
Citation: Mao, H.; Wang, C.; He, Y.;

Song, X.; Ma, R.; Li, R.; Duan, Z.

Advancing SWAT Model Calibration:

A U-NSGA-III-Based Framework for

Multi-Objective Optimization. Water

2024, 16, 3030. https://doi.org/

10.3390/w16213030

Academic Editor: Avi Ostfeld

Received: 31 August 2024

Revised: 10 October 2024

Accepted: 18 October 2024

Published: 22 October 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

water

Article

Advancing SWAT Model Calibration: A U-NSGA-III-Based
Framework for Multi-Objective Optimization
Huihui Mao 1 , Chen Wang 1 , Yan He 1, Xianfeng Song 1,* , Run Ma 2 , Runkui Li 1 and Zheng Duan 3

1 College of Resources and Environment, University of Chinese Academy of Sciences, Beijing 101408, China;
maohuihui16@mails.ucas.ac.cn (H.M.); wangchen223@mails.ucas.ac.cn (C.W.);
heyan211@mails.ucas.ac.cn (Y.H.); lirk@ucas.ac.cn (R.L.)

2 Artificial Intelligence Key Laboratory of Sichuan Province, Sichuan University of Science & Engineering,
Yibin 644005, China; marun@suse.edu.cn

3 Department of Physical Geography and Ecosystem Science, Lund University, Sölvegatan 12, 223 62 Lund,
Sweden; zheng.duan@nateko.lu.se

* Correspondence: xfsong@ucas.ac.cn

Abstract: In recent years, remote sensing data have revealed considerable potential in unraveling
crucial information regarding water balance dynamics due to their unique spatiotemporal distribution
characteristics, thereby advancing multi-objective optimization algorithms in hydrological model
parameter calibration. However, existing optimization frameworks based on the Soil and Water
Assessment Tool (SWAT) primarily focus on single-objective or multiple-objective (i.e., two or three
objective functions), lacking an open, efficient, and flexible framework to integrate many-objective
(i.e., four or more objective functions) optimization algorithms to satisfy the growing demands of
complex hydrological systems. This study addresses this gap by designing and implementing a
multi-objective optimization framework, Py-SWAT-U-NSGA-III, which integrates the Unified Non-
dominated Sorting Genetic Algorithm III (U-NSGA-III). Built on the SWAT model, this framework
supports a broad range of optimization problems, from single- to many-objective. Developed
within a Python environment, the SWAT model modules are integrated with the Pymoo library to
construct a U-NSGA-III algorithm-based optimization framework. This framework accommodates
various calibration schemes, including multi-site, multi-variable, and multi-objective functions.
Additionally, it incorporates sensitivity analysis and post-processing modules to shed insights into
model behavior and evaluate optimization results. The framework supports multi-core parallel
processing to enhance efficiency. The framework was tested in the Meijiang River Basin in southern
China, using daily streamflow data and Penman–Monteith–Leuning Version 2 (PML-V2(China))
remote sensing evapotranspiration (ET) data for sensitivity analysis and parallel efficiency evaluation.
Three case studies demonstrated its effectiveness in optimizing complex hydrological models, with
multi-core processing achieving a speedup of up to 8.95 despite I/O bottlenecks. Py-SWAT-U-NSGA-
III provides an open, efficient, and flexible tool for the hydrological community that strives to facilitate
the application and advancement of multi-objective optimization in hydrological modeling.

Keywords: SWAT model; multi-objective optimization; parallel processing; U-NSGA-III; parameter
calibration; sensitivity analyses

1. Introduction

Hydrological models serve as essential tools for simulating natural system processes,
playing a crucial role in watershed management and decision-making [1]. These models
assist researchers in achieving a profound understanding of the hydrological cycle within
the Earth system, including simulations of water quantity, water quality, and studies on
climate change [2–5]. In recent years, distributed hydrological models have gained increas-
ing attention due to their ability to capture spatial heterogeneity [6,7]. These models are
typically characterized by their intricate structures and numerous parameters. While some
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parameters can be derived from measurements or observations, many remain unobserv-
able and necessitate calibration for determination [8,9]. In automated model calibration,
genetic algorithms (GAs), multi-objective algorithms based on the Pareto concept, and
many-objective optimization algorithms proposed in recent years have been experienced
in previous studies [10–13]. However, the calibration process typically demands extensive
iterative optimization, significantly increasing the computational burden of the model. As
a result, calibrating hydrological model parameters remains one of the most challenging
tasks in the hydrological community [14]. Traditional calibration methods that rely solely
on streamflow observations are susceptible to the problem of equifinality, where different
parameter sets yield similar or acceptable model performance [15]. Consequently, the
efficient and accurate calibration of hydrological models has emerged as a critical issue that
needs addressing.

The SWAT is a continuous, long-term, distributed, and physically based hydrological
model [16]. Since its release, it has been adopted due to its open-source nature [4,17].
Various optimization algorithms have been proposed for SWAT calibration. Among them,
SWAT-CUP is the most commonly used calibration tool and contains multiple optimization
algorithms, primarily single-objective ones [18]. Many classical optimization algorithms
have also been applied in SWAT models [19,20], including GAs [21], Shuffled Complex
Evolution (SCE-UA) [22,23], and its improved algorithm Shuffled Complex Evolution
Metropolis algorithm (SCEM-UA) [24], as well as the Dynamically Dimensioned Search
(DDS) algorithm [25]; however, these algorithms were also developed to solve single-
objective optimization problems. Single-objective approaches often use aggregation func-
tions when dealing with multi-objective problems, where results depend on the weighting
of different objective functions, which introduces subjectivity and can disguise trade-offs
among competing criteria [26]. Studies have demonstrated that there are often conflicts
and trade-offs between calibration objectives in hydrological models and that single per-
formance measures (e.g., root-mean-square error (RMSE)) are insufficient to characterize
the complex behavior of a watershed, necessitating multi-objective optimization (MOO)
to identify a set of Pareto optimal solutions [12,26–28]. In practice, MOO facilitates the
consideration of multiple, potentially competing objectives, such as streamflow at multiple
gauges, multiple variables (such as streamflow, ET, leaf area index (LAI), and soil moisture
(SM)), and multiple objective functions (such as Nash-Sutcliffe Efficiency (NSE), coefficient
of determination (R2), Kling–Gupta Efficiency (KGE), and Percentage Bias (PBIAS)) [29–35].
Multi-source data, such as remote sensing data, enrich observations for hydrological mod-
els to help mitigate the equifinality problem [36–39]. In addition, MOO algorithms can
simultaneously optimize multiple objectives by incorporating one or more hydrological
variables from remotely sensed data, thereby improving model accuracy [37]. Evolutionary
algorithms, represented by genetic algorithms, are inherently capable of parallel processing,
which can accelerate model execution and alleviate the computational burden in SWAT
model parameter calibration [40], making them increasingly popular in the hydrological
community [41].

Recent advances have seen the extensive application of multi-objective algorithms in
calibrating the SWAT model. Researchers have explored various multi-objective algorithms,
including the Non-dominated Sorted Genetic Algorithm II (NSGA-II), the multi-algorithm,
the genetically adaptive multi-objective method (AMALGAM), Borg, and U-NSGA-III,
within the SWAT framework. For example, Bekele and Nicklow [29] calibrated the SWAT
model for streamflow and sediment using the Non-dominated Sorted Genetic Algorithm
II (NSGA-II) algorithm and found that multi-objective calibration improved model per-
formance. Ercan and Goodall [14] developed a calibration library based on the NSGA-II
algorithm and demonstrated its effectiveness for SWAT model calibration. Zhang, et al. [42]
introduced the PP-SWAT tool for efficient SWAT model calibration based on the AMAL-
GAM algorithm [43], achieving a speedup of 45–109 times on a Linux computer cluster.
Besalatpour, et al. [44] used parallel processing techniques in combination with the AMAL-
GAM multi-objective optimization algorithm for multi-site calibration of SWAT model
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parameters, which accelerated the computational speed of the model. Zhang, et al. [45]
further compared the performance of the AMALGAM, Strength Pareto Evolutionary Algo-
rithm 2 (SPEA2), and NSGA-II algorithms in the SWAT model and found that AMALGAM
was superior. Chilkoti, et al. [33] used hydrological signatures as objective functions in a
multi-objective optimization framework and employed the Borg multi-objective evolution-
ary algorithm (MOEA) to calibrate the SWAT model; their results showed that combining
hydrological signatures with conventional statistical functions improved the accuracy of
low-flow simulations. Hernandez-Suarez, et al. [13] applied the U-NSGA-III algorithm
for multi-objective calibration of ecologically relevant hydrologic indices (ERHIs) in the
SWAT model. Herman, et al. [34] used the U-NSGA-III algorithm in the SWAT model,
considering streamflow and remote sensing actual evapotranspiration (ETa) simultane-
ously for multi- and many-objective calibration, and verified the efficacy of the U-NSGA-III
algorithm in the SWAT model. To overcome the limitations of parallel processing in the
SWAT-CUP software, alternative tools have emerged. For instance, Zamani, et al. [46]
developed the LCC-SWAT system, a cloud-based framework that integrates the SUFI-2 and
DDS algorithms for parallel runs.

