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Summary:
Introduction:
Suitability of cultivars of sorghum (Sorghum bicolor) can be evaluated on a regional level by the use of a Target
Population of Environments (TPE) analysis, where crop performance is predicted considering genotype, environment
and management interactions. Crop growth models are used to predict performance of crop cultivars in environments
for which no reference data is available, but model calibration to optimise parameter values is necessary for coherent
model performance.
Methods:
Observed data was obtained from 22 unique environments from multi-environmental trials and considered eight
cultivars. A split database approach was used for model calibration and evaluation. The Differential Evolution
optimisation algorithm was used to estimate eleven parameters of interest in the Samara crop growth model for eight
environments. In a second estimation, the parameters were optimised per cultivar and environment combination to
identify their variability across environments. Additional estimation strategies were performed optimising a selection
of parameters of high variability specifically to each environment, while the rest were kept constant. The model
performance was evaluated with regard to the sum of errors of six phenotypic traits.
Results:
The results showed that the third estimation strategy, which selected two parameters regulating internode growth, to
improve simulations of the grain yield and final aboveground biomass in the calibration, but only lead to weak
improvements in the model evaluation. The fourth strategy considered these two parameters as well as the coefficient
of leaf death and the coefficient of panicle mass and let to similar improvements in the calibration, but observed a
higher sum of errors in the model evaluation.
Conclusion:
Calibration of the Samara model with respect to environmental variation in specific parameters may improve the
model performance, but inconclusive results indicate the specific parameters to be calibrated per environment should
be considered further. The environmental effect not captured by the model may be too complicated to account for
through parameter estimation.
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1.1 Introduction
Sorghum (Sorghum bicolor) is a high-yielding, C4 cereal crop, adapted to hot and semi-arid climates (Taylor, 2015). It
demonstrates a high-level of phenotypic adaptation mechanisms to drought stress, such as leaf rolling to reduce water
loss from stomata (Taylor, 2015, Gano et al, 2021 and Akinseye et al, 2017). Sorghum is staple crop to 500 million
people worldwide, making it the fifth most important cereal crop globally (Akinseye et al, 2017). In West Africa, the
total cultivated land is 28.42 million ha, producing an estimated 28.61 million tonnes annually (Gano et al, 2021).
Sorghum is considered as a sustenance crop for many small-holder farmers in the region and it is frequently observed
as the only viable grain crop for farmers in the region (Taylor, 2015).
However, sorghum production is highly variable between growing seasons as West Africa is characterised
by seasonal drought and high inter-annual variation in precipitation patterns. The region is furthermore sensitive to
effects of climate change (Haussmann et al, 2012 and Gano et al, 2021). For example, Sultan et al (2013) predicted up
to a 20 % loss in yield and higher overall variability due to reduced rainfall. The dependency of sorghum as a staple
crop in West Africa is expected to be increasing in the period 2000- 2050 and small-holder farmers with rainfed
systems are the most vulnerable to variations in rainfall (Haussmann et al, 2012). Thus, to be able to improve yield
stability in the region, crop breeding efforts must target improved crop cultivars with higher tolerance or adaptability
to drought stress. But similarly to crop yield, drought tolerance is a polygenic trait, controlled by numerous genes,
which expressions are sensitive to interactions between the genotype and environment (Parent and Tardieu, 2014). It
is thus a challenging trait to breed for (Casadebaig et al, 2016 and Hammer et al, 2014).
Traditionally, crop breeding efforts have focused on describing yield variability by the general adaptability
of a cultivar to drought conditions (Chenu, 2015 and Haussmann et al, 2012). This has resulted in general blanket
recommendations for cultivar selection made at the regional level, but which have not fully considered the cultivar’s
interactions with environment and management (Adam et al, 2020). The Sahel region in West Africa is frequently
referred to as a homogenous area in literature, while in reality there is a high degree of environmental variation
(Haussmann et al, 2012). Large inter-annual variation in climate results in a specific cultivar being unlikely to
produce the same yield in a given location between growing seasons (Chenu, 2015). Recommendations made for
choice of cultivars require careful consideration of this environmental variability.
The phenotype of a crop is the result of genotype, environment and management interactions (Tardieu and
Tuberosa, 2010). Phenotypic plasticity is described as the capability of a genotype to adapt to climatic variability,
demonstrating a different performance and phenotype across different environments and practices (Carcedo et al,
2022). Local sorghum cultivars in West Africa exhibit a high degree of plasticity in response to drought-stress and the
adaptation mechanisms behind these genotype, environment and management interactions are of high importance to
breeding programmes (Haussmann et al, 2012).
Categorising environments by target population of environments (TPE) can help overcome challenges of high
regional environmental variability and explain a substantial part of the genotype and environment interactions (Chenu,
2015). A TPE can be defined as a group of environments for which a given cultivar is expected to have the same
performance (IRRI, 2006). An environment is in this study referred to as a combination of a specific location and
growing season. A specific TPE group defined, describes environmental conditions that favour specific traits in crop
cultivars, such as early or late flowering (Carcedo et al, 2022). Understanding these interactions may thus help direct
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breeding efforts towards identifying the crop ideotype for a particular environment, and recommendations made for
selection of cultivars (Crespo-Herrera et al, 2021 and Adam et al, unpublished).
A TPE analysis consists of clustering environments into groups based as climatic patterns or other factors and
describing the performance of cultivars in each group (Carcedo et al, 2022 and Crespo-Herrera et al, 2021). The TPE
groups defined capture the genotype and environment interaction effects on the phenotype that are affiliated with yield
reduction, in this case: drought stress (Heinemann et al, 2008 and Hammer et al, 2014). It is thus a powerful tool for
crop breeding programmes (Chenu, 2015). In order to perform a TPE analysis, information on crop performance
across different environments is required (IRRI, 2006). Knowledge of how a specific cultivar performs under varying
environments and management practices can be gained by conducting multi-environmental trials, which are large field
trials where cultivars are grown across varying environments (Chenu, 2015).
However, in past decades crop growth models have been increasingly successful in predicting performance of
sorghum cultivars under drought stress (Chapman et al, 2000 and Adam et al, 2020). Crop growth models are a
simplified, mathematical representation of the crop life cycle and are used to simulate the dynamic growth and
development under environmental and management conditions specified by input data (Moreno-Cadena et al, 2021).
They are powerful tools in the context of plant breeding as they enable the breaking down of plant responses into
more elementary traits that are otherwise difficult to measure in the field (Larue et al., 2019 and Kumar et al, 2017).
Crop models can simulate a wide range of scenarios and offer a cheaper and less laborious option to conducting field
trials (Akinseye et al, 2017). Furthermore, crop models are powerful tools in TPE analyses as they offer the possibility
to predict performance on a regional level. By capturing details of genotype, environment and management
interactions, crop models provide information on how a given cultivar may be suited for cultivation in a specific
location, for only a specific years and growing seasons (Chenu, 2015).
This study worked with the Samara crop growth model; a deterministic crop growth model developed for rice and
sorghum (Dingkuhn et al, 2013). The model consists of numerous equations with non-linear interactions, which are
calculated on a daily time step and are challenging to summarise in a simple diagram (Appendix A1). It is a
mechanistic model, which means it is based on process-based relationships. The model functions on the individual
plant level and can be upscaled to the field and regional level, which makes it a suitable tool for TPE analysis. It
contains more detail on the agronomic level compared to other crop growth models such as APSIM (Adam et al,
2020) For example, it can capture not only the specific time of organ appearance, but their size and development over
time (Adam et al, unpublished and Dingkuhn et al, 2013). Samara is a resource sink-driven model, which means that
the model processes and crop development are driven by carbon and water sinks (Adam et al, 2020).
The Samara crop growth model is capable of capturing plant plasticity as a direct response to resource
availability, for example in the form of more conservative resource use, regulating crop processes and development).
Phenotypic traits such as the leaf area index (LAI) and grain yield are variables within the model that are directly
regulated by the resource availability. Furthermore, the LAI has a feedback effect on the potential carbon assimilation
and this potential resource availability (Dingkuhn et al, 2013, Appendix A1). Grain yield and final aboveground
biomass are traits that are developed in later stages of the simulated life cycle and are therefore more dependent on
these interactions than earlier traits such as plant height. Other traits such as leaf number are based on linear equations
and are less sensitive to environmental variation and stress experienced by the crop.
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The ability of the Samara crop growth model to accurately predict the crop phenotype in a given environment is
determined by how well the model captures the interactions between the genotype, environment and management, as
well as by the quality of input parameter values. In addition to environment-specific parameters on soil and agrometeorology, Samara includes 97 crop physiological parameters of which eleven have a specific value to each
sorghum cultivar (Fig. 1). These parameter values are currently unknown and need to be assigned correctly for the
model to simulate the performance of a given cultivar. However, identifying these values poses some challenges as
the parameters are difficult to measure physically at the crop level (He et al, 2017). Nor is it feasible to evaluate all the
possible values, as eleven parameters will produce too many potential parameter sets. Hence, there is a need for a
structured method to explore the space of parameter values.
Model calibration can be defined as the process of adjusting a given set of model parameters to achieve a
model performance that accurately represents the processes of interest (Wallach, 2011). Calibration, or parameter
optimisation, may explore the parameter space in silico through the use specific methods referred to as optimisation
algorithms (Larue et al., 2019 and He et al, 2017). Such methods may ‘fingerprint’ the cultivars through identifying
parameter values closer to the gene action than is possible by physical measurements (Dingkuhn et al, 2005). In this
study, an heuristic type of optimisation algorithm was used, which methodology can be generalised into 3 main steps:
1) The algorithm takes input in form of initial parameter sets and generates a new population of candidate parameter
sets. 2) Each candidate set is evaluated by the algorithm and the one of best performance is selected. 3) From this
selection, a new population is generated and the process reiterates to step 1. Each iteration leads to the selection of a
new parameter set which is increasingly likely to perform better than the original (Mullen et al, 2011). The evaluation
of the performance of a given candidate parameter set can be performed using a specified cost function, which
compares the simulated values of the model to observed reference data to compute a score of the sum of simulation
errors.
As a result of the high environmental variation in the region, there may not be a single parameter set that
provides the best possible simulation of a cultivar’s performance across the different environments. This may result in
high simulation errors for some environments. It may be that for a given parameter and cultivar, the best possible
value for one environment differs from that of the next to such an extent that using an intermediate value will result in
overall poor simulations. Therefore, it is worth investigating for which parameters the observed environmental
variation has a strong effect.

