET gridded product (Singer et al., 2021), which is derived from
ERA5-Land. Finally, daily streamflow data were obtained from the
Chilean General Water Directorate (DGA, https://dga.mop.gob.cl/serv
icioshidrometeorologicos/Paginas/default.aspx).

10

4.3.3. R-based case studies

Two R-based lumped hydrological models (TUWmodel, GR4J) were
used as real-world case studies with both hydroMOPSO and caRamel
R packages, to allow for a direct evaluation of the quality of the solu-
tions produced by these two algorithms. The evaluation was performed
in terms of the HV and GD metrics (see Section 2.4) obtained from these
two multi-objective optimisation R packages. As with the benchmark
functions presented in Section 4.2, to account for the uncertainty
from the stochastic nature of the algorithms, the evolution of the
performance metrics was analysed using 200 random initialisations,
each with up to 100,000 iterations. This approach provided a median
evolution of each metric and an envelope representing the uncertainty
across different initialisations. For each problem, the final results of
all runs (using both methods) were used to define the final POF, from
which the HV and GD metrics were calculated.

The following paragraphs provide a short description of the two
selected R-based lumped hydrological models.

TUWmodel. Developed by the Technical University of Vienna, this
hydrological model is based on the HBV model (Bergstrom and Fors-
man, 1973), operates on daily and hourly scales, and is implemented
in R via the TUWmodel package (Viglione and Parajka, 2020). It
simulates snow accumulation, soil moisture, and surface runoff, and
was validated across 320 Austrian basins (Parajka et al., 2007). In this
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study, a sensitivity analysis was used to identify the most important
parameters to be calibrated out of a total of 14 model parameters,
as outlined in Baez-Villanueva et al. (2021) and following guidelines
from Parajka et al. (2007), Ceola et al. (2015), Viglione and Parajka
(2020) and Széles et al. (2020).

GR4J. The modeéle du Génie Rural a 4 paramétres Journalier is a daily
lumped rainfall-runoff model developed by Perrin et al. (2003) and
implemented in R via the airGR package (Coron et al., 2017). For
calibration we included all four parameters of the model, with ranges
based on the 80% confidence intervals outlined by Perrin et al. (2003).

4.3.4. R-external case study

To further demonstrate the versatility of hydroMOPSO, the semi-
distributed SWAT+ hydrological model was used as an R-external real-
world case study. This example showcases the practical applications of
hydroMOPSO and its ability to handle models that cannot be executed
from within the environment of a programming language, and therefore
need to be run from the command line of the operating system.

SWAT+. An open-source, semi-distributed hydrological model
designed to simulate both surface and groundwater quantity and qual-
ity at various scales. It includes features for analysing the impact of
water management practices and predicting the effects of land use and
climate change (Bieger et al., 2017). SWAT+ (Arnold et al., 2024), avail-
able since 2015, is an updated version of the Soil Water Assessment
Tool (SWAT; Arnold et al.,, 1998), which has been widely used for
over 40 years to model hydrological processes and pollutant transport
under diverse environmental conditions, management practices, and
scenarios of climate and land use change (Douglas-Mankin et al., 2010;
Gassman et al.,, 2007). In addition to meteorological forcings and
observed output variables, SWAT+ requires all input data mentioned in
Section 4.3.2. Further modelling considerations for SWAT+ are detailed
in Appendix E.

4.3.5. Objective functions

For all the hydrological models considered in this work, we focused
exclusively on streamflow and evaluated two objective functions. The
first is the Kling-Gupta efficiency (KGE) (Gupta et al., 2009) (Eq. (4)),
which is particularly sensitive to high flow conditions.

KGE@Q)=1-V(=r2+@-12+(-1? (€3]

where r is the Pearson correlation coefficient between observed and
simulated values, « is a measure of the variability error, defined as the
ratio of the standard deviation of simulated to observed values, and g
is a measure of bias, expressed as the ratio of the means of simulated
to observed values.

