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Crop modelling is an essential part of biosystems engineering; selecting or developing a

crop model for a specific application, having its requirements and desires, is difficult if not

impossible without the required domain knowledge. This paper presents a fundamentally

different model selection approach based on biological functionalities. This is enabled by a

common structure, which allows for a combining of components, yielding new models.

This increased design space allows the development of models which are better suited to

the application than the original models. The use of a common structure, and its potential,

are demonstrated by a use-case involving the selection of a tomato crop model for a model-

based control application, but the rationales and methodologies can apply to other crops

and applications as well. In this paper, 27 valid model combinations have been created

from 4 models. In the use-case presented, the models are compared to data originating

from a real system. The predictive performance of a model is quantified by the Root-Mean-

Squared-Error (RSME) between the predictions and data. One trade-off is model accuracy

versus computational speed. With the model set used, a 13% decrease in RSME was ob-

tained by allowing a 7.5% increase in model computation time compared to one of the

original models.

© 2019 Published by Elsevier Ltd on behalf of IAgrE.
1. Introduction

The Netherlands is one of the biggest exporters of vegetables

in the world, but this comes at a price. Cultivation of these
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vegetables consumes energy, making the Dutch horticultural

industry a major consumer of fossil fuels. The Dutch horti-

cultural industry signed an agreement with the Dutch gov-

ernment to continuously decrease its environmental footprint

to 2020 (van der Velden & Smit, 2017). To attain such
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Notation

Symbols

yb crop biomass production

yy crop fruit production

T temperature

R radiation

C CO2-concentration

xA assimilate buffer

xS biomass buffer

D multiplicative perturbation

fc relationship between crop production and

climate factors

p crop photosynthesis rate

gr crop growth respiration

m crop maintenance respiration

h harvest rate

g crop assimilate partitioning

Acronyms

RMSE Root-Mean-Squared-Error

Subscripts

nom nominal value

end last value in series
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improvement, new innovations such as automatic control

aimed at improving energy efficiency of cultivation are

currently being developed (van Straten & Van Henten, 2010).

Automatic control can be realised using model-based

controller synthesis, models are used to include relevant

knowledge of the system in the control algorithm. The green-

house system is frequentlymodelled as the interconnection of

a greenhouse climatemodel and a cropmodel (Ramı́rez-Arias,

Rodrı́guez,Guzm�an,&Berenguel, 2012; Tap, 2000; vanBeveren,

Bontsema, van Straten, & van Henten, 2015; Van Henten &

Bontsema, 2009; Van Ooteghem, 2007; van Straten & Van

Henten, 2010; Vanthoor, 2011). The greenhouse climate

model describes the response of the greenhouse climate to

controllable- (e.g. heating pipes) and uncontrolled factors (e.g.

outside temperature). The tomato crop model relates the

growthof the crop to the greenhouse climate, thesemodels are

based on expert knowledge of the physiology of a crop. This

paper focuses on the selection of a mechanistic crop model.

Tomato will be used as example, but the rationales and

methodologies can apply to a wider range of crops.

This paper is written from the viewpoint of a control en-

gineer, rather than an agronomist or crop physiology expert.

The control engineer is characterised by a broad knowledge on

systems and automatic control, but with limited knowledge in

the field of crop physiology. In themodel selection process, the

control engineer imposes requirements and desires onto the

available models to find a proper or the best model for the

application at hand. A wide variety of models is available

(Heuvelink, 1996; Jones, Dayan, Allen, Keulen, & Challa, 1991;

Seginer, Gary, & Tchamitchian, 1994; Vanthoor, 2011). The

aforementioned references show that a model satisfying the
application specific desires and requirements is not always

available. To obtain amodel thatmeets the application specific

desires and requirements, frequently, a new model is created

or amodel is composed fromvarious sources, both approaches

require knowledge in the field of crop physiology not available

to the control engineer. The proposedmodel selection strategy

should enable thosewith limited knowledge in the field of crop

physiology (e.g. control engineers), to select crop models by

exploiting the available knowledge on systems.

