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A B S T R A C T

Soil salinization in arid and coastal areas poses a significant threat to crop production, which is further aggra
vated by climate change and the over-exploitation of aquifers. Cultivation of salt and drought-tolerant crops such 
as quinoa represents a promising adaptation pathway for agriculture in saline soils. Quinoa (Chenopodium quinoa 
Willd.) is a “salt-loving” plant, known for its tolerance to drought and salinity using complex stress responses. 
However, available models of quinoa growth are limited, particularly under salinity stress. The objective of this 
study was to calibrate the crop growth, and salinity and drought stress parameters of the SWAP – WOFOST model 
and evaluate whether this model can represent quinoa’s stress tolerance mechanisms. Field experimental data 
were used from two quinoa varieties: ICBA-Q5 grown under saline conditions in Laayoune, Morocco, in 2021, 
and Bastille grown under rainfed, non-saline conditions in Merelbeke, Belgium, from 2018 to 2023. Calibration 
and parameter uncertainty was performed using the DiffeRential Evolution Adaptive Metropolis (DREAMzs) 
algorithm on key parameters identified via sensitivity analysis using the Morris method. The resulting crop 
parameters provide insights into the stress tolerance mechanisms of quinoa, including reduction of transpiration 
and uptake of solutes. The salinity stress function of SWAP effectively represents these tolerance mechanisms and 
accurately predicts the impact on yield, under arid conditions. Under Northwestern European climate, the model 
replicates the impact of drought stress on yield. The calibrated model offers perspectives for evaluating practices 
to reduce soil salinization in arid conditions and for modeling crop performance under water-limited conditions 
or future salinization in temperate regions.

1. Introduction

Over 10 % of agricultural land is affected by salinization, particularly 
in areas already vulnerable such as arid and semi-arid regions (FAO, 
2021). In the North Sea coastal regions soil salinization is currently not a 
major problem for agricultural production. However, these low-lying 
and fertile coastal regions will be highly vulnerable to seawater inun
dation from future sea level rise, and from saltwater intrusion caused by 
groundwater overuse and decreased rainfall (Gould et al., 2021). 
Tackling these interconnected challenges demands improved irrigation 

practices, appropriate land management, and the adoption of salt and 
drought-tolerant crop varieties and/or species adapted to saline envi
ronments (FAO, 2021). The cultivation of salt-tolerant crops, called 
‘saline or biosaline agriculture’, is a promising adaptation pathway for 
agriculture in saline soils, or in situations where irrigation involves 
brackish or saline water. A comprehensive overview of current research 
about saline agriculture and numerous case studies illustrating its po
tential are provided in Negacz et al. (2021).

Drought stress in crops occurs when soil water is insufficient to meet 
the crop water demand, resulting in suboptimal growth. Salinity stress in 
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crops involves both osmotic and ionic effects (Munns and Tester, 2008). 
The osmotic effect comes from the salts dissolved in the soil solution 
around the roots, generating a more negative osmotic potential. Since 
the root cell membrane acts as a semi-permeable barrier, water move
ment is controlled by the gradient in osmotic potential between the soil 
solution and the root cells. A more negative osmotic potential reduces 
water availability and leads to physiological water stress in plants due to 
stomatal closure, with a direct effect on the growth of roots and new 
leaves (Munns and Tester, 2008). In addition, saline-sodic soils often 
have poor physical and chemical properties, which can further limit 
water availability (Arora and Dagar, 2019; Bidalia et al., 2019). The 
ionic effect results from the accumulation of salt ions, namely sodium 
(Na+) and chloride (Cl-), inside the plant, specifically in the leaves, 
which causes ion toxicity and induces leaf senescence (Munns and 
Tester, 2008).

Species that are highly susceptible to salinity stress, like most con
ventional arable crops, are known as glycophytes. Their yields start 
declining at an electrical conductivity of the saturated soil-paste extract 
(ECe) of around 4 dS m− 1 or even lower (Maas and Hoffman, 1977). 
However, studies have shown that, even among glycophytes, there are 
varieties with greater tolerance (Van Straten et al., 2021, 2019), indi
cating that plants have developed specialized mechanisms to counteract 
the effects of salinity stress. Halophytes on the other hand are “salt-
loving” plants that can tolerate or even thrive in high-salinity environ
ments (Atzori, 2021). They constitute around 2 % of known plant species 
and are not commonly used for human consumption, except for quinoa 
(Ruiz et al., 2016).

Quinoa (Chenopodium quinoa Willd.) is a pseudo-cereal crop origi
nating from the Andean region of South America, and consumed 
worldwide thanks to its high nutritional value (De Bock et al., 2022, 
2021; Vilcacundo and Hernández-Ledesma, 2017) and adaptability to 
different climatic conditions. In Northern European countries, such as 
Denmark, The Netherlands and Germany, new varieties have been 
developed focusing on high yield, non-bitter seeds, disease resistance, 
shorter growing period and low photoperiod sensitivity (Jacobsen, 
2017; Jaramillo Roman et al., 2021; Präger et al., 2019). In Southern 
Europe, quinoa varieties have been successfully tested for their adapt
ability to the Mediterranean climate, resulting in high yield and good 
quality seeds (Pulvento et al., 2010; Rodríguez Gómez et al., 2021; Yazar 
et al., 2015). In North Africa, particularly Morocco, several varieties 
have proven to be well-suited to hot and arid conditions, especially 
when using irrigation and organic amendments (Bouras et al., 2022; 
Hirich et al., 2021; Rafik et al., 2021). Quinoa is inherently tolerant to 
drought and salinity (Ruiz et al., 2016). Quinoa varieties differ in 
salinity tolerance, but some can tolerate high salinity levels without 
compromising production or quality (Nanduri et al., 2019; Yazar et al., 
2015). Overall, suitable salinity conditions for quinoa are reported be
tween EC = 10 and 20 dS m− 1 in irrigation water (Hariadi et al., 2011; 
Lavini et al., 2014; Nanduri et al., 2019).

Quinoa, and other halophytes, have developed complex mechanisms 
that allow them to tolerate salinity stress. They osmotically adjust to the 
saline environment and maintain water uptake, by accumulating inor
ganic ions like Na+, K+ and Cl- in leaf cell vacuoles, and organic com
pounds (compatible solutes) such as proline and sugars, in the cytosol 
and organelles, to balance the osmotic pressure in the vacuoles (Adolf 
et al., 2013; Munns and Tester, 2008; Ruiz et al., 2016). Another 
mechanism for osmotic adjustment is the reduction of crop transpiration 
by regulation of the stomatal closure through the production of abscisic 
acid (ABA) (Adolf et al., 2013) or by decreasing stomatal density 
(Shabala et al., 2013). Halophytes are also able to maintain an accept
able K+/Na+ ratio in the leaves and roots, necessary for optimal cell 
functioning (Adolf et al., 2013; Munns and Tester, 2008). Other mech
anisms involve the activation of enzymatic and non-enzymatic antioxi
dants, that serve as osmoprotectants (Adolf et al., 2013), the 
development of external glands called Epidermal Bladder Cells (EBCs) 
thought to store K+ and Na+, water, and organic osmolytes (Koyro and 

Eisa, 2008; Moog et al., 2022), and the active salt exclusion at the 
soil-root interface (Kiani-Pouya et al., 2020). The osmotic adjustment 
and osmoprotection mechanisms in quinoa also contribute to its high 
drought stress tolerance (Hinojosa et al., 2018). These adaptation 
mechanisms vary significantly among different crops and varieties, soil 
and water conditions, and environmental factors (Adolf et al., 2012; 
Comparini et al., 2024; Jaramillo Roman et al., 2021), and despite 
extensive research, it still raises numerous questions about the processes 
involved.

Crop models that include salinity coping mechanisms can improve 
our understanding of the physiological responses of quinoa to salinity 
stress in interaction with soil and environmental factors and provide 
insights into its performance in other regions or future climate. While 
extensive knowledge exists about salt tolerance mechanisms, the chal
lenge is to effectively represent these mechanisms within crop models. 
However, the availability of crop models simulating the growth of 
quinoa (or other halophytes), especially under salinity stress, is limited. 
Only the SALTMED model has been widely used for simulating the 
growth of quinoa under saline conditions (Ince Kaya and Yazar, 2016; 
Peyghan et al., 2020; Pulvento et al., 2013) while AquaCrop and 
CSM-CROPGRO models have evaluated quinoa only under water-limited 
conditions (Alvar-Beltrán et al., 2020; Geerts et al., 2009; Präger et al., 
2019). AquaCrop does not account for root solute uptake (Raes et al., 
2023a), posing a limitation to model halophytes relying on salt inclusion 
mechanisms for salt tolerance. CSM-CROPGRO does not consider 
salinity stress and few attempts have been made to adapt the model to 
saline soils (Webber et al., 2010).

