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Motivation

Several gridded datasets have become available in the last decades on a global scale, with
increasing spatial and temporal resolution and low latency times (Lettenmaier et al., 2015; Sheffield

et al., 2018; Chawla et al., 2020)

These products have opened new opportunities to advance Earth Sciences modelling
studies, especially in poorly gauged areas.

However, working with (hundreds of) thousands of raster time series (e.g., for (sub)daily
precipitation), usually in different raster formats, impose high computational challenges to
analysing them efficiently (Silva-Coira et al., 2020; Netzel and Slopek, 2021).

PCRaster

RRaster
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Motivation

Different multi-objective optimisation (MOO) algorithms and calibration approaches have
been used over decades to obtain consistent parameters for hydrological model
applications.

MOO generates a set of solutions that represent the Pareto optimal front, which is a set
of solutions that cannot be improved in one objective without sacrificing performance in
another objective. This provides a more diverse set of parameter sets than SOO
algorithms, which typically generate a single ”pseudo-optimal” solution.

MOO can help identify trade-offs between different objectives, allowing decision-makers to
make informed choices on the modelling processes based on their priorities.

Multi-objective calibration is able to exploit all of the information about the physical
system contained in observed time series obtained from diverse data sources (Yapo et al.,

1998) (e.g., Q, SM, ET, GPP, NO3).
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Calibration software: hydroMOPSO

hydroMOPSO (Marinao-Rivas and Zambrano-Bigiarini, 2023, 2021) is an R package for
multi-objective optimisation/calibration of hydrological models. Is based on the
NMPSO algorithm (Lin et al., 2016, 2015), which combines two search mechanism (PSO and genetic
operators).

Main features:

Model-independent: can be used to calibrate R-based models (e.g., TUWmodel,
GR-models) and R-external models (e.g., SWAT+, SWAT, Raven, WEAP,
MODFLOW).

Platform-independent: It can be run in GNU/Linux, MacOS and Windows machines.

Computationally efficient: It takes advantage of multi-core machines and network
clusters → important reduction of execution time.

Highly configurable: It has several fine-tuning options and an effective default
configuration. (Marinao-Rivas and Zambrano-Bigiarini, 2021).

A first version of the package is available on CRAN.
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Landcover
Crops
Native Forest
Plantations
Grassland
Shrubland
Wetlands
Water Bodies
Impervious surfaces
Sandy-Rocky Lands
Ice and snow

Elevation

[m a.s.l.]
<= 781
781 - 1074
1074 - 1287
1287 - 1505
> 1505

Base
RTL gauge

Watershed
Drainage network

Legend

● Andean sub-basin
● Lat: 39.33°S 
● Pluvio-nival regime
● Area: 1380 km2
● Pannual: 2 700 mm
● Tannual: 3-14°C 

Study area: Trancura antes de Llafenco catchment
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Goodness-of-fit metrics
1) Kling-Gupta efficiency for low flows: KGElf

Specially formulated for low streamflow by Garcia et al. (2017):

KGElf =

KGE (Q) + KGE

(
1

Q + ϵ

)
2

where

KGE = 1−
√

(r − 1)2 + (α− 1)2 + (β − 1)2 and ϵ = µobs/100

where r = rPearson = Pearson correlation coefficient between observed and simulated values; α = σsim/σobs ; and
β = µsim/µobs .

2) Pearson correlation coefficient: r

It measures whether the shape of two ts are similar or not, ignoring bias.

r =
cov(sim, obs)

σsimσobs
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Case study 1: Multi-period calibration (1992-2014)

Objective 1: KGElf (Q1)

Period: Wet (1992-2009)

Variable: Streamflows

Time step: Daily

Objective 2: KGElf (Q2)

Period: Dry (2010-2014)

Variable: Streamflows

Time step: Daily

Streamflow gauge station: (Trancura antes de Llafenco, BNA code: 9414001, Lat: -39.33°,
Lon: -71.77°).