A possible approach to model selection is to compare a

subset of models (Ramirez, Rodriguez, Berenguel, &

Heuvelink, 2004) and select the model closest to real data.

Comparisons of tomato crop growth models do exist (Bertin &

Heuvelink, 1993), but, to the best of our knowledge, they are

scarce compared to the number of models. In (Tap, 2000; Van

Ooteghem, 2007) a different approach is used: newly devel-

opedmodel components are mixed with existing components

to obtain a model which does meet the requirements and

desires. The latter approach implicitly uses part of a common

structure present in themodel set: similar components across

models exist, which allows for interchanging components.

Inspired by the latter approach, the following fundamen-

tally different approach is adopted; a common structure in

tomato crop growthmodels is used to combine existingmodel

components into new models. The difference with respect to

other presented model synthesis or selection studies as in

(Tap, 2000; Van Ooteghem, 2007) is that the interchange of

components is applied systematically to the complete tomato

crop growth model by means of a common structure and that

it is based on biological functionalities instead of mathemat-

ical equations. By combining knowledge from multiple

models in new ways, the design space is increased allowing

for models which are potentially better suited to the applica-

tion than the original models. The hypothesis tested in this

paper is that a combined model can outperform an original

model, given a performance metric. An additional benefit of a

common structure, according to (van Evert, Holzworth,

Muetzelfeldt, Rizzoli, & Villa, 2005, pp. 745e750), is that it al-

lows for an efficient way of dealing with the complexity of the

models. By leaving out complex details, the structure gains

clarity, allowing those from outside the specific discipline to

analyse and synthesize models systematically.

The contribution of this paper is thus two-fold, firstly a

common structure with standardised interfaces between

components is abstracted and presented by means of block

diagrams and differential equations. The common structure

allows for systematic analysis and synthesis of tomato crop

growth models. Secondly, the common structure is employed

in a model selection procedure to test the hypothesis that

combined models can outperform original models for a given

performance metric. Section 2 presents the models which

form the basis for the common structure and the re-

quirements and desires to the model to be selected. The

common structure is presented in section 3. The results of

decomposing the models based on the common structure and

the model selection procedure will be presented in section 4.

The results are discussed and compared to the real system in

section 5. Section 6 presents concluding remarks.

https://doi.org/10.1016/j.biosystemseng.2019.09.010
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2. Materials & methods

Most tomato crop growth models provide a relationship be-

tween crop production and climate factors, usually tempera-

ture T, global radiation R,CO2-concentration C, and the biomass

production yb and/or the yield of the crop yy. The tomato crop

growth models can be mathematically represented as

�
yb

yy

�
¼ fcðT;R;CÞ; (1)

where fc represents the relation between the inputs and the

outputs. In this paper a model selection use-case is presented,

the aim is to find the best realisation of fc according to the

requirements and desires specified. In subsection 2.1, four

realisations of fc will be discussed which will be used in the

model selection use-case. The requirements and desires for

the use-case are presented in subsection 2.2. One common

requirement for a wide variety of applications is a certain

prediction accuracy of the model with respect to actual sys-

tem, the actual system is represented in the model selection

use-case by data, presented in subsection 2.3.

2.1. Tomato crop models

Four realisations of themodel f c in Eq. (1) have beenchosen, all

designed for different purposes. The four models provide a

relationbetweenany/all inputs (T,R,C) toat least thebiomassyb
andpreferably the yield yy. The fourmodels usedare: themodel

by Vanthoor (2011), the model by Seginer et al. (1994), the

Greenhouse Technology applications (GTa) model and the

model by Heuvelink (1996). For detailed information on the

components the reader is referred to the corresponding publi-

cations. Although arbitrary models could be used, here for the

sake of demonstration, the models have been selected to mini-

mise the number of equal components shared. Also, the avail-

ability of the original model implementation was considered.