The SWAP-WOFOST model was developed by Wageningen Univer
sity and Research 50 years ago and contains detailed modules for 
simulating water and solute transport and different stresses in crops, 
including drought, oxygen, salinity and frost stress (Heinen et al., 2024). 
This model is a combination of the soil water transport model SWAP 
(Kroes et al., 2017) and the crop growth model WOFOST (De Wit et al., 
2020). In contrast to AquaCrop, SWAP simulates salt uptake, making it 
suitable for modeling the evolution of soil salinity in fields where hal
ophytes are grown. Salt uptake is a function of the root water uptake, the 
concentration of salts in the pore water, and a factor that represents 
either salt exclusion or active salt uptake. SWAP-WOFOST uses the 
simple salinity stress function proposed by Maas and Hoffman (1977), 
which reduces crop transpiration with increasing soil salinity concen
tration in the root zone. This salinity stress function depends solely on 
the soil salinity concentration and not on the plant internal salt content; 
therefore, stress due to toxicity effects are not directly accounted for. 
Despite its limitations, this linear function has been extensively used and 
continues to be employed in several models thanks to its simplicity. In 
the last decades, more detailed functions and approaches have been 
proposed as alternatives, such as the S-shaped function of Van Gen
uchten and Hoffman (1984), the nonlinear equation of Misle and Kah
laoui (2015) that describes osmotic and ionic effects, or the inclusion of 
osmotic stress in the calculation of root water uptake (Dalton et al., 
1975; De Jong van Lier et al., 2009).

A first objective of this study is to explore the potential of a combi
nation of a salt uptake function with the Maas and Hoffman (1977)
function to capture the salinity stress in quinoa. Therefore, we calibrated 
crop, salt uptake, and salinity and drought stress parameters of the 
SWAP - WOFOST model using field experimental data from the arid 
region of Laayoune (Morocco) under irrigation with different salinity 
levels. A second objective is to derive crop and drought stress parameters 
for a different quinoa variety in Merelbeke (Belgium), under rainfed and 
non-saline conditions. By doing so, we aim to facilitate research in 
current or future saline soils, and support simulation of drought stress in 
quinoa.
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2. Materials and methods

2.1. Field experiments

2.1.1. Quinoa in Laayoune (Morocco) under saline conditions
Quinoa (Chenopodium quinoa Willd.), variety ICBA-Q5, was culti

vated in the experimental farm of the National Institute of Agricultural 
Research in Foum El Oued area, Laayoune, in the south of Morocco (lat 
= 27.186◦, lon = − 13.341◦), from 13 April 2021 to 29 July 2021. ICBA- 
Q5 was bred by the International Center of Biosaline Agriculture (ICBA) 
in the UAE. Laayoune has a dry and hot climate, highly influenced by the 
ocean. During the experiment, the minimum average temperature was 
18 ◦C and maximum average temperature was 25 ◦C, and the total 
precipitation was only 7 mm. Because precipitation is low and the 
coastal aquifers are saline, agriculture relies on irrigation with saline 
water. The soil was irrigated using drip irrigation, with a flow rate of 
2 L h− 1 (~8 mm), twice a week. Between sowing and crop emergence, 
irrigation water had a salinity level of 4 dS m− 1. After crop emergence 
(two weeks after sowing), three irrigation treatments with different 
salinity levels: ECwater= 4 dS m− 1, 12 dS m− 1 and 20 dS m− 1, were 
adopted. The total irrigation amount applied during the growing season, 
for each of the three treatments, was 240 mm. The soil is a sandy loam 
with high salinity and low organic carbon (Table 1). We used a factor of 
1.72 to estimate organic matter from organic carbon, as required by 
SWAP.

Available data for model calibration consisted of dry biomass and 
yield, soil water content (θ) at 10 cm depth and soil electrical conduc
tivity of the saturated soil-paste extract (ECe) at 10 cm depth, for 2021. 
Soil water content (θ) and bulk soil EC were measured using Decagon 
TEROS 10 and 12, from 25 May 2021 onwards. The bulk soil EC was 
further processed and provided as ECe (Meter, 2018). In turn, we con
verted ECe to soil salinity concentration (c), as required for the model 
input, using a conversion factor that depends on the magnitude of EC 
(see supplementary materials). This allows to partially account for the 
non-linear relationship between EC and soil salinity concentration, 
especially at high salinity levels.

The experiment was originally designed to test the effect of nine 
different organic amendments on tolerance to salinity stress. For the 
modeling tasks, we simplified the dataset to focus solely on the irrigation 
water salinity, taking each time the average yield and biomass of all 
amendments. This decision was made due to significant variations 
among amendments and the lack of a nutrient simulation module in 
SWAP. Soil water content and electrical conductivity ECe were only 
available for the sheep manure amendment for the three salinity levels. 
Further details about the experiment are available in El Mouttaqi et al. 
(2023).

2.1.2. Quinoa in Merelbeke (Belgium) in rainfed and non saline conditions
Quinoa field experiments were conducted at the Flanders Research 

Institute for Agriculture, Fisheries and Food (ILVO) in Merelbeke, 
Belgium (lat = 50.983◦, lon = 3.769◦), from 2018 to 2023 (De Bock 

et al., 2022, 2021; ILVO, 2023). The climate in the experimental site is 
characterized by mild temperatures and moderate to high precipitation, 
typical of the North-West European climate. Between the growing sea
sons of 2018 and 2023, the average maximum temperature was 22 ◦C 
and the average minimum temperature was 11 ◦C, and precipitation 
varied from 163 mm in 2022–327 mm in 2023. The field experiments 
comprised several nitrogen (N) fertilization treatments and varieties, 
grown without irrigation and under non-saline conditions.

For calibration, we selected only the variety Bastille under 
100–130 kg N ha− 1 fertilisation treatment (optimal nutrient supply). 
Bastille is an early variety bred by Radicle Crops, which has consistent 
yields and good disease resistance under Flemish conditions. Bastille 
seeds were provided by Radicle Crops through a Material Transfer 
Agreement (MTA). We used dry yield measurements collected from four 
replicate plots across the growing seasons of 2018, 2019, 2022 and 
2023. The length of the growing season was on average 136 days, with 
plants reaching an average maximum height of 100 cm. In addition, soil 
water content (0–30 cm, 30–60 cm, 60–90 cm depth) and Leaf Area 
Index (LAI) were available for 2023, for each replicate plot. Gravimetric 
water content was measured manually every two weeks by soil sampling 
and weighing before and after oven-drying (105 ◦C for 24 h), and then 
converted to volumetric water content using the measured bulk density. 
LAI was measured every week using the SunScan Canopy Analysis Sys
tem type SS1.

Soil texture is mostly sandy loam with low organic carbon (Table 2). 
The groundwater level in the experimental field, measured at the start of 
the growing season in 2023, was on average 1.95 m deep in the whole 
field. This value was assumed the same for all the years in the calibration 
process.

2.2. SWAP - WOFOST model

SWAP (Soil, Water, Atmosphere and Plant) is a 1-D field scale model 
simulating the transport of water, solutes and heat in the unsaturated 
and saturated zone, in interaction with crop development (Kroes et al., 
2017). The dynamic crop growth module WOFOST (World Food 
Studies) is integrated in SWAP to describe the phenological develop
ment, growth and yield production of major arable crops (De Wit et al., 
2020).

2.2.1. Soil water and solute transport
SWAP computes the transport of water, solutes and heat in the un

saturated and saturated zone using the Richards equation (Eq. (1)), 
including root water extraction to simulate the movement of soil mois
ture in variably saturated soils. 

∂θ
∂t

=
∂
∂z

[

K(h)
(

∂h
∂z

+ 1
)]

− Sa(h) (1) 

Where θ is the volumetric water content (cm3 cm− 3), t is time (d), K(h) is 
the hydraulic conductivity (cm d− 1) as function of the soil water 

Table 1 
Soil texture, organic carbon and electrical conductivity of the sandy loam soil in 
the experimental field in Laayoune.

za

cm
BDb

mg cm-3
Clayc% Siltd% Sande% OCf% ECe

g

dS m-1

300 1600 18.6 19.6 61.8 0.273 9.55

a Soil layer depth.
b Bulk density.
c Percentage of clay (<0.002 mm).
d Percentage of silt (0.002 – 0.05 mm).
e Percentage of sand (0.05 – 2 mm).
f Organic carbon.
g Soil electrical conductivity of the saturated soil-paste extract.

Table 2 
Soil texture and organic carbon for the sandy loam soil in the experimental field 
in Merelbeke.

za

cm
BDb

mg cm-3
Clayc% Siltd% Sande% OCf%

35 1469 6.8 36.6 56.6 0.78
60 1644 8.2 51.9 39.9 0.49
300 1668 8.2 51.9 39.9 0.49

a Soil layer depth.
b Bulk density.
c Percentage of clay (<0.002 mm).
d Percentage of silt (0.002 – 0.05 mm).
e Percentage of sand (0.05 – 2 mm).
f Organic carbon.
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pressure head, h (cm), z is the soil depth (cm) taken positive upward, 
and Sa is the actual root water uptake (cm3 cm− 3 d− 1). This equation is 
solved numerically in SWAP by discretizing the soil in compartments 
and by using the Mualem-Van Genuchten functions (Mualem, 1976; Van 
Genuchten, 1980) that relate h, θ and K. The top boundary conditions of 
the system are characterized by the vegetation coverage and the atmo
spheric conditions. The bottom boundary condition describes the in
teractions between the soil profile, at the bottom boundary of the 
modelled soil column, and the underlying groundwater or deeper soil 
layers (Kroes et al., 2017). We selected “Free drainage of soil profile” as 
the bottom boundary condition for Laayoune due to the deep ground
water (~25 m), and “Prescribed soil water pressure head of bottom 
compartment”, as condition for Merelbeke. The pressure head of the 
bottom compartment is the height of the groundwater level relative to 
the depth of the bottom soil compartment.

The soil hydraulic parameters for Laayoune and Merelbeke, shown in 
Table 3, were derived from existing databases and literature, and 
adjusted if necessary to ensure satisfactory agreement between simu
lated and observed soil water content.