Figure 1: Summary of the crop parameters from the model. Samara requires input in the form of 97 crop physiological
parameters specific to sorghum. Of these: eleven are specific to each cultivar.
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1.2. Research objectives
1.2.1 Research objective
This work was funded by the project ABEE (West Africa Breeding Networks and Extension Empowerment). The
main target of the research project is to perform a TPE analysis by clustering drought patterns on a regional level in
order to make recommendations for the selection of specific sorghum cultivars suitable for cultivation in specific
environments. The objective of this internship was to optimise the model calibration in a multi-environmental context.
This goal was further divided into sub-goals. The current state of model performance was evaluated with respect to
model performance and quality of reference data from multi-environmental trials. Subsequently, different strategies
for improving the model performance were explored and tested with the goal of optimising the parameter estimation
steps in the TPE analysis pipeline. This was achieved in two steps: 1) identification of parameters reflecting the
environmental variation not captured by Samara, 2) performing different strategies of parameter optimisation with
some key parameters identified in step 1 optimised per environment. The resulting model performance was evaluated
and compared between strategies.
1.2.2 Research questions
1.

How well does the crop growth model Samara predict the phenotype of specific cultivars of Sorghum across
different environments in West Africa?

2.

Can model performance be improved by optimising the steps of parameter estimation?
a.

Sub-question 2A: Which parameters in Samara capture the environmental variation that is not
captured by the Samara crop growth model?

b.

Sub-question 2b: Can model performance be improved by performing a model calibration taking
the environmental variability in parameter values into account?

1.2.3 Hypotheses
Research question 1: Previously obtained results from calibration of the Samara model showed that most traits were
poorly simulated. Rerunning the simulations with better tools and investigating sources of error may improve
simulations and instances of high errors for specific cultivars or environments. Crop phenotypic traits with higher
complexity in the model such as the aboveground biomass are expected to have a lower goodness of fit indicated by
the fitness score and efficiency criteria, as they are influenced more by interactions with other processes and sources
of environmental variation. Likewise, traits calculated later in the simulated life cycle, including the grain yield and
final aboveground biomass, are expected to be affected by the errors in earlier traits including the leaf area index as
earlier traits have a feedback effect on the model performance.
Sub-question 2A: Complex traits in the model are the result of more processes and interactions within the Samara
model. Therefore, they are more sensitive to interactions between the genotype, environment and management and
may capture more of the environmental variation than simple traits. Parameters that affect the growth and
development of traits that have a direct influence on other traits including the LAI and plant height may further
capture environmental variability through involvement in more processes.
Sub-question 2B: The specific parameters calibrated to each environment will have the strongest effect on the traits
they directly regulate. If the parameters identified capture sufficient amounts of the environmental variation, the
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resulting model will better predict crop performance during calibration. The specific weight distribution defined in the
cost function of the Differential Evolution algorithm will further affect the impact of specific parameters depending on
the phenotypic traits which they influence. If the best possible values from the parameters specified are assigned to
environments during the model evaluation, the evaluation will reflect the improvements observed during the
calibration.

Seyersted - 10

Methods
2.1 Reference data from multi-environmental trials.
2.1.1 Data collection from multi-environmental trials
22 independent crop trials were conducted using the same protocol across different locations in Senegal, Burkina Faso
and Mali between 2013 and 2016. Each trial was conducted in a unique combination of location, year and growing
season, hereby referred to as environment. Different management practices were in this study represented by sowing
dates. All cultivars were grown in each environment. Plots were maintained at best possible growing conditions with
optimal fertilizer applications and were found to experience similar levels of drought stress (Adam et al, unpublished).
In each environment, there were four replicate blocks, in which data on six plant phenotypic traits was
collected manually and used to evaluated model performance. These included the dynamic traits: leaf area index
(LAI), leaf number, plant height and dynamic aboveground biomass (AGB) and final observation traits including
grain yield and final biomass (TAGB) (Table M1).
Table M1: Summary of phenotypic traits sampled from multi-environmental trials. LAI: leaf area index, AGB: dynamic
aboveground biomass, TAGB: final aboveground biomass. Dynamic traits were measured at several time points in the crop
growing cycle, while final were only measured at harvest.
Trait:

Unit:

Type:

LAI

m2 m-2

Dynamic

Leaf number

no.

Dynamic

Plant height

mm

Dynamic

AGB

kg ha-1

Dynamic

Grain yield

kg ha-1

Final

TAGB

kg ha-1

Final

2.1.2 Cleaning of reference data
The data from multi-environmental trials was critically considered with respect to variation within individual blocks
and specific dates of data collection for the final traits. In order to facilitate the data evaluation, the data points were
visualised by boxplots per set of blocks specific to a cultivar and environment combination. For the non-destructive
traits, all outliers outside the interquartile ranges were removed (Appendix, Fig. A2). For the traits with larger unit
values; a threshold of 500 kg ha-1 was set for AGB and grain yield and 5000 kg ha-1 for TAGB.
2.2. Input data for Samara
Samara requires three main types of input: 1) soil parameters 2) agro-meteorological variables and 3) crop
physiological parameters (Dingkuhn et al, 2013). The soil and agro-meteorological data are unique to the
environment, while the crop parameters are specific to sorghum.

2.2.1 Soil and agro-meteorological data:
Agro-meteorological data was obtained from weather stations in the vicinity of each location included in the multienvironmental trials. The soil type per location was characterised with respect to soil type, fertility level and potential
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rooting depth. Corresponding data on soil parameters was obtained as described by Adam et al (Unpublished). A
simplified soil database was derived from the Harmonized World Soil Database (HWSD, 2009).

2.2.2 Crop parameters:
Eight cultivars were considered in this study, representing the diversity in phenotypic plasticity, architecture,
phenology as well as the yield potential observed across West African sorghum cultivars (Appendix A3). The current
values with maximum and minimum thresholds of the physiological parameters had been previously determined per
cultivar for the Samara model by direct model optimisation (Adam et al, unpublished). Eleven parameters of interest
had been previously determined as specific to sorghum cultivars based on their sensitivity to environmental variation
(Adam et al, unpublished, Appendix Table A4).

2.3 Model calibration
2.3.1 Data selected for calibration
Eight environments from the multi-environmental trials were selected as reference data for the model calibration
(Table M2).

Table M2: Summary of the environments used in model calibration.
Location:

Country:

Growing period (season / year)

Sinthiou

Senegal

1 / 2014

Sinthiou

Senegal

1 / 2016

Bama

Burkina Faso

1 / 2014

Bama

Burkina Faso

2 / 2014

Bama

Burkina Faso

3 / 2014

Samanko

Mali

1 / 2013

Samanko

Mali

1 / 2014

Samanko

Mali

2 / 2014

2.3.2 The Differential Evolution optimisation algorithm

The differential evolution optimisation algorithm was used to identify the best possible parameter set (Poiron-Guidoni
and Bisgambiglia, 2020). It is a heuristic, global optimisation algorithm which will seek the best possible parameter
combination by iterating through populations of candidate parameter sets, each time selecting the set of best fit
(Mullen et al, 2011). It is referred to as an evolutionary or “bio-inspired” method, referring to the mechanism by
which it evaluates candidate parameter sets. In this case, it mimics steps of genetic recombination (Mullen et al,
2011). The algorithm randomly assigned values to the eleven parameters of interest within defined boundaries.
Through an iterative cycle, candidate parameter sets were generated and evaluated based on the cost function (Mullen
et al, 2011).
The cost function specified within the optimisation algorithm systematically selected the parameter set that
produced the lowest possible fitness score. This score was calculated as the sum of errors for specific phenotypic
traits. For the dynamic traits the sum of relative Mean Absolute Error (RMAE) was calculated, and the sum of relative
root mean square error (RRMSE) was calculated for the final traits (Equation 1- 5). Additionally, weights were
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assigned to each trait based on the perceived importance of the trait for indicating good model performance. The sum
of RMAE of the LAI received a weight of three, while the other five traits received a weight of one.

Equation 1: Mean squared error:
Equation 2: Root mean squared error:
Equation 3: Relative root mean squared error:
Equation 4: Mean absolute error:
Equation 5: Relative mean absolute error

Where: N: total number of observations, i is the index of a sample in the population, Ῡ is the mean of observed values,
Di is the sum of i-th observed value (Yi) minus the i-th simulated value (Ŷ).