Despite significant progress in the multi-objective calibration of the SWAT model,
several limitations persist within existing calibration tools. Firstly, some tools are not pub-
licly available, including optimization algorithms or parallel modules [44,47–51]. Secondly,
mainstream calibration tools (e.g., SWAT-CUP) either lack evolutionary multi-objective
algorithms [52] or fail to support many-objective calibration [14,18,46,53], limiting their
ability to calibrate multiple objectives simultaneously. The increasing incorporation of
multiple remote sensing hydrological variables into hydrological models simultaneously
has the potential to give rise to complex many-objective optimization challenges [38,54–57].
However, traditional multi-objective algorithms like NSGA-II may struggle to search for
many-objective Pareto solutions [58,59]. Finally, some existing tools are not flexible enough
to meet the customized needs of users [52]. Consequently, there is an urgent need to develop
an open, efficient, and flexible multi-objective calibration framework for the SWAT model
that supports many-objective calibration to address the evolving needs of the hydrological
community utilizing multi-source remote sensing data.

The NSGA-III algorithm holds promise for many-objective optimization, but previous
research has found that its performance may degrade when dealing with one or two
objectives [60]. In response, the U-NSGA-III algorithm was developed to be suitable for
optimization problems with single objectives, multiple objectives, and many objectives.
This study aims to construct a multi-objective calibration framework for the SWAT model
that integrates the U-NSGA-III algorithm, named Py-SWAT-U-NSGA-III, which applies
from single-objective to many-objective calibration. This framework is developed on
Python and is openly accessible. It also supports parallel processing, which can improve
the running efficiency of the model. Furthermore, the Python-based platform allows SWAT
researchers the flexibility to make customized modifications tailored to their specific needs.

To further broaden the application scenarios of the Py-SWAT-U-NSGA-III framework,
this study introduces multiple calibration schemes, including multi-site, multi-variable,
and multi-objective function calibrations. Among them, the multi-variable calibration
incorporates remotely sensed hydrological variables, such as ET, LAI, and biomass, which
can improve the accuracy of SWAT model sub-processes. The framework supports sen-
sitivity analysis, enabling time-varying sensitivity analysis for daily data, and provides
post-processing modules (Multi-Criteria Decision Making (MCDM), Result Output/Result
Plotting, etc.) to facilitate user-friendly analysis and understanding. In summary, Py-
SWAT-U-NSGA-III is expected to provide an effective tool for the SWAT community,
promoting broader and deeper applications of multi-objective optimization algorithms in
the SWAT model.

This paper is organized as follows: Section 2 introduces the SWAT model, the U-
NSGA-III algorithm, and the overall design and specific implementation of the Py-SWAT-
U-NSGA-III framework. Section 3 conducts sensitivity analysis, evaluates the parallel
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efficiency of the framework, and presents three typical case studies (including multi-site,
multi-variable, and multi-objective functions calibration) in the Meijiang River Basin in
southern China. Section 4 discusses the results and summarizes the advantages, limitations,
and future directions of the framework. Finally, Section 5 presents the conclusions. We
have provided the source code for the Py-SWAT-U-NSGA-III framework as an open-source
and freely available repository through GitHub: https://github.com/Huihui-Mao/Py_
SWAT_U-NSGA-III/tree/master (accessed on 30 August 2024).

2. Methods
2.1. SWAT Model

The SWAT model is a physically based continuous-time long-term semi-distributed
watershed-scale hydrological model developed by the Agricultural Research Service of the
United States Department of Agriculture (USDA-ARS) [16,61]. The SWAT was developed
to predict the impact of land management practices on water, sediment, and agricultural
chemical yields in large complex watersheds with varying soils, land use, and management
conditions over long periods [61]. Due to its open-access nature, it has been applied widely
in a variety of watershed studies around the world, including simulations of both water
quality and quantity [4,17]. The SWAT model divides a watershed into subbasins and then
further into hydrological response units (HRUs) based on a unique combination of land
use, soil type, and land slope. The hydrological cycle simulated by SWAT is divided into
two major phases: the land phase and the water or routing phase [61]. In the land phase,
the fluxes of water, sediment, nutrients, and pesticide loads are first calculated for each
HRU and then calculated by aggregating the fluxes and loads of the HRUs in the subbasin
for each subbasin; the results are used as the input for the main channel in the subbasin.
The routing phase controls the movement of water, sediments, etc., through the channel
network of the watershed to the outlet.

2.2. U-NSGA-III Algorithm

Over the past two decades, multi-objective evolutionary algorithms (MOEAs) have
seen widespread use in hydrological modeling applications [13,26,28,29,41]. In particular,
the population-based Non-dominated Sorting Genetic Algorithm II (NSGA-II) [62] has
received considerable attention for its effectiveness and efficiency in addressing multi-
objective optimization problems [14,29,32,63,64]. However, previous research has high-
lighted the limitations of NSGA-II in solving problems with more than three objective
functions [58]. To address these limitations, NSGA-III, an elitist reference-point-based
algorithm, has emerged as a viable solution for many objective problems [58]. The main dif-
ference between the two algorithms is the niching method, NSGA-II, which uses crowding
distances, whereas NSGA-III employs reference directions, which are vectors that uniformly
fill the objective space [58]. While NSGA-III’s performance diminishes when handling one
or two objective functions, the U-NSGA-III algorithm addresses this issue by integrating
an explicit selection procedure, allowing it to effectively tackle single-, multi-, and many-
objective optimization problems without introducing additional parameters [60]. Moreover,
U-NSGA-III can handle unconstrained and constrained problems [65]. Accordingly, the
U-NSGA-III algorithm has been selected for implementation in this study.

The U-NSGA-III algorithm has been used in previous studies for hydrological model-
ing, with applications including multivariate calibration [34] and multi-objective calibra-
tion [13,66]. In this study, a maximum of 200 generations was set as the stopping criterion
for the multi-objective optimization. The population size was set at 100 for the case studies
and 50 for the model efficiency evaluation, with reference directions equal to 100 and 50,
respectively. The reference directions were generated using the Riesz s-Energy method [67],
included in the Pymoo library. This resulted in a total number of 20,000 model evaluations
(5000 model evaluations for the model efficiency evaluation). The U-NSGA-III operators
selected were the simulated binary crossover (SBX) and polynomial mutation (PM). The
crossover probability and distribution index for the SBX operator and the mutation prob-

https://github.com/Huihui-Mao/Py_SWAT_U-NSGA-III/tree/master
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ability and distribution index for the PM operator were defined as 0.9, 10, 1/14 (i.e., the
reciprocal of the number of calibration parameters), and 20, respectively. Latin Hypercube
Sampling (LHS) is selected as the parameter sampling method [68].

2.3. Py-SWAT-U-NSGA-III: A Framework for Parallel Calibration of the SWAT Model with
U-NSGA-III
2.3.1. Overall Design

Py-SWAT-U-NSGA-III was developed in Python 3.11 and is compatible with mul-
tiple platforms, including Windows, Linux, and macOS. It comprises three modules, as
illustrated in Figure 1. The first module is the main program of the framework. It in-
volves setting parameters for the U-NSGA-III algorithm, such as population size, sampling
method, crossover and mutation operator parameters, number of generations, as well as
multi-criteria decision-making (MCDM), convergence analysis, result output and plotting,
and sensitivity analysis. The second module comprises various submodules related to the
execution of the SWAT model, including tasks such as parameter file reading, model control
file modification/project file copying to the parallel running directory, observation data
reading, parameter file modification, model running, model simulation data reading, and
objective function calculation. The computationally expensive SWAT-related submodules
were parallelized using the Python multiprocessing function, except for parameter file
reading. These modules were integrated with Pymoo [69] to implement the U-NSGA-
III algorithm. Pymoo is a multi-objective optimization framework in Python that offers
state-of-the-art single- and multi-objective optimization algorithms. The third module
defines the optimization problem within the Pymoo library, including the number of design
variables, the number of objective functions, the number of constraints (optional), the
upper and lower bounds of the design variables, etc. Moreover, to accommodate a wide
range of applications, the second module offers three calibration schemes for multi-site,
multi-variable (such as ET, LAI, and biomass), and multi-objective functions, as well as two
spatial scales (HRU and subbasin) and three temporal scales (daily, monthly, and yearly).