As a second objective, we use the average between the Kling—Gupta
efficiency applied to flows and the same metric applied to inverse
flows KGE;;(Q) (Eq. (5)), as proposed by Garcia et al. (2017) for
calibrating low flows. The challenge with this metric is that it involves
inverted flows, i.e., 1/Q, which can lead to issues with values very
close to zero, or zero. To address this, we incorporated an epsilon
value, equivalent to 1% of the average observed flow (¢ = Q/100), as
suggested by Pushpalatha et al. (2012). This prevents the inverted flows
from approaching infinity in such cases.

1
KGE(Q)+ KGE <E>

KGE;;(Q) = )

2

Both KGE(Q) and KGE;;(Q) were calculated using the hydroGOF
R package (Zambrano-Bigiarini, 2024).

4.3.6. Sensitivity analysis
For the TUWmodel and SWAT+ case studies, a global sensitivity
analysis (GSA) was performed to reduce the number of parameters to

11

Environmental Modelling and Software 198 (2026) 106851

be calibrated. This analysis used variance-based GSA using samples
from Sobol’ sequences (Sobol, 2001; Saltelli et al., 2010). The single
objective function used for this analysis was the average of KGE(Q)
and KGE, 7(0), as described in Section 4.3.5. Parameters were ranked
by their Total Order Index (TOI) values, which measure their impact on
the model, including both direct effects and interactions with other pa-
rameters. The 10 parameters with the highest TOI values were selected
for calibration in both models.

In the case of TUWmodel, the analysis included 14 parameters with
calibration ranges adapted from previous studies (Parajka et al., 2007;
Ceola et al., 2015; Baez-Villanueva et al., 2021). Detailed information
about these parameters, including their descriptions, calibration ranges,
and the Total Order Index values obtained from the global sensitivity
analysis, is provided in Table C.1.

For SWAT+, the sensitivity analysis was conducted on 17 param-
eters, selected based on the considerations outlined in Section 4.3.1.
These parameters cover various hydrological processes, including: soil
properties (soil_k, soil_awc), flow in the root zone (perco,
latqg_co), flow in the shallow aquifer (alpha_bf, rchg_dp,
spec_yld, flo_min, revap_min, revap), runoff (CN2), snow ac-
cumulation and melting (fall_tmp, melt_tmp, melt_max,
melt_min), canopy storage (can_max), and plant development
(rt_dp_max). Detailed information about these parameters, including
their descriptions, calibration ranges, and the Total Order Index values
obtained from the global sensitivity analysis, is provided in Table D.1.

5. Results

The results are organised according to the case studies detailed
in Section 4, encompassing both benchmark problems and real-world
applications for R-based and R-external models.

5.1. Benchmark problems

Regarding the performance evaluation of the benchmark problems
(all R-based), Fig. 8 provides a summary of the evolution of HV and GD
relative to the number of model runs. The figures include solid lines
that highlight the median results from all random initialisations, along
with an envelope representing the range of variability.

Regarding the DTLZ problems, both methods exhibit similar be-
haviour in HV evolution during the evaluations. However, hydro-
MOPSO achieves higher HV values as the Pareto front stabilises. Specif-
ically, for DTLZ1, hydroMOPSO reaches a value of 0.79 before 20,000
evaluations; for DTLZ2 it achieves 0.42 before 10,000 evaluations;
and for DTLZ3 obtains a value of 0.42 before 45,000 evaluations. In
contrast, caRamel only reaches values of 0.76, 0.37, and 0.37 for
DTLZ1, DTLZ2, and DTLZ3, respectively, requiring significantly more
evaluations for DTLZ1 and DTLZ3. For the Kursawe function, there is
no substantial difference between the two algorithms. Both methods
stabilise at an HV value of 0.43, with nearly the same number of
evaluations.

In terms of GD, hydroMOPSO generally performs better, as indi-
cated by the median evolution, showing a superior ability to achieve
high accuracy of the Pareto front. For the DTLZ2 and Kursawe func-
tions, hydroMOPSO0 reaches GD values close to zero in less than 5000
model runs. For DTLZ1 and DTLZ3, it achieves similarly low GD values
in less than 12,000 and 32,000 model runs, respectively.