GoF: Kling-Gupta efficiency for low flows (Garcia et al., 2017).
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Case study 1 (multi-period): calibrated parameters (12)

ID Short description Units Archive Type of Range
change

latq co Lateral soil flow coefficient - linear adjustment − hydrology.hyd repl 0-0.05
perco Percolation coefficient − hydrology.hyd repl 0-0.95
epco Plant water uptake factor − hydrology.hyd repl 0-1

revap min Threshold depth of water for revap to occur m aquifer.aqu repl 0-10
flo min Minimum aquifer storage to allow return flow m aquifer.aqu repl 0-10
alpha bf Baseflow alpha factor 1/day aquifer.aqu repl 0-1
revap Groundwater revap coefficient − aquifer.aqu repl 0.02-0.2
rchg dp Deep aquifer percolation fraction − aquifer.aqu repl 0-1

fall tmp Snowfall temperature ◦C snow.sno repl -5-5
melt tmp Snow melt base temperature ◦C snow.sno repl -5-5
melt max Maximum melt rate for snow during year mm/◦C/day snow.sno repl 0-10
melt min Minimum melt rate for snow during year mm/◦C/day snow.sno repl 0-10
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Case study 2 (multi-variable): Multi-variable calibration
(1992-2014)

Objective N° 1: KGElf (Q)

Variable: Streamflow (Q)

GoF: Modified Kling-Gupta efficiency
proposed by (Garcia et al., 2017). For low
flows.

Time step: Daily

Source of observed data: River gauge
(Trancura antes de Llafenco, BNA code:
9414001, Lat: -39.33°, Lon: -71.77°).

Objective N° 2: rPearson(ET )

Variable: Actual evapotranspiration (ET)

GoF: Pearson correlation coefficient
(rPearson)

Time step: Monthly

”Observed” data source: Gridded ET
products

Case study B.1: ERA5-Land (∼ 10 km)
Case study B.2: SSEbop (∼ 1 km)
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Case study 2 (multi-variable): Calibrated parameters (12)

ID Short description Units Archive Type of Range
change

latq co Lateral soil flow coefficient - linear adjustment − hydrology.hyd repl 0-0.05
perco Percolation coefficient − hydrology.hyd repl 0-0.95
epco Plant water uptake factor − hydrology.hyd repl 0-1

revap min Threshold depth of water for revap to occur m aquifer.aqu repl 0-10
flo min Minimum aquifer storage to allow return flow m aquifer.aqu repl 0-10
alpha bf Baseflow alpha factor 1/day aquifer.aqu repl 0-1
revap Groundwater revap coefficient − aquifer.aqu repl 0.02-0.2
rchg dp Deep aquifer percolation fraction − aquifer.aqu repl 0-1

fall tmp Snowfall temperature ◦C snow.sno repl -5-5
melt tmp Snow melt base temperature ◦C snow.sno repl -5-5
tmp base Minimum (base) temperature for plant growth ◦C plants.plt addi -5-5
tmp opt Optimal temperature for plant growth ◦C plants.plt addi -5-5
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Case study 1: Multi-period calibration, wet and dry

Pareto optimal front envelope
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Daily streamflow: simulated in SWAT+ vs observed data (wet period, Q1)
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Daily streamflow: simulated in SWAT+ vs observed data (dry period, Q2)
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Case study 1: Multi-period calibration, wet and dry

Best compromise solution
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Daily streamflow: simulated in SWAT+ vs observed data (Q1, wet period)
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Daily streamflow: simulated in SWAT+ vs observed data (Q2, dry period)
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Case study 1: Multi-period calibration, wet and dry (zoom)

Best compromise solution
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Daily streamflow: simulated in SWAT+ vs observed data (Q2, dry period)
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Daily streamflow: simulated in SWAT+ vs observed data (Q1, wet period)
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Case study 2.1: Multi-variable calibration (daily Q and
monthly ETa from ERA5-Land)