SWAP simulates the transport of a single species or solute to 
approximate the dynamics of all species in the soil solution. We assumed 
that all species that are represented by this single solute have the same 
contribution to the electrical conductivity (EC) or osmotic potential. 
Even though individual cations adsorb to negatively charged soil par
ticles (such us clay plates), adsorption of one ion corresponds with a 
desorption of another, so the total equivalent concentration is not 
influenced by sorption and desorption. Therefore, EC or osmotic po
tential does not depend on the composition of the solution but only on its 
total equivalent concentration. We parameterized the model so that this 
single solute behaves as a conservative solute. This means that it does 
not undergo chemical reactions, adsorption, dissolution or precipitation. 
Therefore, we used a simplified solute transport equation (Eq. (2)) that 
considers only convection, dispersion and root solute uptake. The 
convective flux represents the solutes carried along with the moving 
water, while the dispersion flux accounts for the dispersion caused by 
velocity variations in the soil porous medium (Kroes et al., 2017). The 
solute concentration in the root zone is determined using the principle of 
mass conservation. 

∂(θc)
∂t

= −
∂(qc)

∂z
+

∂
[

θ(Ddis)
∂c
∂z

]

∂z
− KrSac (2) 

Where, θ is the volumetric water content (cm3 cm− 3), c is the salinity 
concentration in the soil solution (mg cm− 3), t is time (d), q is the Darcy 
flux (cm d− 1), z is the soil depth (cm) taken positive upward, Ddis =

Ldis

⃒
⃒
⃒
q
θ

⃒
⃒
⃒ is the dispersion coefficient (cm2 d− 1), Ldis is the dispersion 

length (cm) set to 5 cm (default), Kr (or TSCF in the model files) is the 
root uptake preference factor (-), and Sa is the actual root water uptake 
(cm3 cm− 3 d− 1).

The term KrSac reflects the rate at which the solutes are taken up by 

the roots. The factor, Kr (TSCF), represents the preference of the plant 
for taking up solute ions relative to the amount of water extracted from 
the soil. A value equal to zero means that there is a complete salt 
exclusion, while a value equal to 1 indicates that solutes are taken up 
proportional to their concentration in the water. A value larger than 1 
means that more salts are extracted by the roots than what flows in with 
the water. This factor was included in the calibration process.

2.2.2. Transpiration reduction due to drought and/or salinity stress
Potential transpiration (Tpot) and potential soil evaporation (Epot) are 

calculated based on direct application of Penman-Monteith equation 
(equations 3.17 and 3.16 of the SWAP manual) (Kroes et al., 2017).

The potential soil evaporation (Epot) depends on the soil resistance of 
a wet soil (RSOIL), which was calibrated. When the topsoil is wet, water 
evaporates freely and actual soil evaporation (Eact) equals Epot . As the 
topsoil dries and its hydraulic conductivity decreases, Eact becomes 
limited by the maximum soil evaporation rate (Emax), which is deter
mined by the hydraulic properties of the topsoil layer. In addition, an 
empirical reduction function can be used to account for variations in 
topsoil hydraulic properties. We used the empirical function of Boesten 
and Stroosnijder (1986) (with empirical coefficient β2 or COFRED =
0.54 cm1/2, default). The actual evaporation (Eact) is then calculated as 
the minimum between Epot , Emax and this empirical value.

The potential transpiration (Tpot) represents the maximum transpi
ration rate based on atmospheric conditions and plant characteristics, 
under optimal soil water, nutrient and temperature conditions (Kroes 
et al., 2017). The potential transpiration depends on the minimum 
canopy or stomatal resistance (rs, min or RSC), which was calibrated. Tpot 

is distributed over the rooting depth, based on the root length density at 
the specific depth (z), which gives the potential root water uptake (Spot). 
The actual root water uptake (Sact) is then calculated from Spot , and 
reduced by stress factors (Eq. (3)). The actual root water uptake inte
grated over the rooting depth is equal to actual transpiration (Tact). The 
factors αrw, αrd, αrs and αrf correspond to oxygen, drought, salinity and 
frost stress, respectively. In this study, only drought and salinity stress 
were considered. 

Sact(z) = αrw αrd αrs αrf Spot(z) (3) 

Drought stress results from insufficient water in the root zone to meet 
the crop water demand, leading to reduced root water uptake. The 
drought stress factor, αrd, is calculated by the function of Feddes et al. 
(1978) (Eq. (4)). Above h3, root water uptake is optimal, and no drought 
stress occurs. Below h3, the root water uptake linearly decreases until 
zero at h4 (wilting point). The term h3 is split into two thresholds based 
on the atmospheric demand, h3landh3h, since water stress will start 
earlier at higher transpiration demand. The parameters h3l and h3h 

(HLIM3L and HLIM3H respectively), were included in the calibration 
process. The parameter h4 (HLIM4) was assumed equal to − 10000 cm 
(default). 

Table 3 
Soil hydraulic parameters for the sandy loam soils in the experimental fields of Laayoune and Merelbeke.

Location za

cm
θrb

cm3 cm -3
θsc

cm3 cm-3
αd

cm-1
nd

-
Ksat

f

cm d-1
Lexp(λ)d

-
he

e

cm

Laayoune 300 0.01 0.395 0.0068 1.245 43.7 − 2.489 0
Merelbeke 35 0.01 0.42 0.0163 1.559 54.8 0.177 0
Merelbeke 60 0.01 0.39 0.0163 1.559 8.64 − 0.904 0
Merelbeke 300 0.01 0.40 0.0248 1.321 8.64 − 0.904 0

a Soil layer depth.
b Residual water content.
c Saturated water content.
d Empirical shape parameters.
e Saturated hydraulic conductivity.
f Minimum capillary height for modification near saturation.
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αrd =

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

1 h ≥ h3

h − h4

h3 − h4
h4 < h < h3

0 h ≤ h4

(4) 

Salinity stress results from an excess of dissolved solutes in the soil 
solution around the roots (more negative osmotic potential), leading to 
reduced water uptake and hence crop transpiration. SWAP calculates the 
salinity stress factor, αrs, using the function of Maas and Hoffman (1977)
(Eq. (5)), which is widely used due to its requirement of only two pa
rameters, Smax and Sslope. It assumes that above a certain salinity 
threshold (Smax), the transpiration is linearly reduced with increase of 
soil salinity concentration, with a rate Sslope. As long as the salinity 
concentration in the soil solution does not excess Smax, αrs is equal to 1 
and the root water uptake is not affected by salinity stress. When the 
salinity concentration is higher, αrs will be lower than 1, following the 
linear reduction function. The parameters Smax and Sslope, referred as 
SALTMAX and SALTSLOPE in the model files, were included in the 
calibration process, for the Moroccan site only.

The salinity stress function focuses solely on how salts directly affect 
transpiration and crop growth through osmotic effects. However, toxic 
effects might be implicitly included in the SALTMAX and SALTSLOPE 
parameters (Werkgroep Waterwijzer Landbouw, 2018). 

αrs =

{
1 c ≤ Smax

1 − Sslope(c − Smax) c > Smax
(5) 

The root system and soil properties determine the available water 
and nutrients for plant growth. In SWAP, the development of the rooting 
depth over time, assuming no soil restrictions, can be described by the 
initial rooting depth (RDI), the maximum rooting depth (RDC), and the 
maximum daily increase (RRI). The actual rooting depth over time is 
also function of the relative increase in dry matter. The relative root 
density distribution is constant and follows a linear relationship that is 
maximal near the soil surface and decreases to zero at the actual rooting 
depth. Drought or salinity stress does not affect the distribution of roots 
in the root zone, but do influence crop growth and rooting depth. In 
reality, suboptimal soil conditions will impact both root density distri
bution and water uptake patterns. Root growth may be restricted or 
absent in very dry or saline soil layers, or water uptake may increase in 
sparsely rooted but optimal soil layers to compensate for reduced uptake 
in densely rooted but suboptimal soil layers (Jarvis, 2011). To reflect 
this dynamic root water uptake, SWAP allows the application of a 
compensation factor, ALPHACRIT, in the transpiration reduction 
(Jarvis, 2011, 1989). This factor is a critical threshold in the range 0–1, 
with 1 meaning that stress occurs as soon as the conditions somewhere 
in the root zone are not optimal (no compensation), leading to an im
mediate reduction in crop transpiration. Values below 1 indicate that 
transpiration continues at the potential rate, even in the presence of 
stress, until this critical threshold is reached (Tact/Tpot < ALPHACRIT)
and transpiration starts to reduce. This compensation factor increases 
transpiration by a factor 1/ALPHACRIT compared to no compensation 
(Heinen et al., 2024; Jarvis, 2011). We used the default value of 
ALPHACRIT = 0.7, for both drought and salinity stress, as proposed in 
the crop files available in the SWAP documentation.