2.3.2. Implementation of the Py-SWAT-U-NSGA-III Framework

This section provides further elaboration on the implementation of the three modules
in the Py-SWAT-U-NSGA-III framework. The usage of the U-NSGA-III algorithm in the
first module and the definition of optimization problems in the third module can be found
on the Pymoo official website (https://pymoo.org/index.html, accessed on 21 October
2024). The implementation details are as follows:

In the first module, as described in the previous section, the first module serves as the
main program of the Py-SWAT-U-NSGA-III framework.

1. Multi-Criteria Decision Making (MCDM): This is used to obtain the best tradeoff
solution after multi-objective optimization, which includes two methods: compromise
programming [70] and pseudo-weights [71]. The compromise programming method
uses user-defined distance metrics to determine the Pareto optimal solution closest to
the reference point; typically, the reference point is the ideal point, representing the
best-expected objective function values [13]. Meanwhile, the pseudo-weights method
generates a vector for each Pareto optimal solution, representing the relative impor-
tance (or weights) of each objective function [13]. The sum of the different weights
in each vector is forced to one. In this framework, the compromise programming
method is the default option;

2. Convergence Analysis: This employs the hypervolume indicator [72], a commonly
used metric for evaluating the approximations of the Pareto front (PF) generated by
MOEAs [73]. A higher value of the hypervolume indicator indicates a better solution
and the ideal value is one. The definition of the hypervolume indicator, its calculation,
and cases in the space of the 2 objective functions are provided in S1 and Figure S1 in
the Supplementary Materials;

https://pymoo.org/index.html
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Figure 1. Schematic diagram of Py-SWAT-U-NSGA-III (The MCDM in the figure represents the
selection of the trade-off solution from a set of Pareto solutions, see the introduction of Multi-Criteria
Decision Making (MCDM) in Section 2.3.2 for details; the Result Output/Result Plotting in the figure
give the process of the multi-objective algorithm in the iterative process to find the Pareto solution,
which is getting closer and closer to the Pareto solution for the increase of the number of generations;
the grey colour in the figure represents the distribution of the initial solution, the green colour and
the blue colour represent the distribution of the solution in the iterative process, and the red colour
represents the final Pareto solution).

3. Result Output/Result Plotting: The result output section outputs the Pareto and
compromise solutions, parameter values during each generation, the number of
non-dominated solutions during each generation, and the hypervolume during each
generation to a text file. The result plotting section includes the hypervolume plot
during each generation, the number of non-dominated solutions plot during each gen-
eration, the objective space distribution plot of Pareto and compromise solutions, the
parallel coordinate plot of parameter values corresponding to non-Pareto, Pareto, and
compromise solutions, time series plots of optimization variables (such as streamflow,
leaf area index (LAI), ET, biomass), and flow duration curve plots;

4. Sensitivity Analysis: This includes Sobol’ [74] and PAWN [75] methods while time-
varying sensitivity analysis (TVSA) is also supported for daily-scale long-time series
data. The Sobol’ method is one of the most popular variance-based global sensitivity
analysis methods [76,77]. It is a global analysis method based on variance decom-
position, attributing the variance of model outputs to individual parameters and
their interactions. For detailed information on using Sobol’s method to calculate
hydrological model sensitivity, refer to [76,77]. One major limitation of variance-based
sensitivity indices is that they require a large number of output samples to obtain
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accurate estimates; another major limitation is that they implicitly assume that output
variance is a sensible measure of the output uncertainty, which might not always be
the case [75]. To address these issues, a density-based GSA method, PAWN [75,78],
has been proposed. PAWN uses the entire model output distribution, rather than
just its variance, to quantify the relative influence of parameters on model outputs.
By definition, the PAWN method is a moment-independent GSA method. It is very
easy to implement, and the analysis of the robustness and convergence of PAWN
sensitivity indices is computationally efficient.

In the second module, the SWAT model project files need to be prepared in advance,
specifically the ‘TxtInOut’ directory, which contains various parameter files, model control
file, model simulation output files, meteorological data, etc. The second module includes
the following steps:

1. Reading Model Parameter File: Read the parameter names and corresponding ranges
from the model parameter file (SWAT_Par.def). The definition of model parameters in
this file is mainly according to the specifications in the SWAT-CUP software [18,52].
Parameters of the same type (determined by the parameter file suffix, e.g., .mgt,
.gw, .sol, .rte, .hru, .bsn, .sub, and .plant.dat) are stored in a Python dictionary. The
parameterization methods and value ranges of all parameters are also stored;

2. Modifying Model Control File/Copy Model Project Files (in parallel): Based on
user settings (such as simulation years, simulation start year, simulation output time
interval, and warm-up period), modify the model control file (file.cio), then copy the
model TxtInOut project folder to the parallel run directory according to the population
size of the U-NSGA-III algorithm;

3. Reading Observation Data (in parallel): Read the observation data, including the
subbasin and HRU scale. For spatial distribution data, a watershed weighted average
value is used, and the calculation formula is as follows, taking ET data as an example.
For daily-scale spatial distribution data, the framework provides zonal statistics and
outputs them to text files.

ET j =
1

AT
∑n

i=1 AiETij, (1)

where ET j is the average ET for month (or day) j; AT is the total surface area of the
watershed; Ai is the surface area of subbasin (or HRU) i; ETij is the ET for subbasin
(or HRU) i and month (or day) j; and n is the number of subbasins (or HRUs);

4. Modifying Model Parameters (in parallel): As with SWAT-CUP, it incorporates
three parameterization methods (r for percentage change; v for replacement; and
a for addition; see the SWAT-CUP manual for further details), which facilitates the
alteration of diverse types of parameters, including those about vegetation, soil,
management, groundwater, and so on. The initial parameterization values are derived
from LHS, and subsequently from the optimized values of the previous generation;

5. Executing the Model (in parallel): Call the SWAT.exe executable in each parallel run
directory;

6. Reading Model Simulation Data (in parallel): Read the data from the model output
files (output.rch, output.sub, output.hru). Similar to step 3, a watershed weighted
average value for spatial distribution data is established;

7. Calculating Objective Functions (in parallel): Calculate the objective functions based
on the observed and simulated data. The currently available objective functions
include NSE [79], KGE [80], R2, PBIAS [81], and Root Mean Square Error (RMSE).
They are calculated as the following:

NSE = 1 − ∑n
i=1 (Si − Oi)

2

∑n
i=1

(
Oi − Oi

)2 , (2)

KGE = 1 −
√
(1 − r)2 + (1 − α)2 + (1 − β)2, (3)
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R2 =

[
∑n

i=1
(
Oi − Oi

)(
Si − Si

)]2

∑n
i=1

(
Oi − Oi

)2
∑n

i=1
(
Si − Si

)2 , (4)

PBIAS = 100
∑n

i=1|Si − Oi|
∑n

i=1 Oi
, (5)

RMSE =

√
∑n

i=1 (Si − Oi)
2

n
, (6)

where Si and Oi are the simulated and observed data; Si and Oi are the means of
simulated and observed data; r is the linear regression coefficient between simulated
and measured data; α = σs

σo
, β = µs

µo
, µs and µo are the means of simulated and

measured data; σs and σo are the standard deviation of simulated and measured data;
and n is the number of observations. Here, PBIAS uses absolute values for calculation.

The third module involves defining the optimization problem. In this module, besides
setting the objective functions, constraint conditions can also be set.