Pareto optimal front envelope
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Monthly actual evapotranspiration: simulated in SWAT+ vs ERA5 Land data
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Daily streamflow: simulated in SWAT+ vs observed data
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Case study 2.1: Multi-variable calibration (daily Q and
monthly ETa from ERA5-Land)

Best compromise solution
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Daily streamflow: simulated in SWAT+ vs observed data
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Actual evapotranspiration: simulated in SWAT+ vs ERA5−Land data
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Case study 2.1: Multi-variable calibration (zoom)

Best compromise solution
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Actual evapotranspiration: simulated in SWAT+ vs ERA5−Land data
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Case study 2.2: Multi-variable calibration (daily Q and
monthly ETa from SSEBoP

Pareto optimal front envelope
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Daily streamflow: simulated in SWAT+ vs observed data

W
a
rm

−
U

p

ene 01
1990

ene 01
1991

ene 01
1992

ene 01
1993

ene 01
1994

ene 01
1995

ene 01
1996

ene 01
1997

ene 01
1998

ene 01
1999

ene 01
2000

ene 01
2001

ene 01
2002

ene 01
2003

ene 01
2004

ene 01
2005

ene 01
2006

ene 01
2007

ene 01
2008

ene 01
2009

ene 01
2010

ene 01
2011

ene 01
2012

ene 01
2013

ene 01
2014

dic 31
2014

Observed
POF envelope

0
2
0

6
0

1
0
0

A
c
tu

a
l 
e
va

p
o
tr

a
n
sp

ir
a
tio

n
 [
m

m
]

Monthly actual evapotranspiration: simulated in SWAT+ vs SSEbop data
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Case study 2.2: Multi-variable calibration (daily Q and
monthly ETa from SSEBoP

Best compromise solution
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Actual evapotranspiration: simulated in SWAT+ vs SSEbop data
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Case study 2.2: Multi-variable calibration (daily Q and
monthly ETa from SSEBoP (zoom)

Best compromise solution
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Daily streamflow: simulated in SWAT+ vs observed data
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Actual evapotranspiration: simulated in SWAT+ vs SSEbop data
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Conclusions

1 In the multi-period calibration problem, the best compromise solution obtained with hydroMOPSO was
able to simulataneously provide a good representation of two contrasting temporal periods: wet (1992-
2009, KGElf (Q1) = 0.79) and dry (2010-2014, KGElf (Q2) = 0.79).

2 In the multi-variable calibration problem with ERA5-Land ETa data, the best compromise solution
obtained with hydroMOPSO provided a good representation of daily streamflows (KGElf (Q) = 0.78) and
monthly actual evapotranspiration (r(ETa) = 0.85).

3 In the multi-variable calibration problem with SSEBoP data, the best compromise solution obtained with
hydroMOPSO provided a good representation of daily streamflows (KGElf (Q) = 0.79) and monthly actual
evapotranspiration (r(ETa) = 0.93).

4 Given the model-independent nature of the package and the versatility of the R environment, we hope the
broader community of hydrologists and Earth scientists will use hydroMOPSO for the multi-objective
calibration of a wide class of hydrological and environmental models.

< mauricio.zambrano [at] ufrontera.cl >
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hydroMOPSO default configuration

hydroMOPSO implements NMPSO (Lin et al., 2016), a novel multi-objective algorithm that combines two
search mechanisms to maintain the diversity of the population and accelerate its convergence towards
the Pareto-optimal front (POF). The two mechanisms are based on PSO and genetic operations. A
balanceable fitness estimation (BFE) method is used to rank particles in an external archive, in order
to provide an effective guidance to the true POF, while keeping diversity among particles.
? defined a default configuration for the NMPSO algorithm, based on different tests. Sixteen different
combinations were tested, made from: i) the swarm size (N), ii) the maximum number of particles in
the external archive (Ne), and iii) the maximum amount of genetic operations in the external archive
(maxgo)
The default configuration established in this study was:

N = 10 particles

Ne = 100 particles

maxgo = 50 crossovers/mutations
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