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Crop models simulate growth and development and they are often used for climate change applications.
However, they have a variable skill in the simulation of crop responses to extreme climatic events. Here, we
present a new dynamic crop modelling method for simulating the impact of abiotic stresses. The Simultaneous
Equation Modelling for Annual Crops (SEMAC) uses simultaneous solution of the model equations to ensure
internal model consistency within daily time steps; something that is not always guaranteed in the usual sequential method. The SEMAC approach is implemented in GLAM, resulting in a new model version (GLAMParti). The new model shows a clear improvement in skill under water stress conditions and it successfully
simulates the acceleration of leaf senescence in response to drought. We conclude that SEMAC is a promising
crop modelling technique that might be applied to a range of models.

1. Introduction
The plant growth and development are influenced by a wide range
of biotic and abiotic factors. Understanding the complex interactions
between plants and their surrounding environments is important for
prediction under environmental change. In this context, crop models
are developed as systems for describing the growth and development of
a crop in any given environment at local, regional or even global scale
(Chenu et al., 2017). Crop models simulate the plant growth and development by using a set of mathematical equations and they often
include complex functions and modelling techniques for their simulations (Marcelis et al., 1998). They are widely used as agricultural tools
to describe the plant performance and to predict the final production
and yield.
Climate change brings a higher frequency of extreme weather
events and more complex interactions which can damage the crops,
limit their yield (Howden et al., 2007; Porter et al., 2014; Zhao et al.,
2017), and alter their nutritional properties (Myers et al., 2014; Jones
et al., 2017). Crop modelling has a long history in simulating these
complex interactions. However significant challenges remain if the risks
posed by climate change are to be reliably quantified (Challinor et al.,
2014). Extreme events, and the abiotic stresses that result, are

∗

particularly challenging, especially considering the wide range of environments across which crops are cultivated. The simulation of crop
performance in these extreme climatic conditions can be significantly
uncertain (Zhang and Tao, 2013; Asseng et al., 2013, 2015). Tao et al.
(2018) showed that for climate change impact assessment, the largest
source of uncertainty in their crop model ensemble was due to the
model structure. Rivington and Koo (2010) suggests that one of the
ways to improve the crop model performance is by better simulating the
various processes through an improved connection between them.
Thus, improving the crop model structure is a significant step towards
reducing the uncertainty in the model output for climate change impact
studies (Challinor et al., 2013).
A common practice to improve the performance of a crop model is
to add new processes and interactions (Affholder et al., 2012). It is
expected that this practice will lead to an improvement in skill, while at
the same time the model will be able to simulate more processes of the
real world. Nevertheless, adding complexity in a crop model may not
always lead to an improvement in skill, especially in large scale applications. This can partially occur from the inclusion of site-specific
parameters and processes that are difficult to generalize in larger regions (Challinor et al., 2009). This is a common problem in crop
modelling and in some cases modellers tend to develop simplified
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Fig. 1. A. SEMAC methodology for crop production; B. Production levels in Wageningen crop models (Van Ittersum and Rabbinge, 1997; van Ittersum et al., 2003).

versions of models that are already very complex (e.g., Stella et al.,
2014). According to Passioura (1996) there is an optimal level of
complexity in which the total model error is minimized. At this point,
there is a balance between a robust model structure and the number of
parameters included. In accordance with that, crop modellers should
design their models upon an appropriate level of complexity (Sinclair
and Seligman, 2000). This level is defined by the scope of the model
and the scientific questions that it seeks to address (Challinor et al.,
2018).
Simultaneous equation modelling approaches are commonly used to
provide a robust way of simulating the interdependence between processes that are jointly determined in the real world (e.g., Oldroyd, 1950;
Chou and Kamel, 1988; Zeng and Cai, 2005; Lefcheck, 2016). Agricultural environments consist of complex systems with many interactions and the interdependence between various processes makes modelling difficult. The aim of this paper is to introduce a new crop
modelling method which uses simultaneous solution of all model
equations for crop growth and development. The new approach is
called SEMAC (Simultaneous Equations Modelling for Annual Crops).
The solution of the system of equations returns the values of the state
variables for growth and development of the crop. This is done twice for
each time step, initially for optimal conditions, where the impact of any
stresses is ignored, and then again after considering of the environmental limitations. Applying the new modelling technique results in a
dynamic crop model with reduced parameterization requirements, robust structure, and improved internal consistency.
SEMAC is implemented here in the GLAM crop model and a new
model version is formed. The new model is called GLAM-Parti as it
introduces partitioning of biomass based on allometric relationships; a
necessary step for the application of SEMAC. GLAM-Parti advantages
over GLAM since it has improved model structure, it gives a better
connection between the model processes and finally, it increases the
ability of the model to capture the impact of water stress on crop
growth and development.

2. Rationale and methodology
2.1. Methodology and internal consistency in SEMAC
The simultaneous solution of model equations is not a new concept
in crop modelling. For instance, simultaneous modelling approaches
have been developed to couple leaf photosynthesis to stomatal conductance (e.g., Baldocchi, 1994; Yin and Struik, 2009). In addition,
Goudriaan and Van Laar (1994) combined the rate of formation of new
leaf area and the growth of biomass to develop an equation which explains the evolution of the total biomass during the season. Nevertheless, in order to avoid a very complicated system, they made simplifications, such as that the relative growth rates of biomass and leaf
area are identical and constant over time.
SEMAC develops a system of simultaneous equations which accounts for all above-ground crop growth and development processes.
This differentiates SEMAC from the prevailing crop modelling techniques. Otherwise, the modelling process follows the methodology described in van Ittersum et al. (2003). At the first step (i.e. the potential
production level) the crop growth is defined by the given environmental conditions and the crop properties without considering of any
limitations from stresses. At this step, the system of equations is solved
to return the potential crop production level. At the second step (i.e. the
attainable production level) the impact of stresses is taken into account
- in this case water stress - which reduces transpiration and growth,
decreases the specific leaf area (SLA), and alters the allocation of dry
matter between leaves and stems. These modifications are incorporated
into the model equations, which are solved to return the values of the
state variables. This step ensures consistency between the prognostic
variables of the system and it outputs the attainable production level. At
the third step, the growth reducing factors are taken into account (i.e.
weeds, pests, diseases, pollutants). In SEMAC, the steps 1–3 are always
carried out in order as necessary (Fig. 1).
Applying SEMAC to a crop model involves the following steps:
i) Introduction of allometric relationships to relate state variables:
188
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There are various modelling techniques for simulating the carbon
allocation among the plant organs. Common approaches are the use
of partitioning coefficients that are dependent on the development
stage or modelling the source to sink carbon dynamics (Marcelis
and Heuvelink, 2007). In SEMAC, the concept of allometric growth
is implemented, which expands upon the principle that the growth
of the different plant compartments is jointly determined through
allometric relationships. Based on these relationships, the total
biomass (W) can be expressed as function of LAI, following the
modifications shown in Section 3.4.2.
ii) Expression of any remaining state variables as functions of other
state variables: In crop models, the daily increase in biomass (dW/
dt) is estimated either from intercepted radiation, transpiration or
photosynthesis. At the canopy level, the biomass growth can be
expressed as function of LAI (i.e. this is especially true for radiation
or transpiration driven models). For instance, in water-based crop
models, the production of new biomass depends on canopy transpiration. The transpiration is a function of evapotranspiration,
which is in turn dependent on the environmental conditions and
LAI. After calculating the environmental influence (i.e. based on the
weather conditions), the growth of biomass can be expressed as
function of LAI (see Section 3.4.3 and Appendix A).
iii) Substitution of the relationships from i and ii into the simple mass
balance equation Wn – Wn−1 – dW/dt = 0. The Wn and dW/dt
terms of the equation are explained in steps i, ii, where they are
expressed as function of LAI. Wn−1 is the biomass value of the
previous time step. The solution of the mass balance equation returns the value of LAI which is then used to solve all other equations
that participate into the system. This is done twice, initially for
optimal conditions, where the stress impact is ignored, and then
again, after incorporating the stress effects. In this study water
stress is considered, however SEMAC can be similarly applied to
various stress conditions. A schematic representation of the implementation of SEMAC in crop models is given in Fig. 2.