5.2. Real-world case studies

Regarding the performance evaluation of the real-world case studies
developed as R-based models, Fig. 9 provides a summary of the evolu-
tion of HV and GD as a function of the number of model runs. The
solid line in each graph highlights the median values derived from all
random initialisations, accompanied by an envelope that represents the
range of variability.
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Regarding the calibration of the GR4J hydrological model, the
results indicate that hydroMOPSO shows a slight advantage in con-
vergence to the Pareto-optimal front, as evidenced by the median
hypervolume, which reflects both accuracy and diversity. The envelope
for hydroMOPSO is narrower compared to that of caRamel, suggest-
ing that hydroMOPSO often avoids sub-optimal solutions even after
a large number of model runs (up to 20,000 in Fig. 9). In contrast,
for the calibration of the TUWmodel, the median HV evolution is
similar for both methods, but caRamel shows a small advantage.
Additionally, caRamel also produces a smaller envelope compared to
hydroMOPSO, indicating that it delivered more consistent solutions.

In terms of GD, which measures accuracy, the calibration results for
the GR4J model show that both methods have similar median GD val-
ues up to 5000 model runs, with a slight advantage for caRamel. How-
ever, after 15,000 runs, hydroMOPSO surpasses caRamel in terms of
accuracy. The envelope of caRamel is relatively wide, suggesting that
it may often converge to sub-optimal Pareto fronts.

For TUWmodel, caRamel initially has an advantage with a nar-
rower envelope, indicating more consistent solutions. In contrast, hy-
droMOPSO requires more evaluations to stabilise the Pareto front
but maintains stable accuracy with additional model runs. Notably,
while hydroMOPS0O maintains its accuracy, caRamel experiences a
degradation after 13,000 runs.

5.2.1. R-external case study

Pareto-optimal front and hydrographs. Fig. 10 illustrates the outcomes
of the multi-objective calibration of SWAT+. The left panel displays
the final Pareto front obtained with hydroMOPSO in the objective
space, highlighting the best compromise solution. The final Pareto
front reveals the typical concave shape, reflecting the trade-off between
the two objectives, but there is a significant difference in the ranges
of the two objectives. Specifically, KGE(Q) values are concentrated
within a narrow range ( 0.60,0.77), while KGE, ;(Q) presents a wider
one ( —4.80,0.75). This disparity introduces a distortion in identifying
the best compromise solution, making it necessary to adapt the front
to the normalised objective space, following the approach explained
in Section 2.3. After normalisation, the best compromise solution is
BCS = (0.62,0.71). The right panel of the figure shows the hydrographs
of all solutions of the Pareto front, represented as an envelope with a
p-factor of 0.71 and an r-factor of 0.6, compared to the observed values.

In Fig. 11, the streamflow output variable (as shown in Fig. 10) is
presented as flow duration curves (FDCs) to evaluate the model’s per-
formance across different flow magnitudes. These curves highlight the
flow characteristics provided by the solutions that maximise KGE(Q),
maximise KGE,;(Q), and the one that represents the best compro-
mise solution. In the left panel of Fig. 11, the solution that max-
imises KGE(Q) proves to be less effective for low flows (above 50%
probability of exceedance), substantially underestimating these values.
Conversely, the solution maximising KGE,(Q) accurately adjusts to
low flows, while the best compromise solution performs well in this
range. The envelope encompasses most low flows, except for those with
a probability of exceedance above 90%.

In the right panel of Fig. 11 the flow duration curves illustrate the
mean-high flows. The solution that maximises KGE,;(0) exhibits a
poorer representation of high flows compared to the solution that max-
imises KGE(Q). Specifically, the KGE(Q)-maximising solution aligns
well with the observed values for exceedance probabilities between 10
and 40%.

Parameters. Regarding the parameters of the optimal solutions, we
highlight general observations on their behaviour based on the dis-
persion shown in the dotty plots of Figs. 12 and 13, for KGE and
KGE;;(Q), respectively. For the parameter alpha_bf, the model
achieves satisfactory simulations for both objectives when this param-
eter is set to its maximum value of 1. This indicates that the basin’s
baseflow responds quickly to changes in recharge.
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The perco parameter substantially influences the performance of
the metrics across its entire range. The best KG E(Q) performances are
achieved when perco is close to 1, indicating that percolation occurs
at lower moisture levels, relatively closer to field capacity. In contrast,
the best KGE,;(Q) results are obtained with perco values around
0.75, suggesting that percolation is less frequent and requires higher
moisture levels.