2.2.3. Crop growth
The dynamic crop growth WOFOST implemented in SWAP, describes 

the phenological development, growth, and yield formation of major 
arable crops. It calculates how much light and CO2 is intercepted and 
potentially converted by photosynthesis into carbohydrates, which are 
the building blocks for biomass production. This potential photosyn
thesis is reduced by different stress reduction factors (drought and 
salinity stress, with compensation, in this case) to obtain the actual 
photosynthesis. The energy captured during photosynthesis is used for 
maintenance respiration and conversion into dry matter. During this 

conversion, some energy is lost as growth respiration. The dry matter 
produced is distributed over the different parts of the crop: roots, stems, 
leaves and storage organs, based on partitioning coefficients and the 
development stage of the crop (DVS). The dry matter allocated to leaves 
subsequently influences how much light can be intercepted. Due to all 
these complex interactions, feedback mechanisms and crop physiolog
ical responses, there is not a linear relationship between transpiration 
reduction and yield reduction. DVS depends on the temperature sum, 
while other processes like the distribution of assimilates or crop senes
cence are controlled by DVS. DVS varies from 0 to 2, with DVS = 0 at 
emergence, DVS = 1 at flowering and DVS = 2 at maturity (De Wit et al., 
2020).

2.3. Model calibration approach

Our model calibration approach for obtaining the new quinoa crop 
parameters involved the following steps: 

1. Defining a “plausible” range of parameter values for quinoa using the 
available data and literature.

2. Running a sensitivity analysis with the plausible parameter ranges as 
a basis, to identify the most important ones affecting the output of 
interest.

3. Calibrating the key parameters, using the DREAMzs algorithm with 
experimental data from the field.

4. Assessing calibration performance via statistical indices, and model 
parameter uncertainty.

2.3.1. Defining “plausible” parameter range
De Wit and Boogaard (2021) and De Wit and Wolf (2010) provide 

clear guidelines for the calibration procedure of WOFOST parameters, 
which parameters are commonly the most sensitive ones, and their 
range of variation. This range of variation was used as the plausible 
parameter range for sensitivity analysis and calibration (Table A.1 in 
appendix). For parameters not included in De Wit and Boogaard (2021), 
we used the range of variation provided inside available crop and swap 
files, with adjustments made where possible based on observed data.

2.3.2. Morris method for sensitivity analysis to identify target parameters
Sensitivity analysis is a method to identify which of the numerous 

parameters in a model exhibit the most substantial influence on the 
model’s output of interest. Contrary to calibration, this analysis is in
dependent of available observations. We used the Global Sensitivity 
Analysis method developed by Morris (1991) and enhanced by Ruano 
et al. (2012), available in the SALib python package (Herman and Usher, 
2017; Iwanaga et al., 2022; SALib, 2024), to assess the significance of 
various crop parameters in the yield, biomass, transpiration and root 
solute uptake.

The Morris method uses a set of trajectories to randomly sample the 
parameter space, which is scaled to the interval [0,1]. Each parameter 
(x1,…,xn) can only take values at p evenly spaced intervals or grid levels 
[0, 1/(p − 1), 2/(p − 1), … , 1], which allows efficient exploration of 
the parameter space with few samples. Each trajectory involves per
turbing one parameter at a time (k = 1, 2, …,n), by a fixed step size, Δ =

p
2(p− 1) , while keeping the others fixed, until all the n parameters have 
been changed. For each parameter, Morris calculates the elementary 
effects (EEk), which represents the change in the model output (f(x)) due 
to small perturbations in that parameter (xk) (Eq. (6)). The parameter 
samples are scaled back to their original values based on their respective 
parameter range before being evaluated in the model. 

EEk =
f(x1,…, xk + Δ,…, xn) − f(x1,…, xk,…, xn)

Δ
(6) 

The Morris method computes two sensitivity indices: 
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• Mean of the absolute elementary effects for each parameter (μ*): 
represents the average sensitivity of the parameter.

• Standard deviation of the absolute elementary effects for each 
parameter (σ): represents non-linear effects and interactions with 
other parameters.

Parameters with larger μ* are deemed more sensitive as they 
contribute more to changes in the model output. Parameters with 
greater σ are considered to either exhibit non-linear behaviour (changes 
in the parameter do not produce a proportional change in the model 
output) or have interactions with other parameters.

We selected 100 trajectories and 8 grid levels (p) for parameter 
sampling based on earlier experience (Coudron et al., 2021), and a total 
of 30 crop parameters (Table A.1 in Appendix) following the WOFOST 
guidelines (De Wit and Boogaard, 2021). To make the elementary effects 
comparable between model outputs, we scaled them by the ratio of the 
standard deviation of the parameter to the standard deviation of the 
model output, according to Sin and Gernaey (2009), and available in the 
SALib package.

2.3.3. DREAMzs (differential evolution adaptive metropolis) for parameter 
estimation

DREAM is a sampling algorithm used in Bayesian statistical inference 
that derives the posterior parameter distribution given the observed 
data and available prior information. The core of Bayesian inference is 
that the posterior parameter distribution can be approximated from the 
prior parameter distribution and the likelihood function (Eq. (7)). 
Therefore, the posterior distribution combines previous knowledge of 
the parameters of interest and the observations (Vrugt, 2016). 

p(x|Y)∝p(x)p(Y|x) (7) 

p(x|Y) represents the posterior probability of the parameters x condi
tioned to the observations Y, p(x) is the prior probability of those pa
rameters, and p(Y|x) is the likelihood, that is, the probability of Y being 
generated from the parameters x.

The prior distribution contains all the knowledge about the param
eters. Prior distributions can be assumed uniform (equal probability for 
all parameter values), normal with or without correlation, among others 
(Vrugt, 2016). The likelihood function commonly assumes that the error 
residuals (the difference between observed and simulated values) are 
non-correlated or random, and normally distributed, and can be used for 
either homoscedastic or heteroscedastic measurement errors (Vrugt, 
2016). The terms “homoscedastic” and “heteroscedastic” refer to con
stant or variable errors, respectively, in the observed variable.

The posterior distribution is sometimes complex, high-dimensional 
and with several local optima, and consequently, cannot be estimated 
analytically. Markov Chain Monte Carlo (MCMC) simulation methods 
are frequently used for sampling the posterior distribution. The 
DREAMzs algorithm (Laloy and Vrugt, 2012; ter Braak and Vrugt, 2008; 
Vrugt et al., 2009) is an improved MCMC approach, which runs multiple 
chains or trajectories simultaneously to explore the parameter space 
until convergence to a steady distribution has been achieved. Moni
toring this convergence is done simultaneously for all the parameters 
with the multivariate R̂-statistic of Gelman and Rubin (1992). The 
convergence is declared when this statistic is smaller than 1.2. Together 
with the R̂-statistic, the rate of acceptance (AR) of the proposals is also 
monitored. Values ranging between 15 % and 40 % indicate a satisfac
tory performance of the algorithm.

The output of DREAMzs is the posterior parameter distribution, 
which under certain conditions consists of a representative set of all 
plausible parameter values given the observations and available prior 
information. The parameter set with maximum a posteriori (MAP) 
probability is the derived most probable parameter given the observa
tions and prior information. The parameter set with maximum likeli
hood (ML) is the parameter set that leads to the best fit to the observed 

data, among the collected posterior samples. This approach allows to 
assess the uncertainty of the estimated parameters so that the uncer
tainty of model predictions due to the parameter uncertainty can be 
evaluated. This is a crucial advantage when availability of experimental 
data is scarce.

For the calibration, we assumed a ‘normal’ prior distribution for all 
calibrated parameters, restricted to the parameter space (Table A.1 in 
Appendix). The mean of this distribution was the best parameter value 
derived from available data, literature, and initial fine-tuning of the 
model, prior to the actual Bayesian inversion. The standard deviation 
was assumed 30 % of the mean. The error in the observations, used in 
the likelihood function, was assumed constant for every observation 
variable as follows: 0.05 cm3 cm− 3 for soil water content, 5 mg cm− 3 for 
soil salinity concentration, 0.5 cm2 cm− 2 for LAI, 250 kg ha− 1 for yield 
and 500 kg ha− 1 for biomass.

2.3.4. Additional considerations for model calibration
Ideally, model calibration should first be done under non-stressed 

conditions, comprising parameters related to the length of the 
phenology stages, light interception and potential biomass production, 
and assimilate distribution between crop organs. Once these parameters 
for potential production are defined, the remaining parameters related 
to the stress functions can be calibrated. However, the available data 
consisted only of observations under stressed conditions (salinity and 
drought stress). Therefore, the calibration was done in one single step, 
involving both potential production and stress-limited production 
parameters.

In WOFOST, there are scalar and tabular parameters. Scalar pa
rameters are just one value, while tabular parameters vary with devel
opment stage (DVS). The calibration of tabular parameters such as 
partitioning coefficients, can be done through logistic functions (see 
supplementary materials). The specific leaf area (SLA) and maximum 
CO2 assimilation rate (AMAX) also vary with DVS, but we opted for a 
simpler calibration approach to avoid too many parameters. We 
assumed that their values remained constant until DVS = 1 (start of 
flowering), followed by a linear decline until reaching 0 at DVS = 2 
(maturity). These values were found via calibration.

2.3.5. Statistical indices for assessing model performance
We used three statistical indicators to evaluate quantitatively the 

model simulations, the root mean square error (RMSE, Eq. (8)), the 
normalized root mean square error (NRMSE) calculated by dividing 
RMSE by the mean of the observations, and the coefficient of determi
nation (R2, Eq. (9)). Each one of these indicators considers different 
kinds of model uncertainties. The RMSE statistic measures the average 
deviation of the simulations (ŷ) from the observations (y), expressing the 
model deviation (bias) and the variance of the random errors. It ranges 
between 0 and infinite, with 0 meaning a perfect fit. The metric NRMSE 
is dimensionless and varies from 0 to 1, allowing comparisons between 
observational variables. The coefficient of determination R2 measures 
how good the variance of the observed values is explained or predicted 
by the model. It is dimensionless and normally ranges from 0 to 1, with 1 
meaning a perfect fit. Negative values are also possible, which indicates 
that the model is a worse predictor than the mean of the observations. 
These metrics have the limitation that are overly sensitive to high values 
or outliers and do not differentiate between over- and underestimation 
(Raes et al., 2023b). Therefore, they constitute a complement to the 
graphical comparison between modeled and observed values. 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(yi − ŷi)

2
√

(8) 

R2 = 1 −

∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − y)2 (9) 

Where, y is the mean of the observations and n the number of obser
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vations.