two aspects affect the accuracy of the model to simulate the aboveground biomass and the masses of the different organs (e.g. leaves,
stems, grains). The third aspect (i.e. the SLA) affects both the simulation
of leaf mass and the estimation of LAI. This accounts for all climatic
conditions and abiotic stresses. More specifically, various stresses and
management practices can significantly affect the plant growth (Cramer
et al., 2011) and alter the dry matter allocation patterns (Weiner, 2004;
Sieling et al., 2016; Poorter et al., 2012). In crop models, the biomass
accumulation rate may be modified and the SLA as well as the carbon
partitioning between different organs may be adjusted to the environmental conditions (i.e. through modifications in the allometric relationships). SEMAC provides a simple modelling framework for simulating these growth and development processes and ensures internal
model consistency with the use of the simultaneous equation modelling.
This secures that there are no missing interactions between processes
that are interconnected in the field, which is particularly important
under stress conditions where the system becomes more complex. Crop
modelling techniques based on sequential approaches may face issues
in capturing the plant/environment interactions at the same time step.
2.3. Modelling water stress effects in SEMAC
Most crop models use a water stress factor to simulate the impact of
water shortage on crops (e.g., Jamieson et al., 1998; Asseng et al.,
2004). This factor is usually calculated as the rate of the available water
in the soil to the total water demand by the plant. If this rate is below a
pre-determined threshold then the plant is affected by the water deficit.
The water stress factor takes values from zero to one and it is usually
applied to modify LAI or accelerate leaf senescence (Raes et al., 2009;
Ewert et al., 2015).
Nevertheless, the leaf development is affected by various factors
under limited water in the field. Most importantly, drought conditions
may alter the leaf:stem mass ratio (Ratjen et al., 2016) and decrease the
SLA (Fernández and Reynolds, 2000; Brisson and Casals, 2005; Zhang
et al., 2010). If these effects are omitted in a crop model, a bias may be
introduced in the simulation of leaf dynamics (Ratjen et al., 2016). For
this reason, in SEMAC, LAI is not directly effected by the water stress
effects. Instead, the water stress factor is used to apply modifications on
the leaf:stem dry matter production and the canopy SLA under drought.
LAI is then altered both due to decreased carbon allocation to the leaves
and to lower SLA. Simultaneously, the biomass production is affected
by the LAI reduction. These effects are captured at the same time step
due to the robust model structure and the simultaneous solution of the
model equations. Through this method, both the LAI takes into account
the water stress effects on leaf growth and development, and all state
variables (including biomass growth) are consistent with the value of
LAI, since they are updated by the same system of equations.

2.2. Use of SEMAC to model stress conditions
The implementation of SEMAC leads to three main potential sources
of error in the simulation of crop growth and development at each time
step. These are: the production of new biomass, the allocation of biomass to the different plant compartments and the canopy SLA. The first

2.4. Modelling of stress interactions
Climate change brings a higher frequency of extreme weather conditions and more stress interactions acting on crops (Gray and Brady,
2016). When multiple stresses affect the crop performance, the response of plants cannot be addressed only by taking into account of
each stress individually (Mittler, 2006). In crop modelling studies, the
simulation of crop growth and development in these environments can
be very complex. For instance, in drought prone regions with high air
pollution levels, the use of multiple factors to simulate the leaf expansion or accelerate leaf senescence may result to an unrealistic model
output. SEMAC attempts to increase the model predictability in these
situations by introducing an improved connection between the various
model processes. LAI is computed by the system of equations which
decreases the parameterization requirements, as it removes the need of
using stress factors to modify the LAI growth. It also improves the LAI
simulation since it takes into account all equations in the system for the
estimation of LAI. The use of allometric relationships for the

Fig. 2. Implementation of SEMAC in radiation and transpiration driven crop
models. TT = Transpiration, ET = Evapotranspiration, Q = Intercepted PAR,
W = total above-ground biomass, dW/dt = daily increase in biomass, n = time
step. Wn and dW/dt are expressed as function of LAI and the solution of the
mass balance equation returns the value of LAI.
189
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Fig. 3. Generic scheme of GLAM model. The categorization of variables is taken from Loomis et al. (1979). State
variables are represented by boxes, rate variables by ellipses, auxiliary variables by octagons, external variables
by 2 dots - 3 dashes lines. Mass flows are represented by
solid-line arrows, information flows by dashed-line arrows.

representation of the GLAM model structure. LAI is initially estimated
and the potential canopy transpiration is calculated according to the
LAI value. The actual transpiration is a fraction of the potential value
based on the soil water content. Under water stress, the actual transpiration is reduced due to the soil water deficit. The decreased transpiration rate reduces the production of new biomass. In such case, the
growth of leaves should also be lower due to the water stress effects.
However, LAI is already calculated in the model and it is used for the
calculation of the other state variables. Therefore, LAI does not respond
dynamically to water stress. For this reason, the soil water stress factor
is computed which reduces the growth of leaves on the next time step
(i.e. the next day). This is a form of inconsistency, since this time delay
is not representative of the reality and limits the model skill in the simulation of the drought stress effects.