For the parameter 1atq_co, optimal solutions are obtained when
its value is 0, which indicates that the sub-basin has a negligible contri-
bution of lateral flow, both for low and medium-high flows. Similarly,
the parameter rchg_dp also yields optimal solutions when it takes a
value 0, suggesting that the catchment has a minimal contribution from
recharge to the deep aquifer.

The soil_awc parameter also substantially influences the model’s
response for both medium-high and low flows but optimal perfor-
mance is achieved within a more constrained range than the originally
specified (1.6-2.4). Higher values of available water capacity, which in-
dicate greater water retention in the soil layers, enhance the simulation
of medium-high flows but reduce the accuracy of low flow represen-
tation. Conversely, lower available water capacity values improve the
simulation of low streamflows but reduce the accuracy of medium and
high flows.

The parameters CN, soil_k, flo_min, revap_min, and revap
exhibit different behaviour from those discussed previously. Specifi-
cally, these parameters show significant dispersion within a narrower
range than those used during calibration. This means that for the same
parameter value, the performance can vary considerably across differ-
ent objective functions. Similar performance levels can be achieved
with different parameter values. This does not necessarily indicate that
these parameters are insensitive within the narrower range; rather,
it suggests that within this range of optimal solutions, the model’s
response is primarily influenced by other parameters, such as perco
and soil_awc.

6. Conclusion

In this manuscript, we introduced hydroMOPSO, a new model-
independent and multi-platform R package designed for the multi-
objective optimisation of environmental and hydrological models. Our
package implements the robust NMOPSO MOO algorithm, and its
flexibility allows its application to both R-based and R-external types
of models with high-quality results. hydroMOPSO offers fine-tuning
options and features a default configuration optimised to efficiently
achieve a satisfactory Pareto-optimal front with a reduced number of
evaluations.

To assess the performance of hydroMOPS0O, we compared it with
the caRamel R package, which has demonstrated effectiveness in solv-
ing multi-objective optimisation problems. Our comparisons demon-
strated that hydroMOPSO outperforms caRamel in solving four
benchmark problems, as evidenced by the HV and GD metrics. In
addition, in the calibration of the R-based TUWmodel hydroMOPSO
exhibited greater dispersion but similar median HV values compared to
caRamel. Conversely, for the calibration of the R-based GR4J model,
hydroMOPSO achieved faster convergence to a higher HV with less
dispersion than caRamel.

To further illustrate the flexibility of hydroMOPSO, the semi-
distributed SWAT+ hydrological model was used as an R-external
real-world case study with two objectives (KGE and KGE;;(Q)).
Results obtained in all case studies highlight the ease of use of hy—
droMOPSO0, including the automatic generation of highly informative
results for the users, such as hydrographs, flow duration curves, and
dotty plots based on the parameters obtained from the Pareto-optimal
front.
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Focus on high flows
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Fig. 13. Dotty plots showing the model performance according to KGE,(Q) vs. optimal parameter values of final Pareto-optimal front.

hydroMOPSO was developed as a robust and user-friendly soft-
ware for multi-objective calibration, offering extensive options for fine-
tuning, flexibility and model independence, taking advantage of multi-
core machines and network clusters. It allows the user to easily specify
the main arguments of the algorithm, select a set of existing objective
functions or define their own, define which model outputs need to
be read for the calculation of the objective functions (including raster
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maps, time series or text files), providing excepcional customisation
capabilities and ease of use.

In summary, in this article hydroMOPSO proved to be a robust and
efficient R package for multi-objective optimisation of environmental
and hydrological models. Its superior performance, adaptability, and
ease of use, demonstrated by various R-based and R-external case stud-
ies, make it an attractive tool for researchers and practitioners trying to
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use multi-objective optimisation to obtain robust model parameters and
good simulated values for the right reasons. We encourage the scientific
community to embrace hydroMOPSO and explore its potential for
tackling complex multi-objective optimisation problems in the fields of
environment, hydrology and beyond.
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Appendix A. ParamFiles.txt and paramRanges.txt input
files

The calibration of R-external models using hydroMOPSO requires
two input files: ParamRanges.txt, which specifies the minimum
and maximum values of each parameter included in the calibration;
and ParamFiles.txt, which defines where parameter values must
be modified within the model input files. Together, these files allow the
hydroMOPSO engine to update parameter values in the user-defined
model across iterations

The ParamRanges . txt (see Table A.1) file contains as many rows
as there are parameters to calibrate (D parameters), plus a header row.
In detail:

» ParameterNmbr is a unique, consecutive identifier assigned to
each parameter.