The links between the three modules are as follows:

(1) When performing a sensitivity analysis, the calculation of the objective function values
in step 7 in the second module is passed directly to the sensitivity analysis part in the
first module;

(2) When multi-objective optimization is performed, initially, the number of parameters,
the upper and lower bounds of each parameter, the number of objective functions, the
number of constraints, the parameterized values for each generation, and the value of
the objective functions for the current generation of the population computed in the
last step in the second module are passed on to the third module. Subsequently, the
optimization problem defined in the third module is passed on to the first module
to perform the multi-objective optimization. When the model running reaches the
maximum number of generations, the optimization result (approximate Pareto solu-
tions) is subjected to a Multi-Criteria Decision Making (MCDM) process (selection
of compromise solution from a set of Pareto solutions), followed by Convergence
Analysis and Result Output/Result Plotting; otherwise, the optimized parameter
values are passed to step 4 in the second module to continue the multi-objective
optimization process.

The framework offers flexibility to determine the number of CPU cores used for
parallel running, depending on the specific optimization problem, hardware conditions,
and desired computational efficiency. The parallel run is performed using the Process
Pools in Python multiprocessing (https://docs.python.org/3/library/multiprocessing.
html#module-multiprocessing.pool, accessed on 21 October 2024), with each CPU core
processing running each SWAT model project file (individual in the U-NSGA-III algorithm
population) separately. Details of Py-SWAT-U-NSGA-III are provided on the GitHub site.

3. Case Studies
3.1. Study Area

The study area selected in the case study is the Meijiang River Basin (115◦36′–116◦38′,
26◦00′–27◦09′), a tributary of the upper Gan River in Jiangxi Province, southeastern China,
which contributes to Poyang Lake and then the Yangtze River (Figure 2), with a drainage
area of 6341 km2. The watershed is dominated by mid-altitude and low mountains, with
elevation ranges from 137 to 1425 m and an average elevation of 351.8 m. The watershed
has a subtropical monsoon humid climate. The annual average temperature is 17 ◦C. The
annual precipitation is 1628 mm, and the annual average relative humidity is >80%. The
soil types are mainly red earth (63.65%), submergenic paddy soils (26.24%), and yellow red
earth (7.13%), with the main texture of loam soil. Evergreen forests (needle leaf and broad
leaf) and mixed needle-broad leaf forests (67.02%) are the main vegetation types in the
watershed, among which Pinus massoniana, Pinus elliottii, and Cunninghamia lanceolata are

https://docs.python.org/3/library/multiprocessing.html#module-multiprocessing.pool
https://docs.python.org/3/library/multiprocessing.html#module-multiprocessing.pool
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the main needle leaves. Cropland accounts for 13.55% of the total, including paddy fields
and dry fields, and paddy fields are mainly planted with rice, which is double-cropping.
The rest are shrubs (10.95%) and grasses (2.10%), among other vegetation types.

Figure 2. Location of the Meijiang River Basin.

3.2. Input Data and Model Setup

The datasets used in this research are listed in Table 1. The basic datasets required for
the SWAT model include topographical data (DEM), land use data, soil data (including soil
type and soil attribute data), and meteorological data. There is a difference between the
original land use types and the land use types used in the SWAT model. It was necessary
to reclassify the land use data of the study area to match the land use type map required by
the SWAT model. The soil type data were obtained from the 1:1,000,000 Soil Map of the
People’s Republic of China, provided by the Resource and Environmental Science Data
Platform. Soil attribute data include soil texture, clay content, silt content, sand content,
gravel content greater than 2 mm, bulk density, organic carbon content, soil pH, and soil
thickness, and vertically include five soil depths: 0–5 cm, 5–15 cm, 15–30 cm, 30–60 cm,
and 60–100 cm. The meteorological data required for the SWAT model include daily
precipitation, daily maximum and minimum temperatures, daily solar radiation, daily
relative humidity, and daily average wind speed. This study used daily meteorological
observation data from 2001 to 2011 from eight meteorological stations (Ganxian, Yongfeng,
Nancheng, Nanfeng, Ningdu, Guangchang, Ninghua, and Changting) located within or
near the watershed, provided by the China Meteorological Data Service Center. Solar
radiation data were calculated using the Ångström-Prescott model based on sunshine
duration and empirical parameters [82,83]. Missing values were estimated using the SWAT
built-in WXGEN weather generator [61]. Daily observed precipitation data from 37 stations
and daily observed streamflow data from three hydrological stations (Ningdu, Shicheng,
and Fenkeng) between 2001 to 2011 were also collected from the Annual Hydrological
Report (Volume VI: Hydrological Data of Changjiang River Basin). The distribution of
meteorological, rainfall, and hydrological stations is shown in Figure 2.

In this study, ArcSWAT was used to configure the SWAT model, with SWAT2012
(revision 692) being employed for the execution of model simulations. The Meijiang River
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Basin was divided into 17 subbasins based on DEM data (see Figure 2) and subbasins were
further subdivided into 1589 Hydrologic Response Units (HRUs) based on the land use, soil
type, and slope of the study area. The slopes were categorized into three classes: 0–18.18%,
18.18–41.66%, and above 41.66%. The initial 2 years (2001–2002) were used as the warm-up
period, and the SWAT model was calibrated using daily time steps from 2003 to 2007 and
validated from 2008 to 2011. ET data were used at the subbasin scale and synthesized to the
watershed scale, as indicated by Equation (1). The hydrological processes in SWAT include
surface runoff, ET, percolation, lateral flow, and groundwater. In this study, surface runoff
is estimated using the modified version of the Soil Conservation Service curve number
(CN) method [84]. The potential ET was estimated using the Penman–Monteith equation.
The variable storage routing method is selected for the routing method [85].

Table 1. Datasets used in the SWAT model.

Data Type Spatial/Temporal
Resolution Source

Digital Elevation Model
(DEM) 30 m ASTER GDEM (https://lpdaac.usgs.gov/products/astgtmv003/,

accessed on 21 October 2024)

Land use 30 m ChinaCover2010 (Wu, et al. [86], http://www.geodata.cn, accessed on 21
October 2024)

Soil type 30 m 1:1,000,000 Soil Map of the China (https://www.resdc.cn/Default.aspx,
accessed on 21 October 2024)

Soil properties / Basic soil property dataset of high-resolution China Soil Information
Grids (2010–2018) (http://soil.geodata.cn, accessed on 21 October 2024)

Climate Daily (2001–2011) CMDC (China Meteorological Data Service Center)
(http://data.cma.cn/, accessed on 21 October 2024)

Rainfall Daily (2001–2011) Annual Hydrological Report (Volume VI: Hydrological Data of
Changjiang River Basin)

Streamflow Daily (2001–2011) Annual Hydrological Report (Volume VI: Hydrological Data of
Changjiang River Basin)

ET Daily (2001–2011)/500 m PML-V2(China) (He, et al. [87])

3.3. Model Calibration

To evaluate the effectiveness of Py-SWAT-U-NSGA-III, three representative case studies
were implemented. In addition, a time-varying sensitivity analysis (TVSA) of daily-scale
streamflow and ET was performed using the PAWN method, with a total of 10,000 simulations.

Three calibration schemes are set up as follows:

(1) Multi-site calibration;
(2) Multi-variable calibration;
(3) Multi-objective functions calibration.

Using the Meijiang River Basin as the study area, the first scheme simultaneously cali-
brates the streamflow of the three hydrological stations (Ningdu, Shicheng, and Fenkeng).
The second scheme employs multi-variable calibration using streamflow from the three
hydrological stations and PML-V2(China) ET data [87]. The NSE is selected as the objective
function for the first and second schemes. By default, U-NSGA-III assigns the same weight
to all objectives. As a result, streamflow calibration holds most of the weight in the overall
search for this scheme because we have streamflow data from three hydrologic stations.
Optimization under these default settings may result in poor performance for ET calibra-
tion. Therefore, the weights of streamflow data are adjusted according to previous studies,
so that streamflow data and ET data have the same weight [34]. The third scheme involves
multi-objective functions calibration using streamflow from the watershed outlet (Fenkeng)
and assessing R2 and PBIAS metrics. Following the multi-objective optimization, MCDM
was performed using the compromise programming approach to obtain a compromise so-

https://lpdaac.usgs.gov/products/astgtmv003/
http://www.geodata.cn
https://www.resdc.cn/Default.aspx
http://soil.geodata.cn
http://data.cma.cn/
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lution, and the optimization results were exported and plotted. Each optimization problem
was formulated as follows:

minθ∈ΩF(θ) =
[

fQ1(θ), fQ2(θ), fQ3(θ)
]
, (7)

minθ∈ΩF(θ) =
[

fQ1(θ), fQ2(θ), fQ3(θ), fET(θ)
]
, (8)

minθ∈ΩF(θ) =
[

fQ11(θ), fQ12(θ)
]
, (9)

f = 1 − NSE, (10)

fQ11 = 1 − R2, (11)

fQ12 = PBIAS, (12)

where F is a vector composed of multiple objective functions; θ is a vector containing values
for p model calibration parameters; Ω is a p-dimensional parameter space limited by the
calibration ranges for each model parameter; fQ1 , fQ2 , and fQ3 are the objective functions
evaluated for the streamflow of three hydrological stations; fET is the objective function
evaluated for ET; and fQ11 and fQ12 are the two objective functions for the streamflow of
the Fenkeng station.