partitioning of biomass gives the opportunity to easily shift the carbon
allocation between the plant compartments under different environmental conditions. The above advancements create a modelling framework which can be further expanded to incorporate more stresses.
Hence, it is believed that SEMAC can be a useful tool in the attempt to
address the crop response to a changing climate.
3. Materials and methods
3.1. GLAM model
The General Large Area Model for annual crops (GLAM) is a process
– based crop model which simulates the impact of climate on crop yield
(Challinor et al., 2004) (Fig. 3). It is a relatively simple model which
runs in daily time step and it is designed to operate at regional scales
(Challinor et al., 2005). GLAM uses a maximum daily growth rate of
leaf area index which can be decreased by the water stress. The daily
potential evapotranspiration is calculated by the Pristley-Taylor equation and it is partitioned into potential evaporation and potential
transpiration. The actual transpiration is calculated from the potential
transpiration by taking into account the soil water content. The transpiration is multiplied by the transpiration efficiency to return the daily
biomass growth. The grain yield is estimated by partitioning the aboveground biomass to the grains using the harvest index. Challinor et al.
(2004) provides a detailed description of GLAM.
In GLAM, the grain growth is dependent on canopy transpiration.
However, under drought conditions, either the photosynthesis or the
remobilization of pre-anthesis assimilates to the grains play a major role
on grain yield (Inoue et al., 2004). In order to capture this effect, the
radiation use efficiency (RUE) approach – i.e. the second option for
simulating growth in GLAM (Osborne et al., 2013) - was selected to
describe the increase in biomass, only after anthesis when extremely
low values of canopy transpiration were calculated. A threshold for
transpiration was set below which the RUE approach was used. Severe
drought effects have been previously reported to occur for wheat at
anthesis in 80% of water deficit (Mahrookashani et al., 2017). In accordance to that, the model threshold was set to the 0.2 value of the soil
water stress factor.

3.3. GLAM-Parti development
GLAM-Parti is the new version of GLAM based on the SEMAC approach (Fig. 4). The model modifications are described in Section 3.4.
The alterations start with the inclusion of an allometric relationship
between leaves and stems and expand with the incorporation of the new
methodology. The value of LAI and the masses of leaves, stems and the
total above-ground biomass are extracted simultaneously and there is
no time lag between them, something that may occur in the step-by-step
modelling method (e.g. the LAI value of the previous day is used for the
computation of the carbon assimilation on the next day).
In GLAM-Parti, the set of model equations is initially solved to
calculate the maximum plant growth at daily time step. This growth
rate corresponds to the level defined only by temperature, radiation,
vapour pressure deficit (VPD) and the plant properties (e.g. transpiration efficiency). Next, the available soil water is estimated. Based on the
level of the water in the soil, the actual transpiration and the water
stress factor are calculated. The actual transpiration is used to compute
the growth of the above-ground biomass. The water stress factor is used
to alter the SLA and the allocation of dry matter between leaves and
stems. These modifications are incorporated into the set of model
equations which is solved again to return the values of all growth
variables and the attainable production level. The yield gap parameter
(YGP) is used to estimate the actual production level for all growthreducing factors that the model implicitly takes into account. In this
study, water stress is the only yield limiting factor, thus no growth
reducing factors are considered.
The incorporation of the SEMAC methodology into GLAM simplifies
the modelling of canopy LAI and leads to reduced parameterization

3.2. Internal consistency in GLAM
GLAM uses a sequential method for solving the model equations at
each time step. This can limit the model performance in the simulation
of processes that interact in the field. Fig. 3 is a schematic
190
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Fig. 4. GLAM-Parti model structure. The system of
equations is solved numerically by iteration with the
Newton-Raphon approach. The unknown variable is
dL (leaf area change). The iteration process stops
when the system converges. The categorization of
variables is taken from Loomis et al. (1979). State
variables are represented by boxes, rate variables by
ellipses, auxiliary variables by octagons, external
variables by 2 dots - 3 dashes lines. Mass flows are
represented by solid-line arrows, information flows
by dashed-line arrows.

dynamics. Generally, it is set either as an input parameter (Yin and
Struik, 2010) or it is defined as a function of plant age, growth stage or
the environmental conditions (Hoogenboom et al., 1992; Marcelis et al.,
1998; Asseng et al., 2003; Leutscher and Vogelezang, 1990). In GLAM,
biomass and leaf area are simulated separately and SLA is permitted to
evolve, subject to constraints based on an observed maximum value.
This approach is inconsistent with SEMAC, since it does not result in full
partitioning of biomass. In GLAM-Parti we make use of a significant
observed relationship between SLA and temperature in various plant
species (Loveys et al., 2002; Rosbakh et al., 2015; Atkin et al., 2005).
For wheat too, SLA has been previously seen to be sensitive to temperature variations (Hotsonyame and Hunt, 1998).
For the parameterization of SLA, data analysis was conducted on the
“Hot Serial Cereal” experiment (Martre et al., 2018). Wheat was grown
in different periods of the year and the impact of temperature on
growth and development was examined. Here, we tested the impact of
high temperature on the evolution of the canopy SLA over time. We
accumulated all daily maximum temperatures for the period from leaf
emergence to the day of leaf measurement and compared them to the
observed SLA as follows: SLA was calculated as the reciprocal of the
measured specific leaf weight (SLW) and the data points with a coefficient of variation greater than 0.3 (i.e. 30%) were excluded (Taylor
et al., 1999) (there was only one such point with value 0.49). A significant relationship was observed between the SLA and the accumulated maximum temperature index (Tmac) (Fig. 5). A quadratic model
was selected to best fit the relationship:

Fig. 5. Quadratic regression between canopy SLA and the accumulated maximum
temperature
index.
Continuous
line
is
the
regression:
y = 501 0.296x + 6.17 10 5x 2 (R2 = 0.68, p < 0.01).

requirements. The maximum LAI expansion rate (dL/dt)max is removed,
which is a parameter used for the calculation of LAI. The model has
been previously seen to be particularly sensitive to this parameter value
(Ramirez-Villegas et al., 2017) and its removal decreases the model
error significantly (i.e. in the results, GLAM-Parti improves upon GLAM
in all LAI simulations).
In this study, SEMAC stops at anthesis since at the post-anthesis
period the model runs with a combination of the transpiration and the
radiation use efficiency methods. This step is currently not included in
GLAM-Parti, however the model is under ongoing development. At
plant maturity, all leaf area is simulated to be senescent, therefore at
the end of the grain-filling period if there was still green leaf area, the
LAI is set to zero.

SLA = 501

0.296 Tmac + 6.17 10

5

Tmac 2

(1)

where,
n

Tmac =

Tmaxi
i = IEM

(2)

3.4. GLAM modifications

Tmax is the daily maximum temperature, IEM is the day of crop
emergence and n is the number of days after crop emergence. Eq. (1)
describes canopy SLA as a function of the maximum temperature events
accumulated over the crop growing season.