2.3.3 Strategies of parameter estimation
The optimisation algorithm was run for the set of 11 parameters of interest (Appendix A4). The initial estimation
(Strategy 1) was run optimising the 11 parameters for each cultivar. The results showed that simulations could be
improved, consequently three different estimation strategies were run. These included different parameters that were
additionally optimised per environment and cultivar combination (Fig. M1). For all estimation strategies the
estimation was performed for each cultivar independently and the optimisation algorithm was run for 2000 iterations,
which reached as close as possible to the best parameter set.

Figure M1: Summary of the crop parameters from the model. Samara requires input in the form of 97 crop physiological
parameters specific to sorghum. Of these: 11 parameters of interest have been determined to be specific to each cultivar. A
target of this research was to identify if the variability in specific parameter values could be used to improve the model
calibration.

2.3.4.1 Estimation strategy 1
In the first strategy, the estimation was run keeping all eleven parameters of interest constant across the environments.
The output was one parameter set for each of the eight cultivars. The output from this strategy served as a baseline
providing information on the current performance of the samara model and the quality of simulation of specific traits
for cultivar and environment combinations.
2.3.4.2 Estimation strategy 2
The second parameter optimisation was run in order to determine the variability of all the eleven parameters across the
environments. Each environment was optimised per cultivar. The variation in parameter values between environments
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were expressed as the coefficient of variation, calculated as the standard deviation as a percentage of the mean value
from all environments (Equation 3). The level of variation was used to determine which parameters were most
variable across the cultivars in order to select parameters for the subsequent estimation strategies.

Equation 3:

Coefficient of variation =

(Standard deviation × 100)
mean

2.3.4.3 Estimation strategy 3
Two parameters: the maximum length of the internode (‘internodelengthmax’) and the coefficient of the internode
mass (‘coeffinternodemass’) were selected to be optimised per cultivar x environment combination while the other
nine parameters of interest were kept constant across environments per cultivar (Table M3). The output per cultivar
was one parameter set, but with specific values for each environment for the two selected parameters.
2.3.4.4 Estimation strategy 4
Four parameters: the maximum length of the internode (‘internodelengthmax’) and the coefficient of the internode
mass (‘coeffinternodemass’) , the coefficient of leaf death (‘coeffleafdeath’) and the coefficient of panicle mass
(‘coeffpaniclemass’) were selected to be optimised per cultivar and environment combination while the other seven
parameters of interest were kept constant between environments per cultivar (Table M3). The output per cultivar was
one parameter set, but with specific values for each environment for the four selected parameters.

Table M3: Summary of the parameters optimised specifically per estimation strategy. Complete parameter names are
included in the appendices (Table A4).

Parameters optimised

Strategy 1

Strategy 2

Strategy 3

Strategy 4

None

All

‘internodelengthmax’

‘internodelengthmax’

‘coeffinternodemass’

‘coeffinternodemass’

specifically to each
environment

‘coeffleafdeath’
‘coeffpaniclemass’

2.4 Data visualisation and analysis

The results were summarised and visualised in terms of goodness of fit to evaluate strategy 1 individually as well as to
compare strategies 1, 3 and 4. The goodness of fit was summarised by the fitness score as a weighted sum of errors as
well as by comparing the MAE of each trait (Wallach, 2011). Data analysis was performed in R software (R core
team, 2022). The goodness of fit of simulated values was further evaluated by linearly regressing the simulated values
against the observed from the reference data as done by Kumar et al (2017). A 1:1 line of perfect fit visualised how
close the simulated were against the observed. The regression plots were evaluated in terms of three efficiency
criteria: R2, MAE and the Nash-Sutcliffe modelling efficiency (EF), which is similar to R2, but measures fit against the
1:1 line rather than the regression line of best fit (Equation 4, Krause et al, 2005). Additionally, the simulated crop life
cycle visualised changes in phenotypic traits against time.
Equation 4: Nash-Sutcliffe modelling efficiency:
Where: N is the population size, i is the sample number in the population, Yi is the i-th observed value, Ŷ is the i-th
simulated value, and Ῡ is the mean observed value (Krause et al, 2005).
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2.5 Model Evaluation
An evaluation of the model calibration was performed for the remaining 14 environments that were not included in the
calibration. The results were compared between the estimation strategies (Table M4). For each strategy, the best
parameter set identified by the optimisation algorithm were used to perform the model simulation. In the cases of
strategies S3 and S4, which had multiple values for specific parameters in the final set, each environment was
assigned the parameter value from the environment closest to it in location and time (Appendix A5). Not all
environments were equally represented by the calibration set and alternative methods of identifying the best parameter
values were considered (Appendix C).
The evaluation was performed with respect to goodness of fit, by linearly regressing simulated against
observed values. The mean value per block was extracted from the reference data. Results were visualised including
all the cultivar and environment combinations in a single plot and were analysed in terms of R2, MAE and EF.

Table M4: Summary of the environments included in the model evaluation.
Growing period
Location:

Country:

(season / year):

Sinthiou

Senegal

1 / 2013

Sinthiou

Senegal

2 / 2013

Sinthiou

Senegal

2 / 2014

Nioro

Senegal

1 / 2015

Bambey

Senegal

1 / 2013

Bambey

Senegal

2 / 2013

Bama

Burkina Faso

3 / 2015

Farako Ba

Burkina Faso

1 / 2014

Farako Ba

Burkina Faso

2 / 2014

Farako Ba

Burkina Faso

3 / 2014

Samanko

Mali

2 / 2013

Samanko

Mali

3 / 2013

Sinthiou

Senegal

1 / 2015

Sinthiou

Senegal

2 / 2015

Seyersted - 15

Results
3.1 Cleaning of data from multi-environmental trials
Initial work on improving model output began by cleaning the reference data from multi-environmental trials and
verifying the initial parameter files provided to run the model simulations. In total, 18 observation points as well as all
observation points from one block for a cultivar and environment combination were recognised as outlier values and
subsequently removed. Additional sources of error that were recognised are outlined here.
Plant height was initially simulated at a greater error, which was traced to an observation error in a specific
environments for Fadda which recorded plants of up to 8 meters (Appendix A6.1). Removing these outliers, improved
the simulations. Yet, plant height simulations still contained large errors, with simulated values up to 4 meters greater
than the reference data points. It was found that the initial parameter values assigned belonged to previous results
based on observed crop values and that the maximum internode length had been fixed at its highest possible value.
This was recognised from initial output of estimation Strategy 2 were the variability in some traits initially equalled
zero percent. Once the updated file for parameter limits was used the variation in all parameters increased and
simulations of several traits improved (Appendix A6.2).
Soumba was initially simulated at very low values for most traits (Appendix, A6.3). This was sourced to an
error with the initial parameter files of the cultivar. By changing a single parameter value: coefficient of sink reserves
(‘coeffreservesink’), which was set higher than for other cultivars, the simulations were improved for all environments
and traits.
It was frequently observed that the simulated crop cycle ended before the corresponding harvest date in the
reference dataset (e.g. Fig. R1-E). Values of trait variables in Samara revert to zero after ended crop life cycle and
therefore the calculated errors were in these cases based off of zero simulations. This led to very high initial errors for
the final traits. It is challenging to identify the exact date of maturity in the field and the simulated crop cycle may
therefore not correspond to the observed date. The issue was solved by letting the maximum simulated value be
considered as the same date as the observed points to avoid penalisation by the cost function. Additionally, some
errors in date were identified in the reference data. For two environments from the Bama site, there were some cases
where the wrong harvest date was recorded. In some cases for the final traits, two separate dates were listed from
different block replicates for a single cultivar and environment combination (Appendix A6.4). In these instances, the
difference in date was noted and corrected to one common date for all block replicates based on the raw data.

3.2 Estimation strategy 1:
Strategy 1 was performed keeping all parameters constant across environments to provide a baseline of simulation.
The mean of the RMAE considering all cultivars showed a higher value for the AGB and TAGB than other traits,
indicating that these two were predicted less accurately by the model (Table R1). The grain yield had a lower RMAE
than several key traits including the TAGB and plant height (Table R2). It also showed a better modelling efficiency
score than the TAGB (Fig. R1-B,C: 0.09, -0.47). Still, poor simulations of grain yield were indicated by a low
goodness of fit from linear regression of simulated against observed data, where the range of simulated values was
visibly lower than the range of observed values (Fig. R1-B).
The TAGB and grain yield had lower R2 values than the dynamic traits (Fig. R1-A,C, Appendix A7-A,C),
illustrating that final traits with fewer reference points are more challenging to simulate well. On the other hand, the
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AGB obtained a relatively high R2 and modelling efficiency, despite a high RMAE (Fig. R1-A, Table R1). The
simulations over time show values closer to the 1:1 line for the lower observed values (Fig. R1-A). Lower errors from
earlier observations for dynamic traits may have contributed to a higher overall goodness of fit
Table R1: RMAE per phenotypic trait considering all cultivars. LAI: leaf area index, AGB: dynamic aboveground biomass,
TAGB: final aboveground biomass, RMAE: relative mean absolute error.
Trait:
LAI

(m2

RMAE
m-2):

0.33

Leaf number (no.):

0.23

Plant height (mm):

0.37

AGB (kg

ha-1):

Grain yield (kg

0.43
ha-1):

TAGB (kg ha-1):

0.34
0.42

Figure R1: A) AGB, B) Grain yield, C) TAGB. Simulated values are plotted against observed (black points) considering all
environments and cultivars. The 1:1 line indicates best possible fit (blue line) and the regression line of the data points is
indicated by the red line. AGB: dynamic aboveground biomass, TAGB: final aboveground biomass. Values in white boxes
represent efficiency criteria scores. From the top: R2 and modelling efficiency (EF).