Based on the results of the sensitivity analysis, 28 sensitive parameters were selected
for multi-objective calibration in the model, including the widely used parameters related
to surface runoff, groundwater, channel routing, soil water, ET, and biophysical parameters,
as shown in Table 2.

Table 2. Parameters used to perform sensitivity analysis in the SWAT model, where the gray area
parameters are those with higher sensitivity and are used in the subsequent calibration process (“v__”
refers to a replacement by a value from the given parameter range, and “r__” means a relative change
to the initial parameter value).

Processes Parameter Description Initial Range

Surface runoff

r__CN2 Initial SCS runoff curve number for moisture condition II [−0.2, 0.2]

r__OV_N Manning’s n value for overland flow [−0.5, 0.5]

v__SURLAG Surface runoff lag coefficient [0.05, 24]

Groundwater

v__ALPHA_BF * Baseflow alpha factor (1/days) [0, 1]

v__GWQMN * Threshold depth of water in the shallow aquifer required for
return flow to occur (mm H2O). [0.01, 5000]

v__GW_REVAP * Groundwater “revap” coefficient [0.02, 0.06]

v__REVAPMN * Threshold depth of water in the shallow aquifer for “revap” or
percolation to the deep aquifer to occur (mm H2O) [0.01, 500]

v__RCHRG_DP * Deep aquifer percolation fraction [0, 1]

Channel routing
v__CH_N2 * Manning’s “n” value for the main channel [0, 0.3]

v__CH_K2 * Effective hydraulic conductivity in main channel alluvium
(mm/h) [0, 400]

Soil water

r__SOL_AWC(1) Available water capacity of the soil layer (mm H2O/mm soil) [−0.2, 0.2]

r__SOL_K(1) Saturated hydraulic conductivity (mm/h) [−0.2, 0.2]

r__SOL_BD(1) Moist bulk density (Mg/m3 or g/cm3) [−0.2, 0.2]

r__SOL_ALB(1) Moist soil albedo [−0.2, 0.2]

Evapotranspiration
v__ESCO * Soil evaporation compensation factor [0.01, 1]

v__EPCO * Plant uptake compensation factor [0.01, 1]

v__CANMX Maximum canopy storage (mm H2O) [0, 10]
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Table 2. Cont.

Processes Parameter Description Initial Range

Biophysical
parameters

v__BIO_E * Radiation-use efficiency or biomass-energy ratio
((kg/ha)/(MJ/m2)) [10, 90]

v__BLAI * Maximum potential leaf area index [0.5, 10]

v__FRGRW1
Fraction of the plant growing season or fraction of total
potential heat units corresponding to the 1st point on the
optimal leaf area development curve

[0, 0.2]

v__LAIMX1 * Fraction of the maximum leaf area index corresponding to the
1st point on the optimal leaf area development curve [0, 1]

v__FRGRW2
Fraction of the plant growing season or fraction of total
potential heat units corresponding to the 2nd point on the
optimal leaf area development curve

[0.25, 1]

v__LAIMX2 * Fraction of the maximum leaf area index corresponding to the
2nd point on the optimal leaf area development curve [0, 1]

v__DLAI * Fraction of growing season when leaf area begins to decline [0.15, 1]

v__CHTMX * Maximum canopy height (m) [0.1, 20]

v__T_OPT * Optimal temperature for plant growth (◦C) [11, 38]

v__T_BASE * Minimum (base) temperature for plant growth (◦C) [0, 18]

v__GSI * Maximum stomatal conductance at high solar radiation and
low vapor pressure deficit (m·s−1) [0, 5]

v__VPDFR * Vapor pressure deficit (kPa) corresponding to the second point
on the stomatal conductance curve [1.5, 6]

v__FRGMAX * Fraction of maximum stomatal conductance corresponding to
the second point on the stomatal conductance curve [0.001, 1]

v__ALAI_MIN Minimum leaf area index for plant during dormant period
(m2/m2) [0, 2.5]

Note(s): * The ranges for the factors are based on literature data and the SWAT user manual; Biophysical
parameters are biome-specific.

3.4. Efficiency Evaluation Metrics

Speedup [88] was utilized to evaluate the computational efficiency of Py-SWAT-U-
NSGA-III. The metric is calculated as follows:

SP =
T1

TP
, (13)

where T1 is the time taken by the program to run on a single processor, and TP represents
the time it takes to run the program on P processors. The speedup metric provides a
quantitative measure of the program’s acceleration under parallel execution conditions. To
perform this evaluation, we conducted several running tests, using a single CPU core as
the baseline and a maximum of 60 CPU cores. This comparison can provide insights into
identifying optimal computing resource allocation for the framework.

The SWAT model scheme involved was a multi-site streamflow calibration based
on three hydrological stations, with 2001–2002 as the warm-up period and 2003–2005 as
the calibration period, using daily time steps. For the U-NSGA-III algorithm settings, as
described in Section 2.2, the population size was set to 50, and the maximum number of
generations was defined to 100, resulting in 5000 model evaluations for each running test.
The objective function used was the NSE. Model running speed is inherently influenced
by the computer’s configuration. In this study, the computational environment for the
program is a server running Windows Server 2019 operating system with 80 cores, equipped
with two Intel Xeon Silver 4316 @ 2.30GHz processors (Intel Corporation®, Santa Clara,
CA, USA), 1024 GB of RAM, and a 480 GB SSD.
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3.5. Results
3.5.1. Sensitivity Analyses

To demonstrate the temporal dynamics of SWAT model parameters, a time-varying
sensitivity analysis (TVSA) was performed, with the results presented in Figure 3. The
parameters were ranked based on their average sensitivity over the entire simulation period.
For streamflow data at Ningdu station, the most sensitive parameters included ALPHA_BF,
CH_N2, CANMX, CH_K2, RCHRG_DP, ESCO, and EPCO. Similarly, at Shicheng station,
ALPHA_BF, CH_K2, CH_N2, CANMX, RCHRG_DP, ESCO, GWQMN, and EPCO exhibited
the highest sensitivity. At the watershed outlet, Fenkeng station, ALPHA_BF, CH_N2,
CH_K2, CANMX, RCHRG_DP, ESCO, GWQMN, and EPCO were identified as the most
sensitive parameters. Regarding ET data, ESCO, EPCO, CANMX, ALAI_MIN, T_BASE,
BLAI, and SOL_K(1) were identified as the most sensitive parameters. Notably, the sensitive
parameters for streamflow across the three hydrological stations were largely consistent,
though their sensitivity rankings varied.

Among the most sensitive parameters, ALPHA_BF, RCHRG_DP, and GWQMN are re-
lated to groundwater processes. ALPHA_BF, the baseflow recession constant, significantly
impacts baseflow within the model. This parameter demonstrated the highest sensitivity
across all three hydrological stations, particularly during periods of low streamflow when
baseflow predominates. This finding aligns with the actual physical conditions of the wa-
tershed. RCHRG_DP, the aquifer percolation coefficient, modulates water partitioning into
deep aquifers. GWQMN, the threshold water level in the shallow aquifer for groundwater
contribution to the main channel to occur, affects baseflow.

CH_N2 and CH_K2, both related to the main channel water routing, exhibit higher
sensitivity during streamflow peaks. CH_N2, Manning’s roughness coefficient, affects the
rate and velocity of flow in the channel, whereas CH_K2 influences transmission losses
from the channel.

Figure 3. Cont.
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Figure 3. Cont.
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Figure 3. TVSA of each parameter for each model variable: (a–c) streamflow and (d) ET.