3.4.1. Leaf dynamics
In crop modelling studies, SLA is used for the simulation of the leaf

3.4.2. Partitioning of biomass between leaves and stems
In GLAM, LAI is the first state variable to be updated in the model
191
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Fig. 6. A. Well-established crop modelling methodology implemented in GLAM; B. SEMAC methodology for crop growth and development.

based on a prescribed maximum LAI growth, which can be reduced only
by limited soil water. For the incorporation of SEMAC, the function of
LAI growth was removed. Instead, an allometric relationship was introduced which describes the partitioning of biomass between leaves
and stems. According to the allometric approach the mass of stems (MS)
can be described in relation to the mass of leaves (ML) under the generic
formula (Enquist et al., 1998; Poorter et al., 2012):

MS = h MLg

where TE is the transpiration efficiency and it is calculated as:

TE = min

ET is the normalised transpiration efficiency in Pa, V is the vapour
pressure deficit, and ETN,max is the maximum transpiration efficiency in
g kg−1.LAI can be expanded as:

LAIn = LAIn

(3)

ML = MGL + MYL
LAI
SLA

+ MYL

Wn

(4)

The above-ground biomass (W) is divided into stems, leaves and
grains. For the period before the initiation of grain development, W can
be described by Eqs. (3) and (4) as:

W = ML + MS
=

LAI
SLA

+ MYL + h

(

LAI
SLA

+ MYL

)

g

1

(9)

+ dL

where LAIn is the value of LAI at any given n day, LAIn−1 is the LAI of
the previous day and dL is the leaf area change between the two consecutive days.Finally, the above-ground biomass of the n day (Wn) is
equal to the biomass of the previous day (Wn−1) plus the growth in
biomass between the two days (dW/dt), which makes:

where g, h are empirically determined parameters and their values for
wheat are taken from Ratjen et al. (2016) (i.e. the parameter h of this
study is equal to the eh of Ratjen et al. (2016)). The total mass of leaves
(ML) is divided into green leaves (MGL) and yellow leaves (MYL):

=

ET
, ETN , max
V

dW
dt

Wn

1

=0

(10)

Eqs. (5)–(10) form a system of 6 equations with 6 unknown variables which can be solved simultaneously to return the values of each
unknown variable (i.e. dL, LAIn, EpotT, TT, dW/dt, Wn). For the solution
of the system, Eqs. (5)–(9) are substituted into Eq. (10) which gives:

(5)

LAIn 1 + dL
SLA

+ MYL + h

TE

(1

(

LAIn 1 + dL
SLA

+ MYL

)

g

Wn

3.4.3. Incorporation of SEMAC into GLAM
Eqs. (3)–(5) are newly imported equations in GLAM. These are
combined with the existing functions to form GLAM-Parti as follows:
In GLAM, the potential evapotranspiration (EpotT) is calculated by
the Priestley-Taylor equation as:
T
Epot
=

(RN G )
+

e

kLAI )

k (LAIn 1+ dL) )(1

e

k (LAIn 1+ dL) )

Wn

1

=0
(11)

Eq. (11) forms the core of the SEMAC methodology (Fig. 6) and it is
a function of leaf area change (dL). It can be solved numerically by
iteration with the use of the Newton-Raphson method. The iteration
process ends when the difference in the value between two consecutive
loops is < 0.01. The extracted value of dL is used to update the variables in Eqs. (3)–(9). Detailed description of the derivation of the dW/dt
term in Eq. (11) is provided in Appendix A. Whenever a negative value
of dL is calculated, MYL is updated as:

(6)

(7)

MYL (n) = MYL (n

The growth of the above-ground biomass (dW/dt) is defined as:

dW
= TT TE
dt

CG e

dW/dt

and it is partitioned to potential evaporation and transpiration, out of
which the potential transpiration (TT) is calculated as:
T
TT = Epot
(1

RN
( + )

1)

+

|dL|
SLA

(12)

where MYL(n) is the mass of yellow leaves on the n day, and MYL(n−1) is
the mass of yellow leaves on the previous day (n-1). Eqs. (3)–(11) form

(8)
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the 1st step of SEMAC in which no stress affects the crop growth and
development (i.e. the potential production level).

allocation. These effects are modelled below.
3.5.1. Water stress effects on SLA
The function of canopy SLA is given in Section 3.4.1. In the absence
of a robust relationship between the reduction of SLA and the magnitude of the water stress event, a linear relationship is assumed. The
water stress effects on SLA are incorporated into Eq. (2) as following:

3.4.4. Root modelling in GLAM-Parti
In GLAM the roots grow under a prescribed extraction front velocity
and a prescribed root length density at the extraction front. The root
length density by volume is calculated as a function of LAI and is used
for the computation of the potentially extractable soil water (Challinor
et al., 2004). In GLAM-Parti, the modelling of root growth is modified.
A root partitioning coefficient (Rc) is introduced which describes the
increase in root biomass (dWR) as a fraction of the total biomass increase (dWT). The roots grow from plant emergence to anthesis and Rc
is defined as:

RC =

dWR
dWAG + dWR

n

Tmac =

1

3.5.2. Water stress effects on leaf:stem partitioning of biomass
In water limiting environments, the stem mass (MS) is favoured over
the leaf mass (ML) for wheat (Ratjen et al., 2016). The enhancement of
MS is incorporated into GLAM-Parti as following:

(13)

RC
dWAG
RC

MSn = h

(14)

0.15 + 0.63 e

0.98 *

(15)

MLn + MYLn + h

where,
*

1
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Eq. (22) solves the system of equations for crop growth and development under water stress conditions. It is solved numerically with the
Newton-Raphson method - similarly to Eq. (11) - to return the value of
dL and calculate LAI as well as the masses of leaves, stems, and the total
biomass under water stress. It consists of the second step of SEMAC, in
which the water stress effects are incorporated into the model. The
solution of Eq. (22) ensures consistency between the state variables and
it outputs the attainable production level.

(17)

where SLi is the soil layer i and SL(i-1) is the previous soil layer. The
YSLi and YSL(i−1) describe the cumulative proportion of roots from the
surface to the soil layers i and i-1 accordingly. The vertical root distribution with depth (Y) is parametrized after Gale and Grigal (1987)
as:
d

Wn

and Eq. (21) can be described as a function of leaf area change (dL) as
following:

is the GDD after sowing, e and s are the GDD from sowing to
emergence and from sowing to spiking (i.e. 150 GDD before anthesis)
accordingly.
The root biomass is daily updated based on the allometric relationship of Eq. (14) to form the total root biomass (WR). The WR is
divided by the specific root weight ( ) to give the total root length (RL).
The value of for wheat is assumed to be constant at 4.57 g km−1 (King
et al., 2003). The soil is divided into 25 layers (NSL = 25), each with
10 cm thickness (DZ = 10). The root length density of each soil layer
(LVSLi) is estimated according to the modelling method of King et al.
(2003):

Y=1

(MLn

where MSn and MYLn are the mass of stems and mass of yellow leaves on
the n day, MLn 1 is the mass of green leaves on the previous day and dML
is the leaf mass change between the two days. Eq. (20) can be used to
describe Eq. (10) as:

The computation of Rc is taken from Baret et al. (1992) and it is a
function of the growth degree days (GDD) after sowing normalised at
spiking:

RC =

(19)

The incorporation of Eq. (19) into Eq. (1) results in a linear decrease
of the canopy SLA according to the magnitude and the total period of
the drought event.