3. Results

3.1. Sensitivity analysis

Fig. 1 shows the ranked average sensitivity (μ*) of the parameters, 
for yield and solute uptake under low (EC = 4 dS m− 1) and high salinity 
(EC = 20 dS m− 1) in Laayoune, while Fig. 2 illustrates the ranked 
average sensitivity for yield and transpiration, in Merelbeke. The results 
showing also the non-linear effects and interactions between parameters 
(σ), for all the output variables, are given in supplementary materials. 
The larger the μ* value for a certain parameter, the more sensitive is the 
model output to changes in that parameter. Fig. 1 shows that SALT
SLOPE, SLA, SALTMAX, AMAX, TSUMEA and FRTBa are the most sen
sitive parameters in most situations. This sensitivity slightly changes 
depending on the model output (e.g. yield, solute uptake) and conditions 
(e.g. salinity levels). For example, under high salinity, SALTSLOPE and 
TSUMEMEOPT becomes notably more sensitive. Similarly, parameters 
TSCF and RSC have a greater influence on the root solute uptake than on 
the other model outputs. In Merelbeke (Fig. 2), similar to Laayoune, 
parameters TSUMEA, AMAX, SLA, RSC and FRTBa are the most sensitive 
for all output variables analysed, over the years 2018, 2019, 2022 and 
2023. In addition, FOTBm is highly influential for yield, while SPAN is a 
sensitive parameter for transpiration. In general, parameters with a 
higher μ* also show larger non-linear effects on the model output and 
interactions with other parameters (Fig. S.1 and Fig. S.2 in supplemen
tary materials). The parameters HLIM3L, HLIM3H, Q10, RMO, RRI, RDI, 
FRTBb, FOTBb and FLTBb, are the least sensitive for all the model 
outputs and conditions analysed.

3.2. Parameter estimation

Based on the sensitivity analysis and data availability, 17 parameters 
were calibrated using DREAMzs for the Moroccan case (Fig. 1), and 13 

Fig. 1. Ranked average sensitivity (μ*) by the Morris method, on yield and solute uptake, for the Moroccan case, under low (4 dS m− 1) and high salinity (20 dS m− 1) 
in irrigation water. Parameters selected for calibration are depicted in red, those estimated from observations or literature available for quinoa are shown in dark 
grey, and parameters obtained from the default WOFOST potato file, are displayed in light grey. Some non-sensitive parameters have been omitted to improve 
visualization. For a description of all the parameters, refer to Table A.1 and Table A.2 in appendix.

Fig. 2. Ranked average sensitivity (μ*) given by the Morris method, on yield 
and transpiration, for the Belgian case, averaged over the years 2018, 2019, 
2022 and 2023. Parameters selected for calibration are depicted in red, those 
estimated from observations or literature available for quinoa are shown in 
dark grey, and parameters obtained from default WOFOST potato file, are 
displayed in light grey. Some non-sensitive parameters have been omitted to 
improve visualization. For a description of all the parameters, refer to Table A.1 
and Table A.2 in appendix.
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parameters for the Belgium case (Fig. 2), which does not include salinity 
stress. Some of these parameters, such as drought stress parameters 
(HLIM3L, HLIM3H) and partitioning coefficients were included in the 
calibration despite most of them having low influence, due to the lack of 
available information in the literature for quinoa. Other parameters 
including the sum of the temperature (TSUMEMOPT, TSUMEA, TSU
MAM), initial crop weight (TDWI), maximum rooting depth (RDC), 
relative increase of LAI (RGRLAI), extinction coefficient (KDIF) and 
conversion efficiency (CVO) were derived from the available measure
ments or literature. For the remaining crop parameters, values were 
adopted from the default WOFOST potato file. The parameters drawn 
from the default WOFOST potato file are mostly general parameters that 
are very similar or even the same between different crops (e.g. potato, 
winter wheat, maize, barley and sugar beet). Table A.2 in the appendix 
contains the calibrated parameters for ICBA-Q5 and Bastille, as well as 
other crop parameters estimated from literature or available data.

There are crucial differences between these two varieties, regarding 
phenological development, transpiration and yield production. The 
main differences rely on the temperature requirement for reaching 
emergence (TSUMEMEOPT) and flowering (TSUMEA), the minimum 
stomatal resistance (RSC), the maximum CO2 assimilation rate (AMAX), 
the allocation of dry matter to the different plant organs (FRTB, FLTB, 
FOTB) and drought stress parameters (HLIM3H, HLIM3L). Compared to 
Bastille, the variety ICBA-Q5 has a higher TSUM requirement, especially 
for reaching flowering, exhibits a greater stomatal resistance and a 
lower CO2 assimilation rate. Additionally, it allocates less dry matter to 
roots and more to above-ground biomass, particularly to leaves, and it 
also demonstrates slightly higher drought tolerance (Fig. 3).

The salinity stress parameters, calibrated only for the ICBA-Q5 va
riety under the agro-climatic conditions of Laayoune, indicate that 
SALTMAX is 5.1 mg cm− 3 and SALTSLOPE is 0.0103 cm− 3 mg. Using 
the conversion procedure detailed in the supplementary materials, these 
values correspond to ECe,saltmax= 4 dS m− 1 and ECe,saltslope= 1.3 % per dS 
m− 1. This means that above a soil salinity threshold of about 
5.1 mg cm− 3 (or ECe= 4 dS m− 1), transpiration decreases by 1.03 % for 
each unit increase in salinity concentration (or 1.3 % per dS m− 1 in
crease) with respect to the potential transpiration (Fig. 3). Additionally, 
the TSCF parameter that represents the uptake of solutes by the roots 
relative to the uptake of water, is higher than 1, which indicates an 
active root solute uptake.

Fig. 4 shows the posterior distribution of the calibrated parameters 
for quinoa under saline conditions in Laayoune and under rainfed con
ditions in Merelbeke, respectively. The red marker represents the value 
that best fits the observations, while the blue marker denotes the mean 
of the prior distribution (initial guess). The range of the x-axis values 
coincide with the parameter range of variation (Table A.1), except for 

HLIM3H, HLIM3L, SALTSLOPE and FLTBm in Fig. 4A, and HLIM3H, 
HLIM3L in Fig. 4B, which have been adjusted for visualization purposes. 
The posterior distribution shows the parameter variability and uncer
tainty. In case of ICBA-Q5 under salinity and mild drought stress, the 
distribution of some parameters, specifically some partitioning param
eters FOTBm, FLTBa and FRTBb, extend over the full range of the 
parameter space. The same pattern occurs for the Belgian case, in almost 
all partitioning parameters. For the other parameters, the distributions 
are narrower and tend to cluster around the point of maximum likeli
hood. In addition, the maximum likelihood value of certain parameters, 
the one that best fit the observations (indicated by the red marker) does 
not always correspond with the peak of the distribution. In the Moroccan 
case, this discrepancy is particularly noticeable for the parameters 
AMAX, FOTBb, FRTBb, FRTBm, TSCF and RSOIL. In the Belgian case, 
this occurs for FRTBa, FRTBb and HLIM3H.

3.3. Calibrated model simulations and statistical analysis

3.3.1. Laayoune (Morocco)
Fig. 5 depicts the daily simulated soil salinity concentration over the 

growing season for the three irrigation salinity levels, and the daily 
observations from 25 May 2021 onwards. The vertical dashed line marks 
the start of each irrigation treatment at crop emergence. Before this 
point, the crop was irrigated with low-salinity water (4 dS m− 1). The soil 
salinity concentration has a peak on mid-May, specifically 11 May, 18 
May and 21 May, for the lower, medium and higher salinity levels, 
respectively, and then gradually decreases until reaching a relatively 
stable value in all treatments. The simulated peak is higher than the 
observed one, especially for the medium salinity level of 12 dS m− 1.

The cumulative fluxes or water balance components, namely tran
spiration, evaporation and irrigation, are presented in Fig. 6. Leaching is 
not shown because it was minimal in this case. The vertical dashed line 
marks the start of each irrigation treatment at crop emergence. There is a 
point until which the cumulative evaporation nearly equals cumulative 
irrigation (around May 10), for all treatments, which aligns approxi
mately with the peaks of soil salinity concentration in Fig. 5. Until this 
point, most of the irrigation water is lost by soil evaporation. After
wards, irrigation water is gradually taken by the plant and soil evapo
ration decreases. The change in water storage during the growing season 
resulted in − 130.1 mm, − 127.1 mm and − 105.1 mm, for the low, me
dium and high salinity scenarios, respectively. At high salinity (20 dS 
m− 1), the cumulative transpiration reduction (Tpot − Tact) at the end of 
the growing season is substantially smaller than the reduction in final 
Tpot, compared to the lower salinity levels. The transpiration reduction 
represents the stomatal closure caused by salinity and drought stress, 

Fig. 3. Transpiration reduction factor due to salinity stress (αrs) as function of soil water salinity concentration (5A), and due to drought stress (αrd) as function of soil 
water pressure head (5B) for ICBA-Q5 grown in Laayoune, and Bastille in Merelbeke. The dashed vertical lines indicate the different thresholds, SALTMAX, HLIM3L 
and HLIM3H, that determine the start of transpiration reduction due to stress. SALTMAX is the salinity concentration threshold, and HLIM3L and HLIM3H are the 
pressure head thresholds for low (Tlow) or high (Thigh) atmospheric demand, respectively.
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while the reduction in Tpot reflects the subsequent decrease in leaf and 
crop development due to this stomatal closure. As salinity levels in
crease, salinity stress starts earlier (Fig. B.1 in appendix), which have a 
greater impact on crop development and transpiration demand.