ParameterName specifies the name of the model parameter. It
is recommended to use the same identifier as in the useer-defined
model (e.g.,
CN2).

MinValue and MaxValue define the lower and upper bounds
used for calibrating each parameter. These values may have dif-
ferent interpretations depending on the selected ChangeType.
ChangeType defines how the parameter is modified during
calibration, and can be specified as replacement (repl), multi-
plicative (mult), or additive (addi) change.

Min4Change and Max4Change specify the absolute minimum
and maximum allowable values for each model parameter during
calibration. These fields are required only when ChangeType is
set to multiplicative (mult) or additive (addi) change.

The ParamFiles.txt (see Table A.2) file might be considerably
larger than ParamRanges . txt because changing the value of a single
parameter might require a large number of modifications to the model
input files. In detail:

» ParameterNmbr is a consecutive (and not necessarily unique)
identifier assigned to each parameter. It must match the parame-
ter number specified in the ParamRanges . txt file.
ParameterName is a user-defined parameter label. It must cor-
respond to the ParameterName used in the ParamRanges . txt
file.

Filename specifies the name of the model input file in which
the parameter is located.

Row.Number indicates the row number in the input file where
the parameter value is found.

Col.Start and Col.End define the starting and ending col-
umn positions in the input file where the parameter value should
be written.

DecimalPlaces specifies the number of decimal places used
when writing the parameter values.

RefValue defines the reference value used for multiplicative
or additive changes. For multiplicative (mult) changes, param-
eter values are scaled relative to this reference value, while for
additive (addi) changes, increments or decrements are applied
around it. This value must be consistent with the parameter
ranges specified in the ParamRanges . txt file.
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Table A.1
ParamRanges.txt. This file contains the detail of the change of n parameters.
ParameterNmbr ParameterName MinValue MaxValue ChangeType Min4Change Max4Change
1 par_1 minval_1 maxval_1 typ_1 min_1 max_1
2 par_2 minval_2 maxval_2 typ_1 min_1 max_1
3 par_3 minval_3 maxval_3 typ-1 min_1 max_1
4 par_4 minval_4 maxval_4 typ_1 min_1 max_1
D par_D minval_D maxval_D typ_D min_D max_D
Table A.2
ParamFiles.txt. This file contains the detail of the m modifications needed to change n parameters indicated in Param-
Ranges.txt.
ParameterNmbr ParameterName Filename Row.Number Col.Start Col.End DecimalPlaces RefValue
1 par_1 file_1 x_1 y_1 z_1 dec_1 ref_1
2 par_2 file_2 x_2 y_2 z_2 dec_2 ref_2
3 par_3 file_3 x_3 y_3 z_3 dec_3 ref_3
4 par_4 file_4 x_4 y_4 z_4 dec_4 ref_4
n par_m file_m X_m y_m zZ_m dec_m ref_m

Appendix B. Function used to read an output variable from a
model

As an example, the swat2zoo () function listed below is used to
read a specific variable (name.col) from one output file
(channel_sd_day.txt) of the SWAT+ hydrological model.