The fitness score was calculated by the cost function defined as the sum of errors for each of the phenotypic
traits per cultivar (Appendix A10). Summaries of the MAE of simulations per cultivar per trait showed that there were
no cultivars with higher or lower errors throughout the six traits (Table R2). IS15401 demonstrated a greater error for
dynamic aboveground biomass (AGB) among the cultivars. 621B had a higher error for grain yield and final
aboveground biomass (TAGB) compared to other cultivars and it also had the second highest fitness score among the
cultivars (Appendix A10: 10.88). However, 621B also showed a lower MAE for the leaf area index (LAI) and plant
height compared to other cultivars. Grinkan showed the highest MAE for TAGB, but did not show higher errors for
other traits.
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Table R2: Summary of mean absolute error (MAE) for phenotypic traits per cultivar. LAI: leaf area index, AGB: dynamic
aboveground biomass, TAGB: final aboveground biomass.
Cultivar:
621B
CSM63E
Fadda
Grinkan
IS15401
Nieleni
Pablo
Soumba

LAI
(m2 m-2):
0.67
0.72
0.83
0.81
0.74
1.01
0.80
0.94

Leaf number
(no.):
5.09
4.65
3.40
5.14
5.53
3.98
3.84
4.36

Plant height
(mm):
376.99
800.78
707.87
302.32
822.11
554.42
593.91
611.86

AGB
(kg ha-1):
2922.74
2022.74
4252.63
3140.84
4063.20
3558.07
3167.25
3086.47

Grain yield
(kg ha-1):
1354.86
750.32
760.62
613.42
743.85
774.35
777.72
817.13

TAGB
(kg ha-1):
8303.81
6473.81
5729.68
9008.06
7331.56
6677.54
4849.18
8055.04

Mean MAE

0.81

4.50

596.28

3276.74

824.04

7053.58

Visualisations of crop simulations over time indicate the model performance throughout the simulated life
cycle. One example of a cultivar and environment combination is included as an indication of the overall trends
observed across cultivars and environments (Fig. R2). For most traits, the simulations were lower than the observed
points. The exception was the leaf number, which performed with the lowest RMAE score and was simulated closer to
all the reference data points than other traits including the LAI and AGB (Fig. R2-A, B, D). There was less variation
between observed points for this trait compared to others. The plant height further demonstrated how the reference
observed points earlier in the life cycle were closer to simulations, while later dates were associated with more
variability between observation replicate blocks and thus poorer predictions (Fig. R2- C). The final traits, with only
one set of reference points, showed that the maximum simulation score reached within the range of observed values of
the grain yield, while the simulation was grossly under-simulated for TAGB (Fig. R2- E,F).

Figure R2: The performance of Soumba in Bama, growing season: 3 / 2015. A) LAI, leaf number, plant height, AGB, grain
yield, TAGB. The simulated crop life cycle on a daily timestep (black line) with the observed values from four replicate
blocks from multi-environmental trials (black points). LAI: leaf area index, AGB: dynamic aboveground biomass, TAGB:
final aboveground biomass.
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3.3 Estimation strategy 2:
Estimation strategy 2 was performed optimising every parameter of interest specifically to each environment in order
to evaluate their variability. A parameter was considered highly variable across the environments if the standard
deviation of parameter values for the eight environments was greater than 50 % of their mean value (Table R3). Only
one parameter was highly variable (> 50 %) for all cultivars; the maximum internode length. The coefficient of
internode mass was highly variable for all cultivars except for one.
The coefficient of leaf death was highly variable for six cultivars and also showed the greatest observed
variability of all the parameters (Pablo: 74.23 %). Among the three parameters specific to panicle development, the
variability was never greater than 60 %. The coefficient of panicle mass was highly variable (> 50 %) for four
cultivars, while coefficient of the panicle sink population was highly variable for three cultivars.
Table R3: Summary of parameter variability across environments per cultivar. The values show the standard deviation of
the parameter values from the eight environments expressed as a percentage of the mean. Dark orange indicates a percentage
greater than 60 %, light orange between 50 and 60 % and white cells indicate a percentage lower than 50 %. (A key of
parameter names is available in Appendix A4).

3.4. Estimation Strategies 3 and 4
The sum of errors of simulations from Strategy 3 and 4 illustrated the effect of adjusting specific parameters per
environment. Strategy 1 produced in a higher fitness score for all cultivars compared to Strategy 3 and 4, indicating
that the sum of errors were greater during the initial run (Table R4). Furthermore, Strategy 4 had a lower fitness score
than Strategy 3 for all cultivars, except for Grinkan, where the difference was negligible. Furthermore, the mean
fitness of all cultivars was greatest for Strategy 1 and lowest for Strategy 2, followed by Strategy 4. Fadda showed the
greatest difference in fitness between Strategy 3 and Strategy 1, while 621B showed the greatest difference between
Strategy 1 and 4 and a very small difference between Strategy 1 and 3 (Table R4).
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Table R4: Summary of fitness scores per cultivar and estimation strategy. S1-S4: strategies 1- 4.

Cultivar:

S1

S2

S3

Strategy
S4

621B
CSM63E

10.88
22.78

7.58
19.21

10.57
21.83

8.39
20.60

Fadda
Grinkan
IS15401
Nieleni
Pablo

8.01
8.21
7.87
9.66
8.81

6.03
6.95
5.95
6.74
7.40

6.85
8.12
6.99
8.79
8.25

6.81
8.13
6.76
7.80
8.14

Soumba

8.79

6.78

8.06

7.75

Mean

10.63

8.33

9.93

9.30

The MAE per trait showed that the LAI and leaf number did not change greatly between strategies (Table
R5). The plant height was slightly worse for both Strategy 3 and 4, though this did not have a big effect on the RMAE
score (Appendix A11, difference =< 0.01). A similar minor effect was observed in the reverse direction for the AGB,
with a slight improvement in MAE for strategies 3 and 4 (Table R5). The grain yield and TAGB were observed to
have lower MAE and RMAE for both Strategy 3 and 4 compared to Strategy 1. (Table R5 and Appendix A11). The
grain yield was the most improved trait between Strategy 1 and 4, and a larger difference between S3 and S4 was also
observed for this trait compared to the other traits.
Table R5: Summary of MAE per trait and estimation strategy. S1:4: Strategy 1, 3 and 4. LAI: leaf area index, AGB:
aboveground biomass, TAGB: final aboveground biomass.

Trait:
LAI (m2 m-2)
Leaf number
Plant height (mm)
AGB (kg ha-1)
Grain yield (kg ha-1)
TAGB (kg ha-1)

S1
MAE

S3
MAE

S4
MAE

0.76
3.96
552.30
2970.54
825.34
7074.60

0.75
3.96
563.41
2939.85
679.12
6530.00

0.71
3.96
561.10
2804.02
553.22
6153.79

3.5. Model Evaluation
The model evaluation output was visualised by linearly regressing the simulated against observed points from all
cultivar and environment combinations per trait (Fig. R3-A:I and Appendix A9). The R2 had low variability between
the three strategies for all the traits.
Strategy 1 attained the lowest MAE out of the three strategies for TAGB (Fig. R3-D:F). Strategy 4 had the
lowest MAE for plant LAI Appendix Fig. A9-G:I). while Strategy 3 had the lowest MAE for plant height, grain yield
and AGB (Fig. R3-A:C, D:F and Appendix Fig. A9-D:F). However, the MAE scores for Strategy 1 and 3 were
comparable for the TAGB (Fig. R3-G,H: difference < 1 %) and grain yield (Fig. R3-D,E: difference < 1 %). The
MAE of plant height was also comparable, being only 3 % lower for Strategy 3 compared to Strategy 1 (Fig. R3-A,B).
The observed EF score was lowest for grain yield and highest for plant height for all strategies. A consistent
negative EF-score for both final traits indicated very poor simulations against the 1:1 line across all Strategies. The EF
score of plant height was lowest for Strategy 4 and comparable between Strategy 1 and 3 (Fig. R3-A,C). A near equal
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score of the EF and R2 was additionally observed for plant height in Strategy 1, which may be explained by an equal
proportion in over-simulated and under-simulated values rather than low simulation errors (Fig. R3-A). The goodness
of fit efficiency criteria were also comparable for Strategies 1 and 3 for the AGB, while the results from the leaf
number and LAI remained largely unchanged between the three strategies (Appendix A9).