Fig. 7 shows the daily simulated soil water content over the growing 
season for the three irrigation salinity levels, and the daily observations 
from 25 May 2021 onwards. Soil water content is simulated well for the 
low salinity level, while for the other treatments, the model under- or 
overestimates the observations, which is particularly evident in the 
medium salinity treatment.

The observed yield and biomass against the simulated values for the 
three salinity levels are shown in Fig. 8, together with the 1:1 line that 
indicates a perfect fit. The relation between yield and biomass reduction 

with salinity is well approximated at the medium and high salinity levels 
but is not correctly captured at the low salinity level.

3.3.2. Merelbeke (Belgium)
Fig. 9 shows the simulated soil water content over the growing 

season in 2023 at depths of 0–30 cm, 30–60 cm and 60–90 cm, and the 
seven average soil moisture observations at each soil depth. The model 
effectively simulates the soil water content observations, particularly 
within the top 30 cm of the soil. In the topsoil, the model captures the 
soil moisture fluctuations due to rainfall events and periods of drought 
(mid-May – mid-July, 2023), while for the deeper layers, the model 
overestimates the soil moisture in this dry period. The top layer reached 
very low moisture levels while the deeper layers retained more soil 

Fig. 4. Parameter distribution as given by DREAMzs, for ICBA-Q5 quinoa variety under saline conditions in Laayoune (Morocco) (6 A) and Bastille under rainfed and 
non-saline conditions in Merelbeke (Belgium) (6B). The red marker represents the value of the parameter set that best fits the observations, while the blue marker 
represents the mean of the prior distribution. The range of the x-axis values coincide with the parameter range of variation except for HLIM3H and HLIM3L (A, B), 
and SALTSLOPE and FLTBm (A), for visualization purposes. The description of the parameters is given in Table A.2 in appendix.
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moisture.
Simulated and observed yield, for 2018, 2019, 2022 and 2023 are 

presented in Fig. 10. Yield in 2022 was significantly higher compared to 
the other years. On average, the model simulates satisfactorily the yield 
observations under drought stress (Fig. 10 and Fig. B.2) although with 
important over- and underestimations. This is partly linked to the 
presence of diseases that are not included in the model.

Lastly, Fig. 11 shows the simulated Leaf Area Index (LAI, m2 m− 2) 

during 2023. Eight LAI observations were available during the growing 
season. The maximum observed LAI is about 4.7, while the simulated 
maximum value is around 4.1. Overall, the simulated values closely 
align with the measurements, exhibiting some discrepancies after 
reaching maximum canopy cover. The decline in the simulated LAI 
during June and July corresponds to the drought period experienced in 
2023.

Fig. 5. Observed and simulated soil salinity concentration at 10 cm depth (mg cm− 3), for the three irrigation water salinity levels of 4, 12 and 20 dS m− 1. Ob
servations start on May 25th, 2021. The vertical dashed line indicates the start of each irrigation treatment, at crop emergence. Before this time, the soil was irrigated 
with low-salinity water (4 dS m− 1).

Fig. 6. Simulated cumulative water fluxes for the three irrigation water salinity levels of 4, 12 and 20 dS m− 1. Epot and Eact represent potential and actual 
evaporation, Tpot and Tact denote potential and actual transpiration, and Irrig refers to irrigation. The vertical dashed line indicates the start of each irrigation 
treatment, at crop emergence. Before this time, the soil was irrigated with low-salinity water (4 dS m− 1).

Fig. 7. Observed and simulated soil water content at 10 cm depth (cm3 cm− 3), for the three irrigation water salinity levels of 4, 12 and 20 dS m− 1. Observations start 
on 25 May 2021.
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3.3.3. Statistical indices
Table 4 shows the statistical indices Root Mean Square Error (RMSE), 

Normalized Root Mean Square Error (NRMSE) and coefficient of 
determination (R2) for the Moroccan and Belgian cases. These indices 
give a numerical estimation of how well the model fits the observations, 
in this case, soil salinity concentration, soil water content, yield, 
biomass, and LAI. Since these metrics largely summarize the goodness- 

of-fit of the model in just a number, it is important to always comple
ment them with graphical results that give a broader view of the model 
performance. The values of RMSE denote high discrepancies for almost 
all variables. This is the result of few high deviations such as those in 
yield and biomass at the lowest salinity level, soil salinity peak, soil 
water content at the medium salinity level and maximum LAI, as 
detailed in the previous sections. The values of NRMSE are dimension
less and allow comparison between variables. It shows that the simu
lated soil water content from 60 to 90 cm in Bastille has the lowest 
relative error, while LAI has the highest relative error, compared to the 

Fig. 8. Observed against simulated yield and biomass (kg ha− 1) for the three irrigation water salinity levels of 4, 12 and 20 dS m− 1. The black dashed line is the 1:1 
line or bisector line that indicates a perfect fit.

Fig. 9. Observed and simulated soil water content from 0 to 30 cm, 30–60 cm 
and 60–90 cm depth (cm3 cm− 3), for Bastille during 2023.

Fig. 10. Observed against simulated yield for 2018, 2019, 2022 and 2023 for 
Bastille in Merelbeke. The black dashed line is the 1:1 line or bisector line that 
indicates a perfect fit.

Fig. 11. Simulated and observed Leaf Area Index (LAI, m2 m− 2) for Bastille 
in 2023.

Table 4 
Goodness-of-fit statistics Root Mean Square Error (RMSE), Normalized Root 
Mean Square Error (NRMSE) and Coefficient of determination (R2) for all 
simulated variables, for ICBA-Q5 and Bastille.

Variable RMSE NRMSE R2 Variety

Soil salinity concentration 3.54 mg cm− 3 0.259 0.53 ICBA-Q5
Soil water content 0.04 cm3 cm− 3 0.194 0.03 ICBA-Q5
Yield 194.3 kg ha− 1 0.190 0.62 ICBA-Q5
Biomass 475.6 kg ha− 1 0.171 0.57 ICBA-Q5
Yield 749.0 kg ha− 1 0.213 0.63 Bastille
LAI 0.87 cm2 cm− 2 0.313 0.54 Bastille
Soil water content (0− 30) 0.028 cm3 cm− 3 0.179 0.90 Bastille
Soil water content (30–60 cm) 0.038 cm3 cm− 3 0.218 0.76 Bastille
Soil water content (60–90 cm) 0.039 cm3 cm− 3 0.155 0.62 Bastille
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mean of the observations. The values of R2 indicate that overall, at least 
50 % of the total variability in the observations is explained by the 
model, except for soil water content in ICBA-Q5.

4. Discussion

Differences in the calibration between these two varieties are ex
pected (Table A.2 and Fig. 4), especially in the crop parameters for 
potential transpiration and yield such as TSUMEA, RSC, AMAX, and 
partitioning coefficients, which are variety dependent (De Wit and 
Boogaard, 2021; Kroes et al., 2017). ICBA-Q5 was bred to tolerate high 
levels of salinity, drought, and heat stress in arid regions, whereas 
Bastille was developed as a disease tolerant variety more suited for 
temperate climate conditions (longer days and humid environment). 
ICBA-Q5 has a shorter growing season than Bastille, yet it has a higher 
temperature requirement for emergence and flowering (TSUMEMEOPT, 
TSUMEA), indicating its adaptation to hot environments. The parameter 
RSC, the minimum stomatal resistance, is higher for ICBA-Q5, which 
gives a lower potential transpiration. This may be an adaptation of 
ICBA-Q5 to excessive water loss under arid conditions, for example due 
to a lower stomatal density or regulation of the stomatal closure (Adolf 
et al., 2013). A modification in the stomatal closure and density also 
affects how much carbon dioxide (CO2) is assimilated by the plant. The 
parameter AMAX, which is the maximum CO2 assimilation rate, ranges 
between 30 and 40 kg ha− 1 h− 1 for C3 crops (e.g. potato, quinoa, barley, 
etc) according to De Wit and Boogaard (2021). The value for Bastille 
falls within this range, whereas ICBA-Q5’s value is much lower.

Präger et al. (2019) calibrated several crop parameters under rainfed 
conditions for the European quinoa varieties Jessie and Zeno, in 
southwestern Germany, using the CSM-CROPGRO model. Some pa
rameters are transferable to WOFOST parameters, like the specific leaf 
area (SLA) and partitioning coefficients. For Bastille, SLA, the initial 
partitioning to the leaves (FLTBa) and the initial partitioning to the roots 
(FRTBa) are similar to the parameters given by Präger et al. (2019), 
while for ICBA-Q5, FRTBa is much lower. These parameters, related to 
potential transpiration and yield, might have implicitly included the 
effects of drought and salinity stress. Theoretically, stresses should not 
affect potential production parameters, which are only crop or variety 
dependent. However, since these parameters were calibrated using data 
with some sort of stress (drought and salinity stress), they might be 
slightly affected. This could be one of the reasons why the model falls 
short in simulating correctly the yield and biomass at the lower salinity 
level.