swat2zoo <- function(file.name
id, first.date=NULL,

"channel_sd_day.txt",
last.date=NULL, name.col){

require (zoo)

header <- read.table(file.name, skip=1, nrows=1,
sep="")

header <- as.character (header)

indexVar <- which(header == name.col)

indexID <- which(header == "gis_id")

classes <- rep("NULL", length(header))

classes [indexID] <- "character"

classes[indexVar] <- "numeric"

df .read <- read.table(file.name, skip = 3,

colClasses = classes, sep="")

all.id.out <- as.character (df.read[,1])

all.out <- as.numeric(df.read[,2])

index.id <- all.id.out %in% id

main.out <- all.out[index.id]

number.dates <- length(main.out)

indexDates <- ¢c(2,3,4)

classesDates <- rep("NULL", length(head))

classesDates[indexDates] <- '"numeric"

df .date <- read.table(file.name, skip=3,
colClasses=classesDates,
sep="") [index.id,]

dates <- as.Date(apply(df.date, FUN=paste,

collapse="-", MARGIN=1),
format = "%m-%d-%Y")
out.zoo <- zoo::zoo(main.out, dates)
if ( !'is.null(first.date) )

out.zoo <- window(out.zoo, start=first.date)

if ( !is.null(last.date) )
out.zoo <- window(out.zoo, end=last.date)
return(out.zoo0)

} # ’swat2zoo’ END
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Appendix C. Sensitivity analysis of TUWmodel
See Table C.1.

Appendix D. Sensitivity analysis of the SWAT+ model
See Table D.1.

Appendix E. Considerations on hydrological modelling with
SWAT+

Since SWAT+ allows the representation of various hydrological pro-
cesses, it was necessary to establish a simplified representation of the
catchment that was simple enough for the scope of the present work,
but robust enough to adequately represent large-scale hydrological
processes.

The RTL sub-basin does not have extensive previous studies for the
elaboration of a conceptual hydrological model, so we will state some
key assumptions from our own field experience, which includes trial
pits surveys and the collection of field data, information that can be
consulted on the website https://chi2.ufro.cl/Datos/.

+ Given the pluvial-nival regime characterised in the basin, param-
eters related to snow accumulation and melting may have some
degree of importance, so they were considered in the sensitivity
analysis.

Recharge to the deep aquifer is not ruled out, as the background
studies by GORE Araucania - DGA (2016) show that at least 100 m
depth to basement in the lower part of the basin, however, there
is no data for the upper part of the basin. With this in mind, it
was decided to keep the value of recharge to the deep aquifer at
around the default value of 5%, specifically considering values
between 0% and 10% in the sensitivity analysis and calibration.
Although estimates of saturated hydraulic conductivity (K,,,) and
available water capacity (AW C) are available from the Soil-
Grids-based product, only the spatial variability of these data
from the discretisations achieved according to soil textures was
taken into account. Thus, these can be adjusted with a factor,
which in the context of the calibration with hydroMOPSO will
be called multiplicative change (mult). This is motivated by the
uncertainty of these parameters when direct field measurements
are not even available.
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TUWmodel parameters considered for the Sobol’ sensitivity analysis. The first ten parameters were used for the calibration, ranked according to the Sobol’ total

order index (Sobol’ TOI) value.

ID Short description Unit Process Range Sobol Ranking
TOI
cperc Constant percolation rate mm/day Infiltration 0.0-8.0 0.619168 1
k2 Storage coefficient for slow response day Runoff 30-250 0.281497 2
BETA Non-linear parameter for runoff production - Infiltration 0.0-20 0.102511 3
FC Field capacity mm Infiltration 0.0-600 0.044742 4
k1 Storage coefficient for fast response day Runoff 2.0-30 0.033318 5
1lsuz Threshold storage state mm Runoff 1.0-100 0.028031 6
kO Storage coefficient for very fast response day Runoff 0.0-2.0 0.026030 7
LPrat Parameter related to the limit for potential evaporation - Evaporation 0.0-1.0 0.012672 8
DDF Degree-day factor mm/°C/day Snow 0.0-5.0 0.008622 9
croute Free scaling parameter day?/mm Runoff 0.0-50 0.006355 10
Twb Wet bulb temperature °C Snow -3.0-3.0 0.006137 11
bmax Maximum base at low flows day Runoff 0.0-30 0.005714 12
Tm Temperature threshold above which melt starts °C Snow -2.0-2.0 0.000394 13
SCF Snow correction factor - Snow 0.9-1.5 0.000328 14
Table D.1

SWAT+ model parameters considered for the Sobol’ sensitivity analysis. The first ten parameters were used for the calibration, ranked according to the Sobol’
total order index (Sobol’ TOI) value. The Change field refers to the type of change used for each model parameter during the MO optimisation, with repl, mult
and add representing direct replacement, multiplicative change and additive change, respectively.