Figure R3: Results from model evaluation, A) Plant height S1, B) Plant height S3, C) Plant height S4, D) Grain yield S1, E)
Grain yield S3, F) Grain yield S4, G) TAGB S1, H) TAGB S3, I) TAGB S4. The simulated regressed against observed
values for all cultivars and environments included in the model evaluation (black points). The 1:1 line indicates best possible
fit (blue line) and the regression line of the data points is indicated by the red line. Scales may differ. TAGB: final
aboveground biomass. Values in white boxes indicate efficiency criteria scores. From the top: R2, MAE and EF.
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Discussion
4.1 How well does the Samara crop growth model predict the phenotype of specific cultivars of sorghum across
different environments in West Africa?
With the exception of leaf number, the simulated values of phenotypic traits from Strategy 1 were simulated with
considerable errors, represented by large MAE, low R2 and negative or very low modelling efficiency (EF) scores.
Simulated values of most traits were frequently lower than the reference data. This illustrates that the simulated crops
had a worse yield and performance than crops under actual conditions (Fig. R1 and Appendix A7). The goodness of
fit of final traits had greater EF scores than the dynamic traits, including the AGB and height (Fig. R1-A:F and
Appendix A7). Furthermore, the overall RMAE values were greatest for the AGB and TAGB (Table R2). It was
hypothesised that the cultivars with greater errors in the LAI would also have greater errors for the final traits because
of the LAI’s feedback effect on assimilation (Dingkuhn et al., 2013). Specific cultivars including Soumba supported
this trend through high MAE scores for all of LAI, grain yield and TAGB. However, this was not a consistent pattern
and for example the high MAE scores of 621B for grain yield and TAGB were not reflected in its MAE of LAI (Table
R1).
The leaf number had lower errors of simulation compared to other traits (Fig. R2). A possible reason is that
there was low variability between reference data points from different environments and replicate blocks for leaf
number (Appendix A7-B and Fig. R2-B). The other traits had a greater variability between reference data points and
there were often no possible simulations that could cover this. This led the optimisation algorithm to select the best
possible simulation to minimise the overall errors (Fig. R2-A,D,F). For example, in the case of the final traits, the
simulated line should reach within the range of the four reference points, but not necessarily through the median or
mean of these values (Fig. R2-E). Each reference data point is associated with an error bar and the best simulation will
cover as many as possible of these ranges.
The simulations over time further illustrate another reason why final traits were predicted at higher errors
than dynamic traits. The algorithm was mono-objective, meaning that it evaluated the errors of all the traits with only
one target; the minimisation of the sum of errors in the fitness score. The final traits had fewer reference data points
compared to dynamic traits. Although the errors were calculated as means, thus avoiding the differences in reference
data points between traits and environments, there were fewer possible solutions that will result in low sum of errors
for the dynamic traits. A worse solution for a dynamic trait and better for a final would result in greater errors than a
better solution of dynamic traits and worse for final. This was in part compensated for in the cost function by
calculating the RRMSE for the final traits instead of the RMAE as was done for the dynamic traits. A sum of squared
errors placed bigger weights on errors from the final traits. However, the results show that there is still considerable
simulation errors of final traits and that further improvements to the cost function may be considered.
Certain traits may have performed better than others because of their simplicity in the Samara model.
Notably, the leaf number is a linear trait and its calculation consists of two components: the thermal time and the leaf
phyllochron, which is the rate of appearance of new leaves (Dingkuhn et al, 2013 and McMaster, 2005). The TAGB
on the other hand, is a sum of the biomass of all aboveground matter including stem, leaves, panicles and dead leaves.
Each of these are in turn affected by numerous processes, and interactions. The more complex a trait is, the more
sensitive it will be to environmental variation and this makes the trait more difficult to model.
This is true on a biological level as well. Similarly to how traits are the products of many interacting
components in Samara, they are on a crop level regulated by many genes. The crop phenotype is the result of
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expression of these genes as well as the environment, and management-specific variation (Nyquist, 1991). A simple
trait such as leaf number is regulated by few genes and it is mainly a result of genotype-specific variation and is less
sensitive to that of the genotype’s interactions with environment. It is thus highly heritable (Tardieu and Tuberosa,
2010). However, the final biomass and grain yield are regulated by more genes, and the gene effect is not a simple
additive calculation, because of epistasis—the interaction between genes (Zuniga et al, 2014). Complex polygenic
traits are more sensitive to environmental variation and its interactions with the genotype variation and are thus less
heritable than simpler traits (Dingkuhn et al, 2005 and Nyquist, 1991).
Ideally the Samara model would be able to predict the phenotype of a given cultivar under any environment
specified. However, the results show that this was not the case. As the model is a simplification of the biological
system it is not possible for it to consider all environmental sources of phenotypic plasticity (Dingkuhn et al, 2005).
Thus, these interfere with the simulation and as a result: the quality of predictions vary between environments. In
other words; the environmental effects not captured by the model processes is captured by the parameters (Kumar et
al, 2017). Investigating the specific parameters that capture the variation in environment may help understand how the
model can be improved.
4.2 Which parameters in Samara capture the environmental variation that is not captured by the Samara crop growth
model?
The results from estimation Strategy 2 revealed that several parameters showed a large variability across
environments, which guided the parameter selection. Four parameters showed large variability (> 50 %) for at least
half of the cultivars indicating that they capture a significant portion of the environmental variation not accounted for
by Samara (Table R3).
Two parameters regulating internode growth were identified as highly variable for most of the cultivars.
They regulate the maximum internode length and the coefficient of increase in internode mass respectively. Any
changes in the internode mass was expected to affect the AGB and TAGB, as a majority of sorghum biomass is stored
in the stem. The parameters were further expected to affect plant height more than other traits, as it is a direct sum of
the total length of internodes and the length of the top leaf in Samara (Dingkuhn et al., 2013). The internode
maximum length additionally affects the crop resource storage capacity (Dingkuhn et al, 2013). As the parameters do
not affect the number of internodes, they will not have an effect on the LAI or leaf number (Dingkuhn et al, 2013).
The potential effect of maximum internode length was already observed, as its initial value was set at the highest
possible value resulting in eight meter tall crops (Chapter 3.1). Thus, these two parameters were selected for
optimisation per cultivar and environment combination in Strategy 3.
The coefficient of leaf death was the third most variable parameter across cultivars and regulates the rate of
leaf death. It is in turn regulated by the perceived stress by the crop and will have a significant effect on crop
performance in the case of extreme stress events, where the proportion of leaf death would be high (Dingkuhn et al,
2013). This parameter will reduce the LAI and was mainly selected for Strategy 4 due to the LAI being a key trait in
the optimisation process. The parameter will not directly affect the leaf number, AGB or TAGB as these traits
consider all leaves developed during the life cycle and are unaffected by the leaf death. Yet, changes in LAI will have
a major influence on biomass accumulation (Parent and Tardieu, 2014). Leaf death may further result in redistribution
of resources from dying leaves to other organs and processes and may thus have some additional knock-on effects on
interactions within the model and on the resulting final traits.
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Additionally, a few parameters related to panicle development were highly variable in the results. The mass
of the panicle has a strong effect on the final grain yield and consequently also on the final biomass. It is a key
parameter as it is the main determinant of the potential Harvest Index and yield in the model (Dingkuhn et al, 2013).
As an attempt to address the poor simulations of grain yield observed in Strategy 1, the coefficient of panicle mass
was included in Strategy 4.
Optimising specific key parameters toward each cultivar and environment combination were expected to
improve model performance. The distribution of best parameter values across environments may provide further
information on the genotype and environment interactions within the model (Appendix C).
4.3 Can model performance be improved by performing a model calibration taking the environmental variability in
parameter values into account?
The model performance of different strategies were compared in terms of fitness scores and efficiency criteria. The
fitness scores from Strategy 3 and 4 show that they both performed better with lower fitness scores in comparison to
Strategy 1 (Table R4). Strategy 4 achieved in turn a lower score than Strategy 3, which was expected as it considered
more parameters specifically to each environment. Likewise, Strategy 2 had the lowest fitness score, as this strategy
demonstrates the fitness score when over-optimised to match each unique environment.
Interestingly, the cultivar Fadda—which had shown a higher initial MAE for the AGB (Table R1) showed the
greatest change in fitness score between Strategy 1 and 3 (Table R4). This results may reflect the effect of the specific
parameters selected in the different strategies as the internode related parameters were expected to have a greater
effect on biomass and plant height. Similarly, 621B had the highest MAE for grain yield in Strategy 1 (Table R1) and
was the cultivar with the greatest reduction in MAE between Strategy 1 and Strategy 4. Yet, the MAE did not improve
for this cultivar between Strategy 1 and 3. This may reflect that the coefficient of panicle mass improved simulations
of grain yield.
The MAE of specific traits showed similar differences between estimation strategies as the fitness scores, but the
dynamic traits observed less change than the final (Table R5). The LAI did not improve between strategies and this
could be explained by the specified parameters not having a direct effect on this trait. Unexpectedly, the MAE of plant
height was greater in Strategy 3 and 4, which indicates that the two internode parameters led to worse overall
simulations of this trait. This can be explained by a trade-off between traits, where an increase in errors for one trait
and a decrease in another can still lead to an overall improved fitness score. Additionally, the change in plant height
between strategies was not consistent between cultivar and environment combinations, as in some cases the
simulations were higher and in other cases they was lower than the initial simulations of Strategy 1 (Appendix, Fig.
A8-A,B).
Strategy 3 led to notable reductions in the MAE of grain yield and TAGB, as well as slight reductions in the
AGB. The parameters may affect the biomass and grain yield through changes in allocation of resources within the
stem (Dingkuhn et al, 2013). A weakness in the selection of parameters was to include both internode parameters in
the same estimation strategy and their individual effect on model performance is thus less simple to distinguish.
While initial results from the calibration for plant height did not indicate model improvement by Strategy 3, the
model evaluation revealed that this trait was simulated at a slightly lower MAE for Strategy 3 compared to Strategy 1.
However, this difference was not sufficient to be conclusive and the EF and R 2 remained largely unchanged (Fig. R3G:I). The model evaluation further showed a similar trend in the goodness of fit of AGB and grain yield for Strategy