Where dWT is divided into above-ground (dWAG) and root biomass
growth (dWR). The solution of Eq. (13) for dWR gives:

dWR =

(1 + SWFAC ) Tmaxi
i = IEM

3.6. Sensitivity analysis to determine initial conditions for LAI
Eq. (11) does not converge for the first day after crop emergence,
where the biomass of the previous day (Wn−1) equals zero. As a result,
the solution of Eq. (11) does not return any real value of dL on that day.
In order to solve this issue, an initial LAI value (LAIini) was prescribed
into the model. LAIini consists of the initial condition of growth in
GLAM-Parti and the model starts calculating the leaf area change from
the second day after emergence. The baseline value of LAIini
= 0.1365 m2 m−2 was selected the model runs (Stella et al., 2014). The
evolution of LAI is sensitive to LAIini, since every leaf area change depends on the LAI value of the previous time step. Analysis was conducted to evaluate the model performance over a wide range of LAIini
values (interval (0.0007–0.3 m2 m−2), Ma et al., 2013). The model was
calibrated for each LAIini using the methodology explained in Section
3.10.

(18)

where describes the shape of the Y function and it is set to 0.953 (King
et al., 2003) and d is the soil depth from surface (i.e. d = i*DZ, for
i = [1,NSL]). The estimated root length density per soil layer is used for
the calculation of the potentially extractable soil water and the total soil
water uptake (Challinor et al., 2004). The value of the uptake diffusion
coefficient (kDIF) is taken from Jamieson and Ewert (1999).
3.5. Modelling the impact of water stress in GLAM-Parti
In GLAM the water stress factor describes the magnitude of water
shortage - from full drought (value of zero), to zero water stress (value
of one). For GLAM-Parti, the inverse number is used, so that the value
of zero is appended to full water supply and this value increases according to the level of the water stress event. The soil water stress factor
(SWFAC) is used to modify the SLA and the leaf:stem dry mass

3.7. Methods to compare sequential and simultaneous modelling
methodologies
A new model version (GLAM-Partiseq) was developed to test the
contribution of the simultaneous equation modelling methodology to
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the model output. The new version is identical to GLAM-Parti in terms
of the model equations but it uses sequential method to solve them. In
order to do this Eq. (11) was removed from the model. Instead, we use
the LAI value of the previous time step (i.e. the previous day) to solve
the model equations of the next day. The other model processes are not
modified. Thus, the accumulation of biomass is estimated, which is
partitioned into leaves and stems according to their allometric relationship. Given the mass of leaves and the canopy SLA, a new LAI is
calculated, which is used for the solution of the model equations on the
next day.
For a given set of equations there should be one set of parameters
which optimizes the model output. GLAM-Parti and GLAM-Partiseq use
the same set of equations but they differ in the model structure. As a
result, one set of parameters is expected to lead to different model
output in the two model versions. We made the assumption that GLAMParti provides higher internal consistency and that the parameters from
the calibration of GLAM-Parti are the optimal for our set of model
equations. If this is true, then GLAM-Parti should exhibit higher skill
when the two model versions run with the parameters from its calibration. If not, then the assumption that GLAM-Parti improves the
model performance due to the simultaneous modelling approach is
wrong. Then we calibrated GLAM-Partiseq, which resulted in new model
output (i.e. we call it GLAM-Partiseq−cal). If GLAM-Parti is still performing better than GLAM-Partiseq−cal, this validates the assumption
that the calibration of GLAM-Parti provides the optimal set of parameters for our set of model equations. The differences between GLAMParti and GLAM-Partiseq reveal the limitations of the sequential modelling approach. The comparison between GLAM-Parti and GLAMPartiseq−cal shows the extend to which the calibration can compensate
for the model limitations due to the step-wise modelling method.

3.10. Model calibration
GLAM, GLAM-Parti and GLAM-Partiseq were calibrated against the
observed data. Initially, the simulated phenology of the models was set
to meet the observed anthesis and maturity dates of the fully irrigated
treatment. This was done to avoid any model bias from sources different than the water stress effects. The initial soil water and the soil
characteristics were set up using the observed values. For transpiration
efficiency (ET) and maximum transpiration efficiency (ETN,max), an
optimizer was developed to test all possible combinations in their total
range of values (see Appendix A for parameter ranges). The optimizer
selected the combination of ET and ETN,max which minimized the RMSE
between all observed and simulated above-ground biomass values in
the control experiment (RS1). For radiation use efficiency (RUE), the
optimizer selected the value which minimized the RMSE between all
observed and simulated above-ground biomass in the early drought
treatment (RS5). This was done because RUE was used only after anthesis in the drought stress simulations (Section 3.1). Similar process
was followed for the maximum LAI expansion rate (dL/dt)max and the
rate of change of harvest index (dHI/dt). The optimizer selected the
values which minimized the RMSE between observed and simulated LAI
and grain mass of the control treatment (RS1) accordingly. The step for
the runs of the optimizer was 0.1 for ET, ETN,max and RUE, 0.0025 for
(dL/dt)max and 0.00025 for dHI/dt. The (dL/dt)max parameter was used
in all GLAM-Parti versions only for the period after anthesis when
SEMAC stops and GLAM-Parti runs under the GLAM approach. The
values of all calibrated parameters are provided in Table A.2 of
Appendix A. The extinction coefficient k for wheat was set to 0.737
(Kanemasu et al., 1985) and the maximum transpiration rate (TTmax)
was set to 0.75 cm day−1 (Liu et al., 2002). All other parameter values
were taken from Challinor et al. (2004). The yield-gap parameter (CYG)
was set to one because limited water supply was the only yield-reducing
factor.

3.8. Experimental design
GLAM, GLAM-Parti and GLAM-Partiseq were tested against field data
for wheat under drought stress. The experiment, reported by Jamieson
et al. (1995), was held in a mobile rainshelter at the New Zealand Institute for Crop and Food research experiment station at Lincoln in
Canterbury (latitude 43∘38′ S, longitude 172∘30′ E). ’Batten’ wheat was
sown on 8 June 1991. The rainshelter was used to impose the plants to
various levels of drought stress. Four treatments were chosen out of the
total set of experiments for analysis here. Treatment 1 (RS1) is the
control experiment which is well irrigated with no water stress, treatment 5 (RS5) is imposed to early drought, treatment 6 (RS6) is the late
drought and treatment 11 (RS11) is the full drought experiment.