The salinity stress parameters for the ICBA-Q5 variety resulted in 
SALTMAX equal to 5.1 mg cm− 3 (or ECe,saltmax= 4 dS m− 1) and SALT
SLOPE equal to 0.0103 cm− 3 mg (or ECe,saltslope= 1.3 % per dS m− 1), 
under the arid conditions and salinity levels in the Laayoune region 
(Fig. 3A). For comparison, conventional arable crops like potato have a 
SALTMAX of 2.18 mg cm− 3 and SALTSLOPE of 0.094 cm− 3 mg, or more 
tolerant crops like barley have a SALTMAX of 10.24 mg cm− 3 and 
SALTSLOPE equal to 0.039 cm− 3 mg (Kroes et al., 2017). Although 
quinoa has a lower salinity threshold than barley, quinoa is less affected 
by increasing salinity. This is in line with the high salinity tolerance 
reported for quinoa. Another important parameter is TSCF (or Kr in Eq. 
(2)), which represents the root solute uptake relative to water. One of 
the reported salinity stress tolerance mechanisms of quinoa is the in
clusion of salts in its internal organs (Adolf et al., 2013; Hariadi et al., 
2011). The parameter TSCF is larger than 1, indicating an active root 
solute uptake, which suggests that the ICBA-Q5 variety is a "salt 
includer”. This aligns with the observed rise in Na+ content in the leaves 
as salinity increases as shown in El Mouttaqi et al. (2023), and the 
decrease in soil salinity concentration over the growing season. How
ever, these results contrast with those of a recent study by Comparini 
et al. (2024), where salt exclusion mechanisms were identified in Vik
inga, Dave 407 and Red Head quinoa varieties in a rhizoslides experi
ment. This underscores the variations in tolerance mechanisms among 

different varieties and highlights that environmental conditions (i.e. 
growing on a sheet of paper versus growing in soil) influence the 
dominating processes in the salt transport pathway.

Theoretically, SALTMAX, SALTSLOPE and TSCF are only able to 
account for the osmotic adjustment affecting crop transpiration, and salt 
inclusion mechanisms which influence the amount of solutes present in 
the soil. Other adaptations observed in quinoa to avoid ion toxicity, like 
salt storage in external salt glands, are not accounted for in the salinity 
stress function. Ion toxicity plays an important role at high salinity levels 
and after long exposure to salinity (Munns and Tester, 2008). Given the 
capacity of the model to simulate correctly the yield and biomass at high 
salinity levels (Fig. 8), the salinity stress parameters might incorporate 
some tolerance mechanisms to avoid ion toxicity. Further research could 
help to evaluate whether the well-known salinity stress function pro
posed by Maas and Hoffman (1977) and used in SWAP-WOFOST can 
indeed indirectly describe ionic effects.

In terms of drought stress parameters, HLIM3H and HLIM3L are 
similar for both varieties, with ICBA-Q5 resulting in a slightly higher 
drought tolerance (Fig. 3B), which can be attributed to physiological 
differences but also to different soil properties and environmental con
ditions. The calibrated values are in the same range of most arable crops 
(Kroes et al., 2017; Maas and Hoffman, 1977).

It is important to note that the parameter values presented in 
Table A.2 are the ones emerging as the ‘most likely’ ones from the 
parameter estimation process given the observed data. However, the 
posterior distribution of these parameters (Fig. 4) shows the complete 
picture regarding parameter uncertainty. For some parameters, specif
ically some partitioning parameters such as FOTBm, FLTBa and FRTBb, 
we see that the distribution extends over the full range of the parameter 
space, for both case studies. In case of non-sensitive parameters like 
FLTBa and FRTBb, it is expected that they exhibit a more uniform dis
tribution because variations in their values do not significantly affect the 
model output. However, this does not occur for other non-sensitive pa
rameters such us HLIM3H and HLIM3L, which have a narrow distribu
tion. This is because they may be influential for soil water content, 
which was not included in the sensitivity analysis. On the other hand, for 
sensitive parameters such as FOTBm, the widespread distribution shows 
that the available data is insufficient to narrow down to its exact value. 
This is reasonable because the partitioning coefficients vary with the 
development stage of the crop, and we only had observations of the final 
yield and biomass. This also stresses the importance of time series data 
for crop model calibration (Coudron et al., 2021). In addition, the 
maximum likelihood value, denoted with a red marker, does not always 
correspond with the peak of the distribution. This discrepancy is 
commonly seen in multi-dimensional problems, where the probability 
mass of a given distribution tends to spread out further from the point of 
maximum likelihood (Carpenter, 2017).

The simulated soil salinity concentration, soil water content, yield, 
and biomass show overall good agreement with the observations in 
Laayoune. It was shown that during the vegetative period, the model 
tends to accumulate more solutes in the soil than observed, but later it 
gets closer to the observations (Fig. 5). The simulated salt accumulation 
during the germination and seedling stage is largely influenced by the 
high soil evaporation (Fig. 6), which mostly depends on the soil hy
draulic properties of the surface layer. It is possible that with different 
soil parameter values, greater leaching might occur, reducing salt con
centration in the top soil layer. Since measurements were only available 
from 25 May 2021 onward, we were unable to verify the soil salinity 
simulation before this date. The model simulated the overall trends and 
fluctuations in the soil water content caused by root water uptake and 
irrigation events, although some deviations were observed, particularly 
at the 12 dS m− 1 experiment (Fig. 7). Several factors might contribute to 
these deviations: unknown initial soil moisture conditions, spatial soil 
heterogeneity, uncalibrated soil parameters and sensor measurement 
uncertainty.

During the germination and seedling stage, most of the irrigation 
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water is lost by evaporation (Fig. 6), while the salts remain in the topsoil 
layer. As the crop develops, evaporation decreases while transpiration 
increases, leading to a reduction in soil salinity since the crop actively 
takes up salts. Under high salinity levels (20 dS m− 1), the potential 
transpiration is much smaller than for the lower salinity levels (4 dS m− 1 

and 12 dS m− 1), yet the transpiration reduction is very similar across 
salinity treatments (Fig. 6). This highlights the dominant impact of 
salinity on reducing biomass and leaf area, which in turn reduces the 
potential of the crop to transpire. The similar transpiration reduction 
among treatments indicates a “compensation” effect. Under low and 
medium salinity stress, the crop growth was inhibited by drought stress 
due to insufficient water, as all treatments received the same irrigation 
amount. In contrast, at higher salinity levels, the crop growth was 
limited primarily by salinity stress rather than drought stress, since the 
crop water requirements were lower (Fig. B.1 in appendix).

The effect of salinity stress is evident in the decreased crop transpi
ration and yield, although this effect is not well captured at the low 
salinity level (Fig. 8). However, even at high salinity levels, ICBA-Q5 is 
still able to grow and give significant yields. These findings suggest that 
selecting varieties with higher drought and salinity tolerance, such as 
ICBA-Q5, could improve crop resilience in arid regions. Additionally, 
crop management practices aimed at reducing excessive soil evapora
tion and consequent salt accumulation, especially during germination 
and seedling stages, such as improved irrigation planning or mulching, 
would be highly beneficial.

Under Northwestern European conditions (Merelbeke, Belgium), the 
model effectively replicated the impacts of drought stress over the years 
on transpiration (Fig. B.2), yield (Fig. 10) and LAI (Fig. 11), although it 
cannot incorporate situations involving weeds and diseases, which are 
prevalent in this climatic condition. The observed yield in 2022 was high 
compared to the other years, since quinoa was planted earlier. Early 
planting proved advantageous as it allowed the plants to reach a suffi
cient size by the time pests could proliferate, and the relatively dry year 
further minimized pest problems. Quinoa is very susceptible to weeds 
and diseases in wet years, and the yield is highly dependent of these 
factors. This is a limitation in most crop models including SWAP- 
WOFOST that only account for abiotic stresses (suboptimal soil mois
ture, salinity or temperature).

In Belgium, soil salinization is currently not a major problem in most 
agricultural areas. However, groundwater salinization in areas influ
enced by the sea (i.e. polders), or the use of treated wastewater for 
irrigation, may become more common due to more frequent droughts 
and freshwater scarcity in the future. Currently, Belgian farmers do not 
irrigate quinoa, and some small-scale production is found in the polder 
area (e.g. Belgische Quinoa). Developing a model that accounts for 
salinity stress is the first step for evaluating quinoa performance under 
future salinization scenarios in this region, using for example, the 
salinity stress parameters of ICBA-Q5 as an approximation.