CANMX, ESCO, and EPCO pertain to ET processes. CANMX, the maximum canopy
storage, affects infiltration, surface runoff, and ET, with peak sensitivity corresponding to
ET peaks. ESCO, the soil evaporation compensation factor, influences soil evaporation,
with higher ESCO values resulting in lower soil evaporation compensation from lower soil
layers, leading to higher water yields [61]. The temporal dynamics of ESCO sensitivity
showed higher sensitivity during periods of low ET when soil evaporation constitutes a
larger proportion of total ET. Conversely, EPCO, the plant uptake compensation factor,
impacts transpiration, with higher EPCO values leading to higher plant transpiration
compensation from lower soil layers and then lower water yields. EPCO sensitivity peaked
during periods of high ET when plant transpiration dominates.

ALAI_MIN, T_BASE, and BLAI are parameters related to vegetation, closely linked to
the plant growth process.

SOL_K(1), the saturated hydraulic conductivity of the first soil layer, is a soil-related
parameter that affects infiltration, percolation, and lateral flow.

In conclusion, the sensitivity analysis effectively captured the most influential pa-
rameters for each variable within the SWAT model, aligning well with their physical
processes. The temporal dynamics of parameter sensitivity also corresponded closely with
the observed variations in each variable over time, providing confidence in the model’s
representation of the physical processes within the watershed.

3.5.2. Efficiency Evaluation

Figure 4 presents the variation in execution time and efficiency of the framework as
a function of the number of cores used. In this study, speedup was employed as a metric
to evaluate the parallel efficiency of the framework. As depicted in Figure 4, when the
number of cores is below 25, there is a remarkable reduction in execution time as the core
count increases, leading to a rapid increase in efficiency. However, when the core count
exceeds 25, there is a slight increase in execution time and a corresponding decrease in
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efficiency. Under the conditions of this study, the optimal core allocation was found to be
25, yielding the highest efficiency with a speedup of 8.95.

Figure 4. Py-SWAT-U-NSGA-III execution time and parallel speedup as a function of the number of
cores used in the run.

3.5.3. Example 1: Multi-Site Calibration

This section evaluates the multi-site calibration capability of the Py-SWAT-U-NSGA-III
framework using streamflow data from three hydrological stations, resulting in a multi-
objective calibration scheme with three objective functions.

Figure 5 illustrates the distribution of Pareto and compromise solutions within a
three-dimensional objective space, as well as the projection of different objective functions
in a two-dimensional space. The figure shows a modest trade-off between streamflow
at different stations, although the trade-off between Ningdu and Fenkeng stations is
relatively weak.

Figure 6 presents the distribution of parameter values corresponding to the Pareto and
compromise solutions within the parameter space, depicted using parallel coordinate plots.
The results indicate an appreciable narrowing in the parameter ranges for ALPHA_BF,
GWQMN, SOL_K(1), ESCO, CANMX, BLAI{8}, and ALAI_MIN{8} across all Pareto-optimal
solutions, suggesting a high degree of parameter identifiability for these parameters.

Figure 7 shows the convergence analysis using the hypervolume indicator and the
number of non-dominated solutions. After 113 generations, both indicators stabilize
(hypervolume indicator around 0.91 and the number of non-dominated solutions at 39),
indicating that the model has converged to a near-optimal Pareto front.

Figure 8 describes the time series and mean seasonal dynamics during simulation,
including the calibration and validation periods. For streamflow data, flow duration curves
for the three hydrological stations are also presented. Figure 8a shows that the optimal
compromise solution for streamflow at Ningdu station closely matches the observed data,
whereas, at Shicheng station, the optimal solution underestimates the streamflow. At
Fenkeng station, streamflow is underestimated during the rising period and overestimated
during the recession period. Figure 8b further shows that streamflow at Ningdu station
is slightly underestimated under peak and high-flow conditions. It aligns well with the
observed data under mid and low-flow conditions. Shicheng station generally shows a
larger underestimation trend. At Fenkeng station, streamflow is slightly underestimated
under peak and high-low conditions but significantly overestimated under mid- and low-
flow conditions.
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Figure 5. Scatterplot of the distribution of Pareto and compromise solutions in the objective function
space: (a) Distribution of Pareto and compromise solutions in three-dimensional objective space,
the x, y, and z axes represent the NSE of streamflow at the three hydrological stations, respectively;
(b–d) Two-dimensional spatial projections of different objective functions.

Figure 6. Parallel coordinate plots of Pareto and compromise solutions in parameter space distribution
in the multi-site calibration (due to the large number of vegetation-related parameters, only forest-
related vegetation parameters are shown).
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Figure 7. Normalized hypervolume indicator and the number of Pareto solutions as a function of the
number of generations in the multi-site calibration.

Figure 8. Cont.
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Figure 8. Plotting of calibration variables: (a) Time series curves of streamflow at three hydrological
stations, panels on the right show the mean seasonal cycle (the envelope of the grey area represents
the uncertainty band encompassing all simulations derived from the Pareto optimal front); (b) Flow
duration curves of three hydrological stations.

3.5.4. Example 2: Multi-Variable Calibration

This section evaluates the multivariable calibration capability of the Py-SWAT-U-
NSGA-III framework, leveraging streamflow data from three hydrological stations and
ET data from the watershed scale to formulate four objective functions, constituting a
many-objective calibration scenario.

Figure 9 is similar to Figure 5, but with an additional objective function, the fourth
objective function is the NSE of the ET, indicated using a gradient color bar. In this three-
dimensional space, Figure 9 reveals a good trade-off between streamflow and ET. However,
the trade-offs between the streamflow at different stations are less pronounced.

Figure 10 is similar to Figure 6. It highlights a substantial reduction in the parameter
ranges for ALPHA_BF, GWQMN, RCHRG_DP, CH_N2, and CH_K2 across all Pareto-
optimal solutions, indicating a high level of identifiability for these parameters. Notably,
these parameters are also identified as highly sensitive to streamflow, as discussed in
Section 3.5.1. This finding is consistent with the study by Wu, et al. [89], which high-
lighted that identifiability largely depends on the sensitivity or significance of calibration
parameters to response variables.

Figure 11 is similar to Figure 7. After 118 generations, both indicators stabilize (the
hypervolume indicator at approximately 0.54 and the number of non-dominated solutions
at 27), indicating that the model has converged to a near-optimal Pareto front.
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Figure 9. Scatterplot of the distribution of Pareto and compromise solutions in the objective function
space: (a) Distribution of Pareto and compromise solutions in three-dimensional objective space, the
x, y, and z axes represent NSE of streamflow at the three hydrological stations, respectively, and the
NSE of ET is represented using a gradient color bar. (b–g) Two-dimensional spatial projections of
different objective functions.

Figure 12 is similar to Figure 8. Figure 12a indicates that the optimal compromise
solution for streamflow at three stations and ET across the watershed aligns well with the
observed data. Figure 12b further reveals that the streamflow at Ningdu station aligns well
with observed data across peak, high, and mid-flow conditions but is underestimated in
low-flow conditions. Shicheng Station exhibits similar trends but with slightly more under-
estimation in the mid-flow range. At Fenken station, streamflow is slightly underestimated
at peak flow, overestimated at high and mid-flow, and shows both overestimation and
underestimation at low flow.
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Figure 10. Parallel coordinate plots of Pareto and compromise solutions in parameter space distribu-
tion in the multi-variable calibration (due to the large number of vegetation-related parameters, only
forest-related vegetation parameters are shown).

Figure 11. Normalized hypervolume indicator and the number of Pareto solutions as a function of
the number of generations in the multi-variable calibration.
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Figure 12. Plotting of calibration variables. (a) Time series curves of streamflow at three hydrological
stations and ET, panels on the right show the mean seasonal cycle (the envelope of the grey area
represents the uncertainty band encompassing all simulations derived from the Pareto optimal front);
(b) Flow duration curves of three hydrological stations.
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3.5.5. Example 3: Multi-Objective Functions Calibration

This section evaluates the multi-objective calibration capability of the Py-SWAT-U-
NSGA-III framework using streamflow data from the Fenkeng station, with R2 and PBIAS
as the two objective functions, forming a dual-objective calibration scheme.

Figure 13 illustrates the distribution of Pareto and compromise solutions within a
two-dimensional objective space. The figure shows a significant trade-off between the
R2 and PBIAS objectives for streamflow at Fenkeng station. When the R2 indicator is
optimized, the PBIAS indicator is at its worst, and vice versa.

Figure 14 is similar to Figures 6 and 10. The results indicate that, except for GWQMN,
ESCO, and EPCO, the parameter ranges for the remaining parameters are significantly nar-
rowed across all Pareto-optimal solutions, suggesting a high level of parameter identifiability.