4. Results
4.1. Test GLAM and GLAM-Parti overall model performance
Table 1 shows the MEI and RMSE of GLAM and GLAM-Parti for LAI,
biomass, grain yield and cumulative evapotranspiration in all treatments. Both measures were calculated based on all simulated and observed values of the variables during the whole growing season. The
mean MEI (MEI ) is the numerical mean of the four compared variables
in each treatment.
Both models demonstrated a good agreement with the observations
in the control experiment where no water stress effects the wheat
(Fig. 7). The evapotranspiration, above-ground biomass and yield are
well simulated in both models (i.e. all MEI values are greater or equal
0.94) and their overall performance is satisfactory. GLAM slightly
overestimates the final yield, whilst GLAM-Parti overestimates the final
biomass. Nevertheless, the differences are not large. GLAM is also in
closer agreement with the maximum observed LAI value, whilst both
models show very similar results in the simulation of the cumulative
evapotranspiration. Overall, GLAM and GLAM-Parti show good performance in the simulation of the control treatment (GLAM MEI
= 0.88, GLAM-Parti MEI = 0.92).
On the other hand, the performance of the two models varies considerably in the water stress treatments. In the early drought experiment (RS5), GLAM-Parti shows very good fit to the observations. In
Fig. 8, both the leaf area development and the onset of leaf senescence
are accurately estimated, whilst the peak LAI value is slightly underestimated. The simulated biomass and yield are also in close agreement
with the observations (i.e. RMSE for biomass equals 0.69 and RMSE for
yield equals 0.32), however the final yield is underestimated. On the
contrary, GLAM shows lower skill in the simulation of RS5. The RMSE
for LAI is higher in GLAM (1.30) than GLAM-Parti (0.45) and the

3.9. Statistical measures
The calibration and evaluation of all model versions was done using
the root mean square error (RMSE) and model efficiency index (MEI)
according to the following formulas:

RMSE =

n
n=1

(Pi

Oi )2
(23)

n

where Pi and Oi are the estimated and observed values accordingly and
n equals the number of observations.

MEI = 1

n
n=1
n
n=1

(Oi
(Oi

Pi )2
O¯ ) 2

(24)

, 1],
MEI is a measure of the model skill. It is in the range of (
where a value of 1 indicates ideal fit to the observations. Values below
zero indicate that the mean observed value is a better predictor than the
model (Krause et al., 2005).
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Table 1
Model efficiency index (MEI) and root mean square error (RMSE) of GLAM and GLAM-Parti for LAI (m2 m−2), Biomass (t ha−1), Grain yield (t ha−1) and
Evapotranspiration (mm) in the four water treatments. RS1 is the control experiment, RS5 is early drought, RS6 is late drought and RS11 is the full drought
experiment. MEI is the numerical mean of the four variables in each water treatment.
Treatment

RS1
RS5
RS6
RS11
RS1
RS5
RS6
RS11

Model

GLAM
GLAM
GLAM
GLAM
GLAM-Parti
GLAM-Parti
GLAM-Parti
GLAM-Parti

LAI

Biomass

Grain yield

Evapotranspiration

MEI/RMSE

MEI/RMSE

MEI/RMSE

MEI/RMSE

0.59/1.69
0.61/1.30
0.40/1.78
0.39/1.50
0.74/1.34
0.95/0.45
0.80/1.00
0.93/0.51

0.94/1.97
0.44/3.39
0.71/2.89
0.56/2.86
0.95/1.81
0.98/0.69
0.97/0.99
0.99/0.47

0.99/0.26
0.84/0.74
0.94/0.49
0.85/0.55
1.00/0.23
0.97/0.32
0.98/0.29
0.96/0.29

0.99/22.31
0.89/25.34
0.84/36.03
0.84/21.95
0.99/23.19
0.91/23.15
0.82/38.76
0.86/20.36

MEI

0.88
0.70
0.72
0.66
0.92
0.95
0.89
0.94

Initially, they both overestimate the cumulative evapotranspiration and
underestimate it later in the season. In summary, GLAM-Parti improves
upon GLAM in the simulation of the early drought treatment (GLAM
MEI = 0.70, GLAM-Parti MEI = 0.95).
In the late drought experiment (RS6), GLAM-Parti does not show an
optimal agreement with the observations regarding the LAI development (RMSE = 1.00). In Fig. 9, the peak LAI value is slightly underestimated and the onset of LAI decline is delayed in comparison with
the observations. This is due to the initiation of the water stress effects
in the model later than the reality. In addition, the LAI decline rate is
underestimated after anthesis. As a result, the model simulates an increased number of grain filling days, which leads to a significant
overestimation of the final grain yield. Nevertheless, the above-ground
biomass is well estimated (i.e. RMSE = 0.99). On the other hand, GLAM
shows lower performance in the simulation of LAI in the RS6 treatment
(RMSE = 1.78). The above-ground biomass is underestimated and this
leads to an underestimation of the final yield. Moreover, both models
show similar results in the simulation of evapotranspiration. They are in
good agreement with the observations apart from the last period of the
crop cycle when it is underestimated. Overall, GLAM-Parti improves
over GLAM in the simulation of the RS6 treatment (GLAM MEI = 0.89,
GLAM-Parti MEI = 0.72).
In the full drought experiment (RS11), the leaf growth and senescence rate are accurately simulated in GLAM-Parti (Fig. 10) and the LAI
is well estimated (RMSE = 0.51). Similarly, the model shows a very
good fit to the observed biomass (RMSE = 0.47), whilst the final yield

Fig. 7. Observed values (●), GLAM (
) and GLAM-Parti (−) output in the
control experiment (RS1) for: A. leaf area index (LAI), B. above-ground biomass, C. grain yield, D. cumulative evapotranspiration.

Fig. 8. Observed values (●), GLAM (
) and GLAM-Parti (−) output in the
early drought treatment (RS5) for: A. leaf area index (LAI), B. above-ground
biomass, C. grain yield, D. cumulative evapotranspiration.

biomass is underestimated during almost the whole growing season. As
a result, the grain growth and final yield are underestimated (Fig. 8).
Regarding the evapotranspiration, both models show similar results.

Fig. 9. Observed values (●), GLAM (
) and GLAM-Parti (−) output in the
late drought experiment (RS6) for: A. leaf area index (LAI), B. above-ground
biomass, C. grain yield, D. cumulative evapotranspiration.
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Fig. 10. Observed values (●), GLAM (
) and GLAM-Parti (−) output in the
full drought experiment (RS11) for: A. leaf area index (LAI), B. above-ground
biomass, C. grain yield, D. cumulative evapotranspiration.

Fig. 12. Barplots of the root mean square error (RMSE) between modelled and
observed state variables: A. leaf area index (LAI), B. above-ground biomass, C.
grain yield, D. cumulative evapotranspiration in the different water treatments:
Control treatment (RS1), early drought treatment (RS5), late drought treatment
(RS6), full drought treatment (RS11). The four models under comparison are:
GLAM, GLAM-Parti, GLAM-Partiseq and GLAM-Partiseq−cal.

is slightly underestimated (RMSE = 0.29). On the contrary, GLAM
shows a lower performance in the simulation of leaf growth and senescence and the estimation of LAI (RMSE = 1.50). The above-ground
biomass is underestimated during almost the whole crop season, as well
as the grain yield. The cumulative evapotranspiration shows similar
pattern in both models, by being overestimated during the most part of
the growing season and underestimated in the final part. In summary,
GLAM-Parti advantages over GLAM in the simulation of the full drought
treatment (GLAM MEI = 0.66, GLAM-Parti MEI = 0.94).

evapotranspiration in the total range of LAIini in GLAM-Parti. For all
compared variables, the lowest RMSE was achieved in the [0.1365–0.3]
range. For the LAIini values in the low range ([0.0007–0.01]), the model
showed a consistently higher RMSE for all variables, especially for LAI
and biomass. The total RMSE was at least 27.5% higher for LAI, 17.9%
higher for biomass, 5.6% higher for grain yield and 1.7% higher for
evapotranspiration in the low LAIini range. This further supports the use
of a LAIini value in the [0.1365–0.3] range for the model runs. Furthermore, Fig. 11 shows that the model calibration does not compensate for the variability in LAIini at the low range ([0.0007–0.01]).
Hence, in GLAM-Parti, attention should be given to the parameterization of LAIini, since the model can be sensitive to its value.