5. Conclusion

The objective of this study was to calibrate the crop growth, solute 
transport and salinity and drought stress parameters of the SWAP – 
WOFOST model, and to investigate whether this model could represent 
the stress tolerance mechanisms observed in quinoa, especially to 
salinity. The simple salinity stress function proved effective in simu
lating the salinity tolerance mechanisms of quinoa under the hot-arid 
climate of Laayoune, Morocco, and transferring these effects to tran
spiration and yield. However, at low salinity levels, the model did not 
accurately capture the relation between yield and salinity. The param
etrization of the model implied that the ICBA-Q5 quinoa variety is a "salt 
includer”, which aligns with the observed rise in Na+ content in the 
leaves as salinity increases, and the decrease in soil salinity concentra
tion over the growing season. Our work confirmed that the current 
approach to represent salt stress in the model, can also be used to 

represent crops that take up salts and develop mechanisms to deal with 
high uptake of salts, like some halophytes. The model results also 
showed that high soil evaporation at the start of the growing season is an 
important factor driving salt accumulation in the soil, thereby intensi
fying salinity stress in the arid region of Laayoune. In the Northwestern 
European climate of Merelbeke, Belgium, the model effectively simu
lated the impact of drought stress on LAI and yield of the Bastille variety. 
Future research could use these calibrated models to evaluate manage
ment practices such as improved irrigation strategies and mulching to 
reduce evaporation and salt accumulation in arid conditions, and to 
analyze quinoa performance under potential droughts or future salini
zation in Northwestern European conditions. Thanks to our Bayesian 
parameter inference approach, we obtained uncertainty distributions on 
the estimated parameters. However, to reduce this uncertainty and 
extend the applicability of the calibrated models to conditions beyond 
those analyzed in this study, additional local experimental data is 
necessary.
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Appendix A. Crop and solute transport parameters

Table A.1 
Crop and solute transport parameters for quinoa considered for sensitivity analysis. Parameter ranges are based on De Wit and Boogaard (2021) and available in
formation within crop and swap files, and adjusted according to observed data

Parameter Range of 
variation

Units Description

TSUMEMEOPT 50–200 ◦C Temperature sum from sowing to emergence
TSUMEA 150–1050 ◦C Temperature sum from emergence to anthesis
TSUMAM 600–1550 ◦C Temperature sum from anthesis to maturity
RSC 50–500 s m− 1 Minimum canopy resistance (stomatal resistance)
TDWI 0.5–500 kg ha− 1 Initial total crop dry weight
RGRLAI 0.007–0.5 m2 m− 2 day− 1 Maximum relative increase in LAI
SPAN 17–50 day Life span of leaves under optimum conditions
KDIF 0.44–1.0 ​ Extinction coefficient for diffuse visible light
SLA 0.001–0.005 ha kg− 1 Specific leaf area as function of crop development
AMAX 10–70 kg ha− 1 h− 1 CO2 assimilation rate as function of development stage
CVO 0.45–0.7 - Efficiency of conversion into storage organs
Q10 1.5–2.0 - Increase in respiration rate per 10◦C temperature change
RMO 0.002–0.03 kg(CH2O) kg− 1 

day− 1
Relative maintenance respiration rate of storage organs

FRTBa 0.2–0.7 - Parameters of the logistic function that describe the fraction of total dry matter increase partitioned to the roots. a refers 
to allocation at emergence, b the steepness of the function and m the location of the centre point (See supplementary 
materials)FRTBb 5–25

FRTBm 0.5–1.3
FLTBa 0.7–0.95 - Parameters of the logistic function that describe the fraction of total above ground dry matter increase partitioned to the 

leavesFLTBb 5–25

FLTBm 0.8–1.3
FOTBb 5–25 - Parameters of the logistic function that describe the fraction of total above ground dry matter increase partitioned to the 

storage organsFOTBm 0.9–1.3
RDI 5–20 cm Initial rooting depth
RDC 10–50 cm Maximum rooting depth
RRI 0.00001–3.0 cm day− 1 Maximum daily increase in rooting depth
HLIM3H − 10000 - − 100 - Pressure head below which water uptake reduction starts at high potential transpiration
HLIM3L − 10000 - − 100 - Pressure head below which water uptake reduction starts at low potential transpiration
SALTMAX 1–20 mg cm− 3 Threshold of salt concentration in soil water
SALTSLOPE 0.0005–0.1 cm3 mg− 1 Decline of root water uptake above threshold
TSCF 0.1–3.0 - Relative uptake of solutes by roots
RSOIL 10–1000 s m− 1 Soil resistance of a wet soil

Table A.2 
Calibrated and estimated crop and solute transport parameters for quinoa ICBA-Q5 under Moroccan (MO) conditions and Bastille under Belgian (BE) conditions. The 
calibrated values represent the value with maximum likelihood

Parameters Value MO Value BE Units Description Remarks

TSUMEMEOPT 170 80 ◦C Temperature sum from sowing to emergence Estimated from weather data
TSUMEA 715 450 ◦C Temperature sum from emergence to anthesis Estimated from weather data
TSUMAM 1100 1100 ◦C Temperature sum from anthesis to maturity Estimated from weather data
TBASEM 2 2 ◦C Minimum temperature, used for germination trajectory AquaCrop quinoa file
TEFFMX 30 30 ◦C Maximum temperature, used for germination trajectory AquaCrop quinoa file
ALBEDO 0.19 0.19 ​ Crop reflection factor WOFOST potato crop file
RSC 140 85 s m− 1 Minimum canopy resistance (stomatal resistance) Calibrated
TDWI 1.0 5.0 kg ha− 1 Initial total crop dry weight Estimated from data, taking 

into account emergence rate
LAIEM 0.05 0.05 ​ Leaf area index at emergence Based on Präger et al. (2019)
RGRLAI 0.09 0.09 m2 m− 2 

day− 1
Maximum relative increase in LAI Estimated from data

SPAN 37 37 day Life span of leaves under optimum conditions WOFOST potato crop file
SLA 0.0027 0.0027 ha kg− 1 Specific leaf area as function of crop development Calibrated
KDIF 0.85 0.85 ​ Extinction coefficient for diffuse visible light Adjusted based on Kroes 

et al. (2017)
KDIR 0.75 0.75 ​ Extinction coefficient for direct visible light ​
AMAX 20.9 35.2 kg ha− 1 h− 1 Maximum CO2 assimilation rate as function of development stage Calibrated
CVL 0.72 0.72 ​ Efficiency of conversion into leaves WOFOST potato crop file
CVO 0.50 0.50 ​ Efficiency of conversion into storage organs Estimate for high protein 

crops (Wit & Boogaard, 
2021)

(continued on next page)
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Table A.2 (continued )

Parameters Value MO Value BE Units Description Remarks

CVR 0.72 0.72 ​ Efficiency of conversion into roots WOFOST potato crop file
CVS 0.69 0.69 ​ Efficiency of conversion into stems WOFOST potato crop file
Q10 2.0 2.0 ​ Increase in respiration rate per 10◦C temperature change WOFOST potato crop file
RML 0.030 0.030 kg(CH2O) 

kg− 1 day− 1
Relative maintenance respiration rate of leaves WOFOST potato crop file

RMO 0.010 0.010 kg(CH2O) 
kg− 1 day− 1

Relative maintenance respiration rate of storage organs WOFOST barley crop file

RMR 0.010 0.010 kg(CH2O) 
kg− 1 day− 1

Relative maintenance respiration rate of roots WOFOST potato crop file

RMS 0.015 0.015 kg(CH2O) 
kg− 1 day− 1

Relative maintenance respiration rate of stems WOFOST potato crop file

FRTBa 0.22 0.51 ​ Parameters of the logistic function that describe the fraction of total dry matter 
increase partitioned to the roots. a refers to allocation at emergence, b the 
steepness of the function and m the location of the centre point (See 
supplementary materials)

Calibrated

FRTBb 7.695 22.56 ​ ​ ​
FRTBm 0.97 1.07 ​ ​ ​
FLTBa 0.93 0.86 ​ Parameters of the logistic function that describe the fraction of total above ground 

dry matter increase partitioned to the leaves
Calibrated

FLTBb 12.57 8.43 ​ ​ ​
FLTBm 0.80 1.25 ​ ​ ​
FOTBb 7.85 5.07 ​ ​ ​
FOTBm 1.20 0.984 ​ Parameters of the logistic function that describe the fraction of total above ground 

dry matter increase partitioned to the storage organs
Calibrated

RDI 10.0 10.0 cm Initial rooting depth WOFOST potato crop file
RDC 20.0 25.0 cm Maximum rooting depth Estimated from data
RRI 1.2 1.2 cm day− 1 Maximum daily increase in rooting depth WOFOST potato crop file
HLIM3H − 220 − 160 cm Pressure head below which water uptake reduction starts at high potential 

transpiration
Calibrated

HLIM3L − 540 − 430 cm Pressure head below which water uptake reduction starts at low potential 
transpiration

Calibrated

SALTMAX 5.1 mg cm− 3 Threshold of salt concentration in soil water Calibrated for Morocco
SALTSLOPE 0.0103 cm3 mg− 1 Decline of root water uptake above threshold Calibrated for Morocco
TSCF 1.64 ​ Relative uptake of solutes by roots Calibrated for Morocco
RSOIL 460 150 s m− 1 Soil resistance of a wet soil Calibrated for Morocco

Appendix B. : Transpiration reduction due to drought and salinity stress

Fig. B.1. Cumulative transpiration reduction due to salinity (Tsol) and drought (Tdry) stress for ICBA-Q5 in Laayoune, for the three irrigation water salinity levels of 
4, 12 and 20 dS m− 1
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Fig. B.2. Cumulative potential and actual transpiration for Bastille in Merelbeke, for 2018, 2019, 2022 and 2023

Appendix C. Supporting information

Supplementary data associated with this article can be found in the online version at doi:10.1016/j.agwat.2025.109356.

Data availability

The data used for model calibration and the python scripts for model 
execution and sensitivity analysis are open access and are available in 
https://doi.org/10.5281/zenodo.14163468 and https://gitlab.ilvo. 
be/plant-modelling/swap-dream. The python version of the DREAMzs 
algorithm used in this study can be obtained upon request.
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