Figure 15 is similar to Figures 7 and 11. After 98 generations, both indicators stabilize
(hypervolume indicator around 0.96 and the number of non-dominated solutions at 31),
indicating that the model has converged to a near-optimal Pareto front.

Figure 16 is similar to Figures 8 and 12. The flow duration curve for the Fenkeng station
is also presented. Figure 16a shows that streamflow at Fenkeng station is significantly
overestimated under low flow conditions, where baseflow dominates. Figure 16b further
reveals that streamflow at Fenkeng station is underestimated under peak and high-flow
conditions but significantly overestimated under mid and low-flow conditions.

Figure 13. Scatterplot of the distribution of Pareto and compromise solutions in the objective
function space.
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Figure 14. Parallel coordinate plots of Pareto and compromise solutions in parameter space distri-
bution in the multi-objective functions calibration (due to the large number of vegetation-related
parameters, only forest-related vegetation parameters are shown).

Figure 15. Normalized hypervolume indicator and the number of Pareto solutions as a function of
the number of generations in the multi-objective functions calibration.
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Figure 16. Plotting of calibration variables. (a) Time series curves of streamflow at Fenkeng hydro-
logical station; the panel on the right show the mean seasonal cycle (the envelope of the grey area
represents the uncertainty band encompassing all simulations derived from the Pareto optimal front);
(b) Flow duration curves of Fenkeng hydrological station.

4. Discussion
4.1. Performance Analysis

Py-SWAT-U-NSGA-III integrates two sensitivity analysis methods: Sobol and PAWN.
Sobol, a classic variance-based global sensitivity analysis method, is widely used but com-
putationally demanding. The number of model evaluations increases significantly with
the number of parameters, often necessitating tens to hundreds of thousands of model
evaluations [90], which imposes a considerable computational burden. In contrast, PAWN,
a density-based sensitivity analysis method, requires fewer model evaluations—studies
suggest 5000 evaluations are sufficient to rank parameter sensitivities [78]. Given the
relatively high model complexity (1589 HRUs) and the large number of parameters in this
study, we conducted sensitivity analyses using 10,000 model evaluations. Additionally, we
employed time-varying sensitivity analysis (TVSA) to assess temporal changes in parame-
ter sensitivities, providing deeper insights into the interactions between model parameters,
hydrological variables, and physical processes. Previous studies on SWAT model parameter
sensitivity have primarily focused on overall parameter sensitivity rankings [76,91], poten-
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tially leading to information loss and limiting the understanding of the model’s internal
hydrological processes [92]. A thorough understanding of parameter sensitivity forms
a robust foundation for subsequent model calibration, aiming to enhance the predictive
accuracy and robustness of SWAT simulations.

The highly parameterized nature of the SWAT model necessitates extensive input/output
(I/O) operations due to the large number of parameter files involved [76]. Population-
based genetic algorithms, such as U-NSGA-III, naturally lend themselves to parallel pro-
cessing [40], enhancing computational efficiency. The framework’s parallel efficiency is
influenced by model complexity, available computing resources, and disk I/O performance.
Preliminary tests revealed that model execution on a hard disk drive (HDD) was time-
consuming, whereas a solid-state drive (SSD) significantly improved efficiency. In our
study environment, the highest parallel efficiency was achieved with 25 cores, resulting in a
speedup of 8.95. After 25 cores, increasing the number of cores did not necessarily improve
efficiency. The basic model in this study comprised 1589 HRUs and over 10,000 parameter
files, making parallel processing particularly challenging and placing a significant strain on
disk I/O. Given that the optimal parallel efficiency was achieved with fewer cores than the
available cores, it can be inferred that the bottleneck was due to factors other than CPU
resources, primarily model complexity and disk performance, particularly I/O saturation
caused by extensive parameter file modifications. This phenomenon has been reported in
previous studies as well [42,46,93]. Therefore, in practical applications, it is advisable to
adjust model complexity appropriately (e.g., the number of HRUs and simulation period)
based on specific needs, prioritize SSDs, and select an optimal number of CPU cores to
maximize parallel processing efficiency.

To evaluate the multi-objective optimization performance of Py-SWAT-U-NSGA-III,
three typical application cases were presented: multi-site, multi-variable, and multi-
objective functions calibration, and a visual analysis of the results. In multi-site calibration,
the NSE values for streamflow at three hydrological stations ranged from 0.55 to 0.68,
which, according to Moriasi, et al. [94], falls within the satisfactory to good range. In
multi-variable calibration, the NSE values for streamflow at three hydrological stations
ranged from 0.51 to 0.77, while the NSE for evapotranspiration was 0.29. According to
Moriasi, et al. [94], the streamflow results range from satisfactory to very good, while the
ET results are unsatisfactory. In multi-objective functions calibration, the R2 and PBIAS for
streamflow at the Fenkeng station were 0.83 and 32.60, respectively, which are considered
unsatisfactory based on the criteria of Moriasi, et al. [94]. It is important to note that
Moriasi’s performance ratings apply to monthly scale data, whereas the results in this study
are based on daily scale simulations. The higher variability and fluctuations in daily scale
data compared to monthly data can potentially degrade objective function performance,
particularly for ET data (see Figure 12a for ET time series). From this perspective, the results
of this study are acceptable. Comparative analysis of the multi-site and multi-variable
calibration revealed that the multi-variable calibration streamflow accuracy was better
than the multi-site streamflow accuracy, except for the Shicheng station. This may be due
to the inclusion of ET data in the multi-variable calibration, which improves the overall
accuracy of the hydrologic sub-process of the SWAT model. Regarding the comparison of
the convergence results of the three case studies, the case of the multi-objective functions
with two objectives converged after 98 generations with a hypervolume indicator of 0.96.
The multi-site case with three objectives converged after 113 generations with a hypervol-
ume indicator of 0.91, and the multi-variable case with four objectives converged after
118 generations with a hypervolume indicator of 0.54. These findings indicate that as the
number of objective functions increases, the U-NSGA-III algorithm faces greater challenges
in finding approximate Pareto solutions, resulting in more difficulties with convergence,
which is similar to the results of Reed, et al. [41]. Previous research has indicated that
hydrological model calibration problems can cause MOEAs to fail in obtaining high-quality
Pareto approximations within limited model evaluations [41,95]. In this study, the popula-
tion size of the U-NSGA-III algorithm was set to 100, with a maximum of 200 generations.
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Reed, et al. [41] emphasized that population size has a significant impact on MOEAs.
Considering the complexity of many-objective hydrological model calibration, increasing
the population size and maximum generations may lead to better Pareto approximations,
thereby further improving the calibration accuracy of the SWAT model. Secondly, if there is
a difference in the number of different types of objective functions (e.g., streamflow from
three hydrological stations and 1 watershed-scale ET in this paper), it is also necessary to
consider adjusting the weights between various kinds of objective functions to prevent
the optimization algorithms from skewing the search results toward one type of objective
function (see Section 3.3).

4.2. Advantages, Limitations, and Future Directions

Previous studies have developed various SWAT-based multi-objective calibration tools,
some of which are not publicly available [44,47–50], while others have certain limitations.
For example, Zhang, et al. [42] developed PP-SWAT using Python 2.6; it may not be
compatible with modern Python 3 or directly accessible. Ercan and Goodall [14] designed
the NSGA-II algorithm library for SWAT but it did not implement parallel processing for
the SWAT model, and NSGA-II may have limitations when dealing with many-objective
calibration. Zamani, et al. [46] introduced an LCC-SWAT system that incorporated SUFI-2
and DDS optimization techniques, but SUFI-2 is a single-objective algorithm and DDS is
also primarily designed for single-objective optimization [25], which makes it difficult to
apply directly to multi-objective optimization. Hernandez-Suarez, et al. [13] presented
the U-NSGA-III algorithm tool for SWAT, but it was limited to multi-objective calibration
of ecologically relevant hydrologic indices. The classical SCE-UA algorithm proposed by
Duan, et al. [22] was initially designed to address single-objective optimization problems.

The Py-SWAT-U-NSGA-III framework offers several advantages, including flexibility,
openness, and efficiency. Its integration of advanced multi-objective optimization algo-
rithms, such as U-NSGA-III, allows it to handle a wide range of calibration scenarios, from
single-objective to many-objective problems. The framework’s support for multi-site, multi-
variable, and multi-objective calibration, combined with its ability to integrate remotely
sensed data, makes it a versatile tool for hydrological modeling.