4.2. Results of sensitivity analysis
Fig. 11 shows the RMSE for LAI, biomass, grain yield and

4.3. Comparison of simultaneous and sequential modelling approaches
GLAM, GLAM-Parti, GLAM-Partiseq and GLAM-Partiseq−cal were
compared against the observations for LAI, biomass, grain yield and
evapotranspiration in the four water treatments. The RMSE was used to
measure the model skill and it was calculated based on all observed and
simulated values of each variable during the growing season. Fig. 12
shows that GLAM exhibits higher total RMSE in all treatments than any
GLAM-Parti version by at least 46.9% for LAI, 92.9% for biomass,
39.9% for grain yield and 11.7% for evapotranspiration (Fig. 12). This
reveals that the model modifications lead to significant improvement in
the overall performance regardless of the modelling methodology implemented (i.e. sequential or simultaneous). Next, the impact of the
model structure was tested by comparing GLAM-Parti with GLAMPartiseq. The total RMSE of GLAM-Partiseq was higher than GLAM-Parti
as following: 30.4% for LAI, 49.1% for biomass, 29.3% for yield and
7.2% for evapotranspiration. Similarly, the total RMSE of GLAM-Partiseq−cal was higher than GLAM-Parti by 25.2% for LAI, 28.6% for
biomass, 7.9% for yield and 4.9% for evapotranspiration. The above
results highlight the need of solving the model equations simultaneously to overcome the structural limitations of the sequential modelling approach. In all comparisons of this study, GLAM-Parti improves
upon any model version. The calibration can only partially but not fully
compensate for the inconsistencies of the sequential method. Therefore,
our results indicate that the incorporation of SEMAC increases the

Fig. 11. Barplots of the root mean square error (RMSE) between modelled
(GLAM-Parti) and observed state variables: A. leaf area index (LAI), B. aboveground biomass, C. grain yield, D. cumulative evapotranspiration in the different water treatments: Control treatment (RS1), early drought treatment
(RS5), late drought treatment (RS6), full drought treatment (RS11).
196

Environmental Modelling and Software 118 (2019) 187–200

I. Droutsas, et al.

model skill both due to the model modifications and the simultaneous
modelling methodology.

modifications to the leaf dynamics and the partitioning of dry matter
and it extracts the leaf area change from the system of equations. Thus,
the leaf area change is not restricted only to positive values during the
pre - senescence stage (i.e. as in GLAM with the use of the SWFAC on
LAI), but it can also be negative during any part of the crop cycle –
depending on the existence and the magnitude of the stress event. As a
result, GLAM-Parti successfully captures the premature leaf senescence
without the need of downscaling into leaf level processes. This is an
important trait of SEMAC and it can be used as a significant tool in the
attempt to model the plant performance in various stress environments.
It is also a key aspect for the improved simulation of the drought effects
in this study. The same modifications could not be implemented in the
original GLAM model where LAI and biomass are not jointly determined. Hence, the inclusion of SEMAC improves the estimation of
the water stress effects on wheat.
SEMAC provides a robust model structure which leads to a more
realistic representation of crop growth and development as well as an
improved simulation of the water stress effects. Moreover, the methodology follows the general remark that an improvement in the simulation of the leaf dynamics is essential for the further development of
crop models (Ewert, 2004). This is especially true under stress conditions where modelling of leaf development becomes more complex and
it can lead to systematic errors. For instance, it has already been seen
that in modelling of heat stress, the omission of the acceleration of leaf
senescence for wheat increases the model error significantly (Maiorano
et al., 2017). Here, the capture of premature leaf senescence under
drought in GLAM-Parti significantly improves the model performance.
The contribution of the simultaneous solution of the model equations to the model performance was separated from the model modifications. For this reason, GLAM-Parti was re-designed to solve the
model equations sequentially (GLAM-Partiseq). The comparison of
GLAM-Parti and GLAM-Partiseq highlights the limitations of the sequential modelling approach. GLAM-Partiseq shows higher RMSE than
GLAM-Parti in all compared variables. This reveals that the inconsistencies introduced by the sequential solution of equations affect the
model skill. GLAM-Partiseq−cal improves the model performance but it
does not fully compensate for the inconsistencies of the sequential approach. As a result, GLAM-Partiseq−cal has higher RMSE than GLAMParti for all compared variables. Thus, the simultaneous equation
modelling leads to significant model improvement due to the robustness of the model structure.
SEMAC can be implemented in other transpiration or radiation use
efficiency models with a similar methodology to the one presented
here. Initially, allometric relationships should be introduced to partition the biomass (Wn) to the different plant compartments. This gives
the opportunity to express Wn as function of LAI. The accumulation of
new biomass (dW/dt) can also be expressed as function of LAI. For
transpiration driven models, this can be done using an approach similar
to the one presented here. In radiation use efficiency models, dW/dt can
be expressed as function of LAI as shown in Fig. 2. The expression of Wn
and dW/dt as function of LAI develops an equation similar to Eq. (11)
which is solved to return the LAI value. This is done twice, initially for
optimal environmental conditions, where the impact of stresses is ignored and then again after incorporating the stress effects. LAI is then
used to calculate all variables in the system of equations. Regarding the
stress effects, these can be simulated by reducing the accumulation of
new biomass, altering the carbon allocation between the plant parts and
adjusting the canopy SLA. Various models use different techniques to
simulate these modifications. The model performance will depend on
the efficiency to capture the above-mentioned effects at the canopy
level. More effort may be needed to implement SEMAC in more detailed
crop models (i.e. photosynthesis based models), where the model
complexity may increase the difficulty of solving the system of equations simultaneously. Currently, there is no clear path on how to incorporate SEMAC in these models. Thus, the approach is mainly aimed