D Short description Units Filename Change Range Sobol Ranking
TOI

soil_awc Available water capacity - soils.sol mult 0.1-3.0 0.402039 1
soil_k Saturated hydraulic conductivity mm/h soils.sol mult 0.1-3.0 0.237215 2
latqg_co Lateral soil flow coefficient - linear adjustment - hydrology.hyd repl 0.000-0.015 0.180337 3
perco Percolation coefficient - hydrology.hyd repl 0.75-0.92 0.118543 4
revap_min Threshold depth of water for revap to occur m aquifer.aqu repl 1-10 0.086714 5
flo_min Minimum aquifer storage to allow return flow m aquifer.aqu repl 1-10 0.080658 6
alpha_bf Baseflow alpha factor 1/day aquifer.aqu repl 0-1 0.050953 7
revap Groundwater revap coefficient - aquifer.aqu repl 0.02-0.2 0.033571 8
rchg_dp Deep aquifer percolation fraction - aquifer.aqu repl 0.0-0.1 0.006292 9
CN2 Curve number - cntable.lum mult 0.6-1.2 0.004502 10
melt_max Maximum melt rate for snow during year mm/°C/day Snow.sno repl 0-10 0.001314 11
fall_tmp Snowfall temperature °C SNow.Sno repl -5-5 0.001125 12
melt_min Minimum melt rate for snow during year mm/°C/day SNow.Sno repl 0-10 0.000887 13
spec_yld Specific yield of the shallow aquifer m3 /m? aquifer.aqu repl 0-0.4 0.000522 14
can_max Maximum canopy storage mm hydrology.hyd repl 1-10 0.000482 15
melt_tmp Snow melt base temperature °C SNOW. SNo repl -5-5 0.000349 16
rt_dp_max Maximum root depth m plants.plt mult 0.75-1.15 0.000053 17

» The soil horizon was set to a depth of 3 m in all soil classes
discretised from the SoilGrids data. This is assumed on the basis
that deep root growth exceeding 2 m has been observed in native
forest areas. This was done by simply extending the last soil layer.
Rooting depth was identified as a sensitive parameter in prelim-
inary analyses of the catchment (not shown). It was selected for
calibration due to (i) its strong influence on evaporative processes
of tall vegetation (e.g., forests) through its control on vegetation
access to groundwater, and (ii) its role in regulating soil moisture
availability, which in turn affects transpiration rates and the par-
titioning between evaporation and runoff. Additionally, rooting
depth can modulate ecosystem resilience to drought conditions,
thereby influencing the hydrological response at both seasonal
and interannual scales.

Data availability

* Marinao, R.; Zambrano-Bigiarini, M.; Baez-Villanueva, O. M. (2025).
Supplementary material for manuscript ENVSOFT-D-25-01387 “hydro-
MOPSO: a flexible and model-independent multi-objective optimisation
R package for environmental and hydrological models” by R. Marinao,
M. Zambrano-Bigiarini, and O. Baez-Villanueva (Version 1). Zenodo. h
ttps://doi.org/10.5281/zenodo.15743400.

» Marinao, R.; Zambrano-Bigiarini, M.; Baez-Villanueva, O. M.; Mufloz-
Neira, R. (2025). Tutorial for using hydroMOPSO to calibrate SWAT+
(v0.1). Zenodo. https://doi.org/10.5281/zenodo.17273537.
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+ Zambrano-Bigiarini, M.; Marinao, R.; Baez-Villanueva, O. M.; Muiioz-
Neira, R. (2025). Tutorial for using hydroMOPSO to calibrate TUW-
model (v0.1). Zenodo. https://doi.org/10.5281/zenodo.17273949.

The first dataset contains supplementary materials used to gen-
erate the results in the manuscript, including R scripts, calibration
outputs, and visualisations. The second and third datasets contain
detailed tutorials about how to use hydroMOPSO to carry out a multi-
objective calibration of SWAT+ and TUWmodel, respectively. Examples
of benchmark functions are included in the hydroMOPSO package
documentation and do not require external data.
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