Despite its advantages, Py-SWAT-U-NSGA-III has some limitations. For instance, the
current framework includes a limited selection of objective function types (see Section 2.3.2).
Second, previous studies have utilized hydrological observations such as snow cover area
(SCA), snow water equivalent (SWE), or glacier mass balance (GMB) to improve the
realism of streamflow simulation in data-scarce glacier watersheds [96–98]. However, the
present framework does not consider the integration of such data within the SWAT model.
Additionally, while there are numerous MOEAs, different algorithms may yield varying
results depending on the specific problem and their respective applicability [41]. This study
did not compare with other popular multi-objective optimization algorithms. Finally, the
SWAT model typically involves large-scale parameter files, which can create performance
bottlenecks and hinder the parallel advantage of multi-core CPUs.

Future research can address these limitations by exploring the following avenues. First,
by incorporating additional widely-used objective functions based on specific application
needs, such as the RMSE-observations standard deviation ratio (RSR) recommended by
Moriasi, et al. [94], as well as commonly used streamflow characteristics (SFCs) indicators
like transformed root-mean-square error (TRMSE), runoff coefficient percent error (ROCE),
and metrics related to the flow duration curve, such as the slope of the flow duration curve
(SFDCE) [13,99]. Second, future studies may consider incorporating additional hydrologic
observations, such as snow cover area, snow water equivalent, or glacier mass balance,
into the framework, potentially broadening its applicability in data-scarce watersheds.
Furthermore, testing other MOEAs, such as Borg and AMALGAM [33,41–43,45,100], with
a preference for optimization algorithms already available in the Pymoo library (https:
//pymoo.org/index.html, accessed on 21 October 2024), would require minimal code effort
and avoid complex programming. Lastly, considering the computationally intensive nature
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of the SWAT model, it is recommended to use SSDs for better read/write performance
or to consolidate input data into a structured file (e.g., NetCDF) for block reading, which
can alleviate I/O constraints, as suggested by [42]. Moreover, storing SWAT parameter
files in databases can improve access speed and parallel efficiency [101]. These proposals
collectively expand the potential and significance of Py-SWAT-U-NSGA-III applications
within the hydrological community.

Last but not least, although multi-objective optimization has been widely used in
hydrological models, researchers should not blindly believe in the effectiveness of multi-
objective algorithms when using them in practical applications or need to compare and
analyze them from multiple perspectives. Previous studies have also pointed out that
multi-objective calibration does not necessarily lead to better model accuracy than single-
objective calibration [102]. Therefore, it is necessary to choose the appropriate method
according to the specific problem, which also needs to be further compared, analyzed, and
verified in future research.

4.3. Prospects for Data-Driven Machine Learning Models (DMLs) and Process-Driven
Hydrological Models (PHMs) in Hydrology

Over the past few years, machine learning, including deep learning, has rapidly gained
traction in hydrology and water resources management [103–108]. Its unique advantages
have been leveraged in various applications, such as drought and flood forecasting, water
quality assessment, soil moisture prediction, rainfall-runoff modeling, and predictions of
surface and groundwater levels, with streamflow prediction being the most extensively
developed application [107]. The advantages and disadvantages of DMLs versus PHMs
are summarized below.

Advantages of Data-Driven Machine Learning Models (DMLs) include the follow-
ing [108]:

(1) DMLs can handle various input variables flexibly, including non-traditional hydrolog-
ical measurements;

(2) DMLs can capture complex nonlinear relationships between input and output data;
(3) In many hydrological applications, DMLs typically outperform physics-based and

conceptual models in terms of predictive accuracy.

However, there are limitations associated with DMLs, as follows [104,105,107]:

(1) Despite significant successes across numerous fields, including hydrology, DMLs
often face criticism for their lack of interpretability and physical consistency, referred
to as “black box” models;

(2) The performance of DMLs is heavily dependent on the quality and quantity of training
data;

(3) DMLs do not fundamentally understand the underlying physical mechanisms, limit-
ing their ability to explain causal relationships between hydrological variables within
processes. Additionally, they lack mass balance checks, making it impossible to ascer-
tain how much water is converted from precipitation and how much remains within
the watershed;

(4) DMLs may struggle to capture the effects of non-stationarity, as they assume that the
training and testing data distributions are the same;

(5) Deep learning models typically require substantial computational resources, including
high-performance computing (HPC) systems and graphics processing units (GPUs)
for training and inference, with computational demands increasing as hydrological
datasets become larger and more complex.

Process-driven hydrological models (PHMs) also possess the following strengths:

(1) PHMs are based on the physical laws governing hydrological processes, thus pro-
viding a solid theoretical foundation and interpretability; the parameters in PHMs
have clear physical meanings, facilitating calibration and adjustment based on actual
hydrological processes;
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(2) PHMs generally exhibit robust predictions across different conditions and regions
once parameters have been appropriately calibrated;

(3) PHMs can be applied to various watersheds and climatic conditions, offering good
generalizability.

Nevertheless, PHMs have notable limitations, as follows [107]:

(1) PHMs often face constraints related to parameterization adequacy, data quality and
uncertainty, computational limitations, complexity, and availability;

(2) PHMs may struggle when simulating complex nonlinear hydrological processes, po-
tentially failing to adequately capture spatial dependencies across different temporal
and spatial scales;

(3) PHMs might introduce higher uncertainties due to differences in datasets, model
parameters, and model structures.

Comparative studies have indicated that DMLs can, in certain cases, compete with
PHMs, and in some aspects, even outperform them [105,106]. DMLs exhibit superior
performance under high flow conditions, making them a valuable tool for real-time flood
forecasting to mitigate risks. In contrast, PHMs perform better under low flow conditions
and serve as more reliable tools for water resource planning and groundwater manage-
ment [105,106]. This indicates that both PHMs and DMLs have their respective strengths,
and their application should be tailored to specific conditions, such as hydrological, climatic,
and topographic factors, as well as data availability and modeling objectives [105].

Future research should explore the combined use of PHMs and DMLs [105,106].
Physics-informed machine learning (PIML) or physics-guided deep learning (PGDL) of-
fer potential avenues for integrating physical mechanisms with data-driven methods,
thus enabling complementary advantages, and generating physically consistent and more
universally applicable models, thereby enhancing the accuracy of hydrological predic-
tions [104,107].

5. Conclusions

This study introduces Py-SWAT-U-NSGA-III, a multi-objective optimization frame-
work based on the SWAT model, which integrates the U-NSGA-III algorithm to efficiently
tackle hydrological model calibration problems across single, multiple, and many-objective
scenarios. Developed in the Python environment, the framework is both open and scalable.

The efficacy of Py-SWAT-U-NSGA-III was demonstrated within the Meijiang River
Basin in southern China. Sensitivity analysis was conducted using daily streamflow
and ET data, highlighting the temporal dynamics of parameter sensitivity with TVSA.
Multi-core parallel processing achieved a speedup of up to 8.95, substantially improving
the optimization efficiency of the SWAT model. The three case studies involving multi-
site, multi-variable, and multi-objective functions calibration confirmed the framework’s
versatility and effectiveness across different calibration scenarios. Furthermore, the post-
processing module facilitated the interpretation of the optimized results, such as the
distribution of Pareto and compromise solutions in parameter and objective function spaces,
time series curves of calibration variables, and convergence analysis using the hypervolume
indicator, thereby deepening insights into model behavior and optimization results.

Overall, Py-SWAT-U-NSGA-III is an open, efficient, and flexible multi-objective op-
timization framework for the SWAT model that can meet the demands of increasingly
complex hydrological systems. Furthermore, we addressed the limitations and potential of
Py-SWAT-U-NSGA-III and proposed several directions for improvement. These include the
incorporation of streamflow characteristics (SFCs) or ERHIs, the integration of various hy-
drological observations (SCA, SWE, or GMB), the expansion of multi-objective algorithms,
and ongoing efforts to enhance the framework’s efficiency to strengthen its potential for
continuous application in hydrological modeling.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/w16213030/s1: S1. Hypervolume Indicator; Figure S1: The
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hypervolume indicator in the two-objective case; Table S1: Land use types and their codes in the
vegetation database; Table S2: Nash–Sutcliffe efficiency (NSE) for the flow duration curves (FDC) in
three case studies; Table S3. Simulation accuracy (NSE) for the three case studies. Refs. [72,109–112]
are cited in the Supplementary Materials.
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