5. Discussion
The incorporation of SEMAC into GLAM leads to a significant model
improvement in the four rain-shelter experiments. The major differences between the two model versions rely on the simulation of the leaf
dynamics, the partitioning of dry matter to the plant compartments and
the model structure. The structure of GLAM requires the use of the
water stress factor on the reduction of LAI growth under drought. On
the contrary, GLAM-PARTI removes the stress effects from LAI. This is
crucial for the model ability to simulate the observed leaf dynamics and
the overall plant growth. In the experiments, under water stress there is
premature leaf senescence which leads to an earlier LAI decline. This
effect cannot be captured in GLAM with the use of the water stress
factor acting on LAI. The SWFAC takes only positive values (from zero
to one), and when applied to the leaf area change, it leads to an increased trend of LAI growth (even though at a reduced rate) instead of
the observed decline. This opposite leaf area trend gives a significant
error in GLAM and it contributes to the limited model skill in capturing
the water stress effects.
On the other hand, the SEMAC methodology is seen to be successful
in the prediction of the leaf dynamics. The canopy SLA varies during the
season and this affects both the already formed leaf tissue and the
newly formed leaf area (i.e. in Eq. (11) the SLA acts both on the already
existing LAI and the newly formed leaf area (dL)). Thus, the SLA of the
previously formed leaf tissue is not conserved (Ratjen and Kage, 2013).
The water stress factor is removed from LAI and the model error is
reduced. In GLAM-Parti, the LAI value is extracted by the system of
equations after incorporating the water stress effects. This technique
explicitly takes into account the drought-induced changes on leaf
growth and development and enables the prediction of the acceleration
of leaf senescence without further parameterization. Fig. 13 shows the
simulated LAI of all treatments until the day of anthesis, when SEMAC
stops. It can be seen that the LAI curve of all drought treatments declines earlier than the control. The maximum LAI value is lower in all
water stress treatments, and the LAI profile is altered, with early senescence affecting the wheat. The improved simulation of leaf senescence is due to the SEMAC methodology which introduces

Fig. 13. Simulated LAI of all treatments until day of anthesis in GLAM-Parti.
Control treatment (RS1) (continuous line), early drought (RS5) (twodash line),
late drought (RS6) (dashed line), full drought (RS11) (dotted line).
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to radiation or transpiration based models of medium complexity like
GLAM. However, the possibility of implementing SEMAC in more
complex models is not excluded, but simplifications in the model
structure may be needed.
Finally, in the late drought treatment GLAM-Parti overestimates the
final yield. This is due to the increased number of grain filling days in
the model simulation. Currently SEMAC stops at anthesis and during
that period GLAM-Parti runs under the GLAM approach. Thus, SEMAC
needs to be expanded for the period after anthesis. In addition, the
modelling of yellow leaf mass should be improved, since Eq. (12) is
currently not included into the system of equations.

stresses. Application of SEMAC to other crop models would follow a
similar methodology to that presented here. It would be very interesting
to see if similar improvements in skill result. Finally, it is believed that
SEMAC can be a useful tool for the simulation of the crop performance
under climate variability and change where multiple stresses may act
on crops simultaneously.
Software and data availability
The GLAM model was developed in FORTRAN by Andy Challinor (a.
j.challinor@leeds.ac.uk) and it was firstly released in 2004. The software requires a FORTRAN compiler under any operating system. The
GLAM-Parti model presented in this paper was developed by Ioannis
Droutsas (eegdr@leeds.ac.uk) and it is a new version of GLAM based on
the SEMAC approach. GLAM is freely available following registration,
please visit: https://environment.leeds.ac.uk/climate-change-impacts/
doc/general-large-area-model-annual-crops. The GLAM-Parti version is
currently being developed and prepared for general release. The experimental rain shelter data used in this paper has already been published by Jamieson et al. (1995). The dataset is available at: https://
bitbucket.org/masemenov/lincoln/src/master/

6. Conclusion
The application of SEMAC to crop modelling results in a new model
where all equations for crop growth and development are combined
and solved simultaneously. It is adopted here into the GLAM crop model
and a new model version is formed (GLAM-Parti). The new model is
primarily designed to deal with stress conditions, where various processes are modified and modelling the plant performance becomes more
difficult.
The incorporation of SEMAC into GLAM simplifies the model algorithms and improves upon the simulation of several plant processes
(e.g. LAI development, acceleration of leaf senescence under water
stress conditions, leaf:stem partitioning of biomass). These alterations
lead to an improved model performance and a more realistic model
output. We demonstrated this by testing the two model versions against
different levels of water stress. GLAM-Parti showed a clear improvement over GLAM in all drought simulations. In addition, GLAM-Parti
retains its confidence at all levels of water stress in the treatments (i.e.
from early to full drought treatment).
In general, we believe that a robust model structure is essential for
the realistic simulation of crop performance under stress conditions.
The success of SEMAC relies on the improved model structure, the
better representation of the leaf dynamics and the improved internal
model consistency. SEMAC can be further extended to incorporate more

Acknowledgements
This work was implemented as part of the CGIAR Research Program
on Climate Change, Agriculture and Food Security (CCAFS), which is
carried out with support from the CGIAR Trust Fund and through bilateral funding agreements. For details please visit https://ccafs.cgiar.
org/donors. The views expressed in this document cannot be taken to
reflect the official opinions of these organizations. I.D. gratefully acknowledges the ‘Oatley PhD Scholarship’ for the financial support.
Rothamsted Research receives grant-aided support from the
Biotechnology and Biological Sciences Research Council (BBSRC)
Designing Future Wheat programme [BB/P016855/1]. We thank the
two anonymous reviewers whose comments have significantly improved this manuscript.

Appendix A
The equations of potential evapotranspiration (EpotT), potential transpiration (TT) and biomass growth (dW/dt) are taken from Challinor et al.
(2004).
Potential evapotranspiration:
(RN G )
+

T
Epot
=
(RN

=
=

RN
( + )

CG RN e kLAI )
+

(1

CG e
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(A.1)

Eq. (A.1) can be used to express potential transpiration as:
T
TT = Epot
(1
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Eq. (A.2) can be used to describe biomass growth (dW/dt) as:
dW
dt

= TE

RN
( + )

(1

= TE TT
CG e

kLAI )

(1

e

kLAI )

(A.3)

Eq. (A.3) consists of the dW/dt term in Eq. (11). The CG, k, γ and are constants and the , , RN, TE are dependent on the environmental
conditions. After calculating the environmental dependence, the dW/dt becomes a function of LAI. Detailed description of all parameters and
equations is provided in Challinor et al. (2004).
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Table A.2

Values and units of calibrated parameters for GLAM, GLAM-Parti and GLAM-Partiseq.

a

Parameter

Unit

Range

GLAM value

GLAM-Parti value

GLAM-Partiseq value

Source

ET
ETN,max
Post – anthesis RUE
(dL/dt)max
dHI/dt

Pa
g kg−1
g MJ−1 PAR
m2 m−2 d−1
d−1

[3.5–6]
[5–9]
[1.2–2.0]
[0.06–0.28]
[0.0064–0.0137]

3.5
5
2.0
0.18
0.01

3.5
5.6
2.0
0.09 a
0.009

3.5
5.8
2.0
0.095
0.009

Sanai et al. (2010)
Sanai et al. (2010)
Calderini et al. (1997)
Sanai et al. (2010), Jamieson et al. (1995)
Moot et al. (1996)

a

(dL/dt)max is used only after anthesis when SEMAC stops and the model runs under the GLAM approach.
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