Seyersted - 24
3, with minor improvements in MAE and EF (Appendix A9-D,E, Fig. R3-D,E). The rest of the traits were not
improved in the model evaluation for Strategy 3.
Simulations of the LAI did not improve between strategies 1 and 4 (Table R5 and Appendix A9). In Strategy 1,
the simulated LAI values did not decrease over time indicating that leaf death did not affect this trait (Fig. R1-A). This
was to some extent expected, because the environments from the multi-environmental trials were kept under the best
possible conditions, thus major stress events triggering leaf death would not have taken place. The parameter will only
have a significant effect on the simulations if the number of dead leaves exceeds the living, for example during an
extreme stress event. This points to a possible reason for the observed high parameter variability between
environments. During the optimisation, the algorithm assigns random values to this parameter without it having a
significant effect on the resulting simulation errors and fitness score. Consequently, the algorithm may have been
assigned widely different values for different cultivars, which explains the high variability observed in Strategy 2.
Thus, the inclusion of the coefficient of leaf death did not result in significant differences in model performance and
any differences between Strategy 3 and 4 may be attributed to the coefficient of panicle mass.
Strategy 4 resulted in a lower MAE for grain yield and slightly lower MAE of TAGB and AGB in the model
calibration (Table R5). However, the same result was not reflected in the model evaluation. Strategy 4 resulted in
greater MAE and a lower EF for both final traits, pointing to that the simulations less accurately represented the
observed crop performance from environments included in the evaluation (Fig. R3-A:D). This discrepancy between
goodness of fit in calibration and evaluation may be explained by Strategy 4 optimising too many parameters to each
environment in the calibration, which led to an overfitting of parameter sets. Therefore, the results in this study show
that Strategy 4 did not improve model performance. Nevertheless, the coefficient of panicle mass had a greater effect
on the final traits than hypothesised and is an interesting candidate for future studies.
Lastly, the method of selecting parameter values for the set used in model evaluation affected the outcome of the
results and may not have reflected the actual performance of Strategy 3 and 4. The categorisation of which
environments are more similar between those included in the calibration and evaluation should ideally pay more
attention to the actual patterns in variability between environments. This is further discussed in Appendix C.
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Conclusions:
The Samara model currently simulates crop performance at a varying level with satisfactory predictions of the leaf
number, but poor predictions of the final traits grain yield and TAGB. Final traits of more complex nature are more
challenging to predict. Model performance can be slightly improved for grain yield and plant height by considering
the environmental variability of the maximum internode length and the coefficient of the internode mass. This was
supported by a model evaluation, which yielded a lower sum of errors for key phenotypic traits. The same method
considering the environmental variation in four parameters, including the coefficient of panicle mass, reduced
simulation errors for the environments used in the calibration, but did not improve model performance in the
evaluation. This was due to too many parameters being optimised per environment, which led to an overfitting of the
model. Although model performance was improved by Strategy 3, simulation errors were still considerable for most
traits and this points to that further improvements can be made in the calibration steps or at the model level.

Perspectives:

Strategy 4 led to some interesting improvements in the prediction of final traits in the calibration. But as it did not
improve model performance in the evaluation, continued investigation of parameter effects through a fifth estimation
strategy was considered. The main objective would be to keep the coefficient of panicle mass and to remove the
coefficient of leaf death and the internode parameters to avoid overfitting of the model. This would possibly
disentangle the observed additive effects of the parameters on key traits between Strategy 3 and 4. As a subsequent
step, a second parameter could still be included to further target improvements with respect to TAGB. A suggested
candidate to calibrate together with the panicle parameter is the coefficient of internode mass, because it would allow
to distinguish the effects of the two internode parameters from previous strategies. The coefficient of internode mass
should have a greater effect on the development of internodes than adjusting the threshold for maximum value of
length, as coefficients alter the slope of development over time (Dingkuhn et al, 2013).
The model evaluation tests the results from calibration by evaluating the output against selected efficiency
criteria. The results showed that the quality of simulations were highly dependent on the specific efficiency criteria
used. For example, the AGB of Fadda in a specific environment did not demonstrate visibly large differences in
simulations. However, both the MAE and R2 was found to be lower for Strategy 4 and each of the criteria should not
be interpreted independently (Appendix, Fig. A8-C). Advantages of possible alternative or additional efficiency
criteria could be a target for future studies (Krause et al, 2005)
It may seem contradictory that Strategy 3, which included parameters that mainly affected the plant height
and stem biomass would improve simulations of grain yield AGB, while increasing the errors of plant height. It points
to how the cost function calculated the fitness score. Regardless of how many different phenotypic traits having been
evaluated, by summing them up in a single fitness score; the cost function remained mono-objective. This means that
it selected parameter sets towards a single goal (Karpagan, 1999), which in this case was minimising the fitness score.
Despite additional weights on LAI having been set, these were assigned within the same cost function and resulting
fitness score and therefore only artificially set a secondary objective.
By rule of thumb, a mono-objective optimisation algorithm will identify and perceive the solution with
lowest sum of errors as the best candidate, even if it yielded great reductions in error from one trait and slight
increases in errors from the others. It is likely that during parameter optimisation, several candidate parameters may
have produced an equal fitness score and thus have been equally good in mathematical terms. However, in the context
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of breeding towards drought tolerance, specific solutions may have been better. Different parameter combinations that
result in equal crop model performance or the same simulation of all output traits is referred to as equifinality (He et
al, 2017) (Fig. D1). If no additional criteria were assigned to the optimisation algorithm in order to distinguish equally
performing candidate parameters, it would made a random selection. This may explain the scenario observed where
the sum of errors from plant height increased at the benefit of other traits.

Figure D1: Equifinality in a crop growth model arises when there are multiple solutions that offer the same solution. The
possibilities (crosses) have different individual errors from T1 (x-axis) and T2 (y-axis), but equal total error indicated by the
red curve. If no additional objectives are defined, the cost function in the optimisation algorithm may select any of the four
possible solutions.

Equifinality is a common problem in model calibration (He et al, 2017). In the case of two parameter sets
returning the same fitness score, the selection can be guided by defining a multi-objective cost function, where a
secondary target is defined in a different cost function. When two cost functions and their objectives are optimised
simultaneously during the estimation process, candidate parameter sets that meet both production targets are
identified. But for these candidate sets, neither objective’s optimisation target can be increased without lowering that
of the other (Karpagan, 1999). The collection of these candidate sets is referred to as the pareto front (Márquez et al,
2011). The different solutions identified here facilitate decision-making in complex multi-criteria models in terms of
which candidate to pick (Márquez et al, 2011). Selection can be made based on additional criteria or through
performing a model evaluation for each candidate and comparing the performance. A second target in the context of
breeding towards drought stress could for example be a performance-based indicator such as stay-green expression in
leaves, where leaves will remain photosynthetically active until grain maturation (Kumar et al, 2016).
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Appendix A
Supporting tables and figures:

Figure A1: A simplified scheme of the mechanisms of the Samara crop growth model. A) The internal competition
coefficient (IC) regulates how available resources are distributed to different plant organs and regulated growth and
development. B) The leaf area index (LAI) is directly regulated by crop growth, but also has a feedback effect on potential
carbon assimilation (AssimPot) (Image source: Dingkuhn et al, 2013).

Figure A2: Example plots of how the data from replicate blocks from multi-environmental trials were visualised to identify
outliers. Date is on the x-axis (Julian date format) and the trait value is on the y-axis.The boxes represents the values from
each block for one observation date. A) One outlier was observed for the penultimate date, B) An outlier was identified in
each date starting from the third, all found to belong to the same block.

Table A3: Summary of cultivars. (Based on table in: Adam et al, unpublished)
Cultivar

Origin

621B

Senegal

Potential grain
yield (t / ha)
2.5- 3.0

CSM63E

Mali

2.0

Fadda

Mali

4.5

Grinkan

Mali

4.0

IS15401

Cameroun

2.0

Nieleni

Mali

4.0

Pablo

Mali

4.0

Soumba

Mali

2.5
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Table A4: Summary and key of parameters of interest (Based on Dingkuhn et al, 2013).
Parameter name in Samara

Full name

Unit

1

internodelengthmax

Maximum internode length

mm

2

leaflengthmax

Maximum leaf length

mm

3

coeffleafwlratio

Ratio of maximum leaf blade width to
length

mm mm-¹

4

slamin

Minimum specific leaf area

m-² g-¹

5

coeffleafdeath

Coefficient of leaf death

fraction

6

tilability

Tillability

fraction

7

coefftillerdeath

Coefficient of tiller death

fraction

8

coeffinternodemass

Coefficient of internode mass

g mm-¹

9

coeffpaniclemass

Coefficient of panicle mass

fraction

Mass of panicle structure
10

panstructmassmax

g per panicle
structure

11

coeffpansinkpop

Coefficient of grain mass produced per
structural mass of panicle

fraction

Appendix A5: Key of which environments in the calibration set where used for specific environments in the evaluation set.
Similarities and differences are listed C: country, Y: year, S: season. The pairing was based on the following priorities:
country > area > year > season, where same country was recognised as the most important indicator of similar environment.
Environments in evaluation set

Closest environment from
calibration set

Shared

Differences

SINT2013S1
SINT2013S2
SINT2014S2
NIO2015S1
BBY2013S1
BBY2013S2
BAMA2015S3
FRK2014S1
FRK2014S2
FRK2014S3
SMK2013S2
SMK2013S3
SINT2015S1
SINT2015S2

SINT2014S1
SMK2013S1
SINT2014S1
SINT2014S1
SMK2013S1
SMK2013S1
BAMA2014S3
BAMA2014S1
BAMA2014S2
BAMA2014S3
SMK2013S1
SMK2013S1
SINT2014S1
SINT2014S1

CS
Y
CY
CS
CS
Y
CS
CYS
CYS
CYS
CY
CY
CS
C

Y
CS
S
Y
Y
CS
Y
S
S
Y
YS
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Appendix A6

Figure A.6.1: Boxplots of all cultivars (x-axis) showing error (y-axis) for plant height. Error was calculated as simulated
subtracted by observed values.

Figure A6.2: A) Initial simulation of Fadda plant height (mm) over time (x-axis in Julian date format) for Bama Season 1 /
2014. Line is simulated performance, points are reference observed values from field. One extreme outlier contribute to poor
initial simulations (blue point, top middle). B) Improved simulation of Fadda in the same environment, plant height (mm)
over time (x-axis in Julian date format). Blue line is simulated performance, points are reference observed values from field.

Figure A6.3: Initial simulations of Soumba were largely under-simulated for all traits and environments. Here, the leaf area
index is shown across two Samanko environments as an example. Line is simulated performance, points are reference
observed values from field.

Seyersted - 32

Figure A6.4: simulated (x-axis) against observed values (y-axis) of grain yield (kg ha.-1) for different cultivars from Bama
growing season 2 / 2014. Blue line indicates perfect fit (1:1 line). Colours indicate different dates. For Nieleni, IS15301,
Pablo and Soumba, multiple dates were observed for this final trait.

Appendix A7: A) Leaf area index, B) Leaf number, C) Plant height. Simulated values are plotted against observed (black
points) considering all environments and cultivars. The 1:1 line indicates best possible fit (blue line) and the regression line
of the data points is indicated by the red line. Values in white boxes indicate efficiency criteria scores. From the top: R2 ,
MAE and modelling efficiency (EF).

Appendix A8:
Considering individual cultivar and environment combinations highlight the differences between estimation strategies
for a given trait. In the Sinthiou site for growing season 1 / 2014, Strategy 4 resulted in better predictions of the plant
height of IS15401, but worse for Fadda (Fig. A8-A,B). Simulations over time show that Strategy 4 deviated the most
from Strategy 1 for both cultivars (Fig. A8- A,B). The AGB of Fadda in a Samanko growing season 2 / 2014 showed
Strategy 4 to produce simulated values as an intermediate between the other two strategies (Fig. A8-C). This resulted
in lower MAE, but a lower R2 (Fig. A8-C). Better simulations were generally observed for Strategy 4 compared to the
two other strategies for specific cultivar and environment combinations.
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Figure A8: Examples of the simulated against observed values for specific traits and cultivar and environment combinations
between estimation strategies (Red points: S1, green: S3, blue: S4). A) Plant height, Fadda, Sinthiou, 1 / 2016, B) Plant
height IS15401, Sinthiou, 1 / 2016, C) AGB, Fadda. Samanko 2/ 2014. (Red points: S1, green: S3, blue: S4. AGB: dynamic
aboveground biomass. S1, S3, S4: Estimation strategies 1, 3 and 4.
Table A8.1: Summary of Fig. A8-A with corresponding R2, MAE and RMAE.

Estimation Strategy
R²
MAE
RMAE

S1
0.80
798.02
0.37

S3
0.80
993.92
0.46

Height IS15401,
Sinthiou 1/ 2016
S4
0.79
376.59
0.17

Table A8.2: Summary of Fig. A8-B with corresponding R2, MAE and RMAE.
Height Fadda
Sinthiou 1/ 2016
Estimation Strategy
R²

S1
0.91

S3
0.91

S4
0.91

MAE
RMAE

207.40
0.14

210.10
0.14

526.57
0.34

Table A8.3: Summary of Fig. A8-C with corresponding R2, MAE and RMAE.
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Figure A9: Results from model evaluation, A) Leaf number S1, B) Leaf number S3, C) Leaf number S4, D) AGB S1, E)
AGB S3, F) AGB S4, G) LAI S1, H) LAI S3, I) LAI S4. The simulated against observed values for all cultivars and
environments included in the model evaluation (black points). The 1:1 line indicates best possible fit (blue line) and the
regression line of the data points is indicated by the red line. AGB: aboveground biomass, LAI: leaf area index, TAGB: final
aboveground biomass, S1:4: Estimation strategies 1, 3, and 4. Values in white boxes indicate efficiency scores. From the top:
R2, MAE and modelling efficiency (EF).

Appendix A10: Fitness score for each cultivar and the mean and median from estimation Strategy 1.
Cultivar:

Fitness score:

621B

10.88

CSM63E

22.79

Fadda

8.01

Grinkan

8.21

IS15401

7.87

Nieleni

9.66

Pablo

8.81

Soumba

8.79

Mean

10.63
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Appendix A11: Table Summary of RMAE per trait and estimation strategy. S1:4: Strategy 1, 3 and 4. LAI: leaf area
index, AGB: aboveground biomass, TAGB: final aboveground biomass.
Trait:
LAI (m2 m-2)
Leaf number
Plant height (mm)
AGB (kg ha-1)
Grain yield (kg ha-1)
TAGB (kg ha-1)

S1
RMAE
0.33
0.23
0.37
0.43
0.34
0.42

S3
RMAE
0.33
0.23
0.38
0.43
0.28
0.39

S4
RMAE
0.32
0.23
0.38
0.41
0.23
0.37

Appendix B:
Investigating the effect of the ratio of environments included in the calibration and the evaluation.
Introduction:
One of the key decisions made during model calibration was the ratio of total environments from the reference data to
use in the calibration step. The correct proportion of environments considered in the model calibration and evaluation
should be determined considering on the quality and variability of reference data as well as the intended model use
(Confalonieri et al, 2016 and Ludwig et al, 2019). In this study, the original estimation strategies included eight
environments in the calibration, which was just over a third of the total 22 environments from multi-environmental
trials. The data from the trials represents six different areas from three countries as well as growing seasons from four
years in a heterogenous region, thus a high level of variability between environments was expected (Haussmann et al,
2008 and Adam et al, unpublished). The risk of overfitting the data is higher for a small sample from a variable data
set (Confalonieri et al, 2016). Hence, selecting a higher proportion for calibration may improve model performance by
including a higher representation of the variability observed between environments (Ludwig et al, 2021 and
Fensterseifer et al, 2017). Furthermore, a higher sample number in the calibration may alleviate issues related to
equifinality in the model (Her and Chaubey, 2015).
The parameters most sensitive to environmental variation are expected to be less capable of predicting
performance in environments in the evaluation that greatly differed from the calibrated set (Ludwig et al, 2019). The
results from estimation Strategy 2 found that several parameters were already highly variable across the eight
environments (Table R3). It can therefore be expected that this variability will increase when a greater diversity of
environments is considered and it is likely to result in greater ranges in optimal parameter values between
environments. Through this, the parameters may cover a larger part of the environmental variation and thus better
predict crop performance in the model evaluation. This may benefit the main target of this research was to predict
cultivars’ performance on a regional level, the model is required to function in far greater variability then observed in
the reference data.
On the other hand, excluding some years, sowing dates and locations from the calibration, will allow the model
evaluation to indicate the model’s capability model to simulate new environments. Thus, the best proportion
environments to include in the calibration is a complex issue which depends on the data, the model and the research
target.
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Objective: The methodology of optimisation was attempted improved by changing the ratio of environments included
in the calibration against those included in the evaluation.
Research question:
RQ3: Does increasing the environments considered during calibration improve the model’s ability to generalise crop
behaviour and the resulting model performance?
Hypothesis:
Including a higher ratio of total environments in the model calibration will improve the model’s capability of
predicting crop performance in the remaining environments because it is calibrated for a wider range of the
environmental variability, represented here by the unique years, seasons and locations. As a result, it should improve
the model’s ability to generalise environmental effects.
Methods:
The same methodology was used as for estimation Strategy 1 in the original study. A new estimation strategy
(Strategy B) was performed considering twelve environments in the calibration (Table B1). All of the environments
considered in the calibration by Strategy B, were included in the calibration for Strategy 1. The estimation was
performed for one cultivar: 621B and thus only provided an indication the expected results. Model evaluation was
performed on eight environments, which were also included in the evaluation of Strategy 1 (Table B2). The resulting
goodness of fit from model evaluation was compared from the evaluation between the results for 621B from Strategy
1 and Strategy B with the same efficiency criteria: R2, MAE and modelling efficiency (EF). Model evaluation was not
performed again for Strategy 1, but the results from the corresponding environments and cultivar were extracted for
the purpose of comparison.
Table B1: Index of environments considered in the calibration by Strategy B. The top eight environments were also
considered in calibration by Strategy 1.
Location:

Country:

Season / Year

Sinthiou

Senegal

1 / 2014

Sinthiou

Senegal

1 / 2016

Bama

Burkina Faso

1 / 2014

Bama

Burkina Faso

2 / 2014

Bama

Burkina Faso

3 / 2014

Samanko

Mali

1 / 2013

Samanko

Mali

1 / 2014

Samanko

Mali

2 / 2014

Farako Ba

Burkina Faso

2 / 2014

Samanko

Mali

3 / 2013

Bambey

Senegal

2 / 2013

Nioro

Senegal

1 / 2015
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Table B2: Index of environments considered in the model evaluation by both Strategy 1 and B with the purpose of
comparing performance.
Location:

Country:

Season / Year

Sinthiou
Sinthiou
Bambey
Bama
Farako Ba
Samanko
Sinthiou

Senegal
Senegal
Senegal
Burkina Faso
Burkina Faso
Mali
Senegal

1 / 2013
2 / 2013
1 / 2013
3 / 2015
1 / 2014
2 / 2013
1 / 2015

The results were evaluated for the dynamic traits LAI (leaf area index), leaf number, plant height and AGB
(aboveground biomass). The final traits grain yield and TAGB (final aboveground biomass) did not have sufficient
reference data points to be evaluated in terms of goodness of fit.

Results:
The results compare the goodness of fit from the model evaluation between Strategy 1 and B. The LAI showed a
lower fit of simulated values for Strategy B compared to Strategy 1, indicated by a higher MAE and a far lower EF.
Conversely, the simulated values showed a stronger overall correlation to observed values indicated by a higher R 2
(Fig. B3-A,B).
Interestingly, the leaf number was associated with a lower MAE and a greater EF higher for Strategy B.
However, from the distribution of points, the consistency in simulations was lower for Strategy B, further supported
by a lower R2 value (Fig. B3-C, D). Additionally, a vertical line was observed for Strategy B, meaning that for
different observed values in the reference data, the model simulated the same values (Fig. B3-D).
Although the simulated values of Strategy B for plant height, looked more representative of the reference
data, indicated by an apparently closer fit to the 1:1 line and a greater R 2, this was not supported by the MAE and EF
(Fig. B3-E,F). Similarly to the LAI, the results for the AGB from Strategy B were generally under-simulated in
comparison to Strategy 1. All three efficiency criteria indicated a poorer simulation (Fig. B3-G, H).
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Figure B2: Goodness of fit between the estimation strategies using 8 environments in calibration (S1) and using 12
environments (SB) A) LAI S1, B) LAI SB, C) Leaf number S1, D) Leaf number SB, E) Plant height S1, F) Plant height SB,
G) AGB S1, H) AGB SB. S1: Strategy 1, SB: Strategy B, LAI: leaf area index, AGB: dynamic aboveground biomass. The
1:1 line indicates best possible fit (blue line) and the regression line of the data points is indicated by the red line. White
boxes indicate efficiency criteria. From the top: R2, MAE, EF.
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Discussion:
The goodness of fit from all four traits considered showed that Strategy 1 resulted in better simulations than Strategy
B. There were some indications arguing the opposite trend, such as a higher EF score for the leaf number. However,
the quality of results were questionable as a vertical line may indicate a simulation error. In addition, the leaf number
was very well simulated in the original study and changes in this trait will not improve overall model performance. A
lack of improvement was observed for Strategy B for the key traits LAI and AGB and these results may be due to a
small dataset represented by only one cultivar.
There was a considerable change in the simulations of plant height, represented by the distribution (Fig. B3-F).
The perceived inconsistency between the appearance of the plot and the efficiency indicators served as an example of
how visualising the data can be misleading. It may also indicate that other efficiency criteria could be considered to
provide additional information not captured by the current ones.
The choice of cultivar may have influenced the outcome as 621B had one of the highest initial fitness scores in
Strategy 1, although this was mainly reflected in the final traits not considered here. (Appendix A10, Table R2).
Regardless, the analysis should be done considering all cultivars before any conclusions can be made. Including all
the cultivars will also provide sufficient reference points to evaluate the grain yield and final biomass as well, which
are key indicators of model performance.
Because the aim of this study is to calibrate the model for use on a regional level, it is pivotal that Samara is
capable of predicting crop performance in new environments and for future years. This initial test demonstrated that
the number of environments included in the calibration will have an effect on the model performance. Although not
clear from the results, there may have been larger ranges in observed parameter values for Strategy B compared to 1.
This could be further investigated, for example by performing an estimation similar to Strategy 2 for the twelve
environments considered by Strategy B.
A greater heterogeneity in the environments in the calibration would add difficulty in performing model
evaluation of estimations similar to Strategy 3 and 4. Because of a higher variability in parameters identified the
calibration, it would be more challenging to justify assigning specific parameter values from the observed range to
environments on a regional level. In other words, a more developed framework for comparing the variability and
conditions between environments would be needed. Examining the distribution in parameter values may provide
additional information in this regard.
Conclusion:
Including a higher number of environments in the calibration did not improve results from the evaluation. This may
have been due to only one cultivar having been included and results should not be interpreted as conclusive. Future
studies should consider all cultivars and possible examine in more detail the effect of both greater and lesser ratios of
environments considered in the calibration and evaluation. Additional attention should be given to the range and
distribution in parameter values obtained in calibration.
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Appendix C
Evaluating two methods of selection of parameter values used in the model evaluation.

Despite obtaining a lower fitness score, output from the model evaluation falsified the initial hypothesis that Strategy
3 and 4 improved the overall model performance. The evaluation process made use of the parameter set derived from
calibration. In the case of Strategy 3 and 4, the specific parameters selected resulted in a different value obtained per
environment included in the calibration. However, the model evaluation required a single value from each parameter
in order to be run. Two separate methods were attempted to determine this value. The first took the median of the
eight values as the standard for all environments during the evaluation (hereby referred to as Method 1). The second
method was the one used in the main study and used the values from the corresponding environments closest to each
environment in the evaluations. (Appendix A5) (hereby referred to as Method 2). While Method to may have been a
more refined method in considering similarities between environments as determinants for best parameter vales, the
selection was based on subjective decisions. For example, environments from the year 2015, which was not
represented by the environments used in original calibration could be assigned either 2014 or 2016. Method 1, on the
other hand, avoided this bias.

The results from the two methods are included below for key traits.
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Figure C1: Goodness of fit between the estimation strategies using different methods for retrieving the parameter values for
evaluation. A) Plant height S3 M2, S1, B) Plant height S4 M2, C) Plant height S3 M1 D) Plant height S4 M1, E) TAGB S3
M2, F) TAGB S4 M2, G) TAGB S3 M1, H) TAGB S3 M1. S3: Strategy 3. M1: Method 1 (median value used). M2: Method
2 (specified value used). TAGB: final aboveground biomass. The 1:1 line indicates best possible fit (blue line) and the
regression line of the data points is indicated by the red line. White boxes indicate efficiency criteria- From the top: R2,
MAE, EF.

The model evaluation of plant height was improved in Method 2 compared to Method 1, indicated by a lower MAE
and higher R2 and EF score (Fig. C1-A,C). However, the same trait was simulated better by considering Method 1 for
Strategy 4. Interestingly, Method 1 resulted in better performance of Strategy 4 than Strategy 3, which was opposite of
the observed trend for Method 2. Simulations of the TAGB were better for Method 2 for both Strategy 3 and 4 (Fig.
C1-E:H). This was also observed for the grain yield (Results not shown).
The results highlight two main points. First of all, the choice of method for assigning parameter values
during model evaluation had a considerable effect on the results. As an example; had Method 1 been the main method
considered, Strategy 4 may have been concluded to have been the better strategy with respect to plant height.
Secondly, Method 2 produced better simulations of the TAGB and grain yield than Method 1. This hints at the values
selected considering similarities in environment were better at representing the specific conditions observed in each
environment. Results can potentially be improved further if the selection method considers this variability in more
detail, with specified priorities during selection.
A disadvantage with Method 2 may be that if using the model for an environment that greatly differs from
those included in the calibration, it would be challenging to choose the correct parameter values. This can be
addressed by investigating the distribution in parameter values. For example, if they are normally distributed the
values may be randomly assigned. If this is not the case, further analysis may identify alternative frameworks for
selection.
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Appendix D
These results are from previous work in the research project and are included to highlight how the results of this study may contribute to the
TPE analysis pipeline. They were not part of the work conducted during the MSc internship.

A supplementary figure from Adam et al (unpublished) is included to illustrate how the TPE analysis can be
performed by using the Samara model. By predicting performance of each cultivar on a regional level, the suitability
ranges can be mapped out. In this case, three patterns of drought stress were identified through a cluster analysis: 1)
plant development was limited by only short term deficit (blue), 2) crops were characterised by post-flowering water
stress (green) and 3) crops were characterised by drought-stress from the early life cycle until maturity (red). The
suitability of each cultivar is indicated on the map, based on the predicted patterns of water stress from model
simulations. For example, CSM63E performed well in most of the region and experienced only short-term drought
stress. IS15401 on the other hand, experienced post-flowering stress in most of the region. This information can be
used to make recommendations for cultivar selection for a given environment.