Because of this, e.g. TOMSIM was selected instead of TOMGRO

(Jones et al., 1991), as both models have a similar structure and

the original implementation of TOMSIM was available. The re-

sults presented in this paper solely use the components from

these fourmodels, although themethodology presented in this

paperalsoenables the inclusionofmoreextensivesubmodelsof

biological processes (e.g. a photosynthesis model).

By analysing the models and documentation some key

differences between the models can be found. Both the GTa

model and the model by Seginer et al. (1994) do not provide a

mathematical relation for the yield yy, only for the biomass yb.

The Seginer et al. model includes a description for the process

of buffering assimilates c, which is not present in the GTa

model. Themodel by Vanthoor (2011) and TOMSIM do provide

a mathematical relation between the inputs and the yield yy,

these models have a higher level of detail as the biomass of

the crop is split into different parts of the crop. The latter two

models include relations for the partitioning of assimilates as

well as for fruit and leaf harvest.

Although the structures of these models is different they

claim to model the same system. To verify this hypothesis the

sensitivity to certain perturbations is analysed. In the case

that the sensitivities over the different models coincide, the
hypothesis is strengthened. Here, we evaluate the sensitivity

of the biomass prediction yb at the end of the year tend, with

respect to perturbations in the parameters p: temperature T,

radiation R and CO2 concentration C. Inputs T, R and C have

been chosen as they instigate a clear response in the output yb.

Simulations were run for four years of climate data; see

subsection 2.3. The input signals from the climate data are

perturbed with a time-invariant multiplicative factor DT, DR or

DC, the modulus of which were based on the variation in the

average value of the data over the four years. For perturba-

tions in T a range with a step size of 0:05 was used, resulting in

an average perturbation ofz1 �C. For perturbations in R and C,

this amounts to a range with a step size of 0:03 and 0:04,

resulting in an average perturbation of z5W=m2 and

z20 ppm, respectively. The perturbations were run one-at-a-

time: if DRs1 then DT ¼ 1 and DC ¼ 1. The predictions of the

biomass yb, were normalised according to

Dybðtend;pÞ¼ ybðtend;pÞ
yb

�
tend;pnom

�; where Dyb

�
tend;pnom

�¼1; (2)

and shown on the y-axis.

The sensitivities to perturbations in the temperature are

shown in the top row of Fig. 1. Although, the sensitivities to

temperature perturbations are similar, a different trend for

DT < 1 for the TOMSIM model is observed. This shows that

growth inhibition for this temperature (avg. z17:8 �C) is less

pronounced in TOMSIM than in the other models. The sensi-

tivities to perturbations in R are shown in the middle row of

Fig. 1. One can observe coinciding results over the different

models. For the results with respect to the CO2 concentration

an insensitivity in the results of the Seginer et al. model was

observed. The sensitivities of the Vanthoor and TOMSIM

models coincided to a large extent. The coincidence led to a

strengthened belief in the hypothesis that these models

describe the same system.

2.2. Use-case requirements

The application for which a model is to be selected imposed

requirements and desires onto a model fc. The requirements

differentiate between models valid for the application and

models not valid for the application. A model which does not

meet the requirements should not be considered for the

application. This makes some models more desirable than

others and this desirability can be weighted. A model which

performs badly for one or more desires can still be considered

as other desires can compensate. Due to the wide variety of

model applications, a wide variety of requirements and de-

sires exists. The model selection use-case presented here will

focus on two requirements and two desires. The two re-

quirements are:

A. themodel has to bemechanistic, hence the variables

inside the model have to have a clear physical

meaning related to the process being modelled, the

tomato crop,

B. the model has to describe the fruit yield yy.

As themodels presented in subsection 2.1 aremechanistic,

as shown in Fig. 2, requirement A is met for all four models.

https://doi.org/10.1016/j.biosystemseng.2019.09.010
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Fig. 1 e The results of the sensitivity analysis, here yðtend;pÞ is plotted for various perturbations of: T (top row), R (middle row)

and C (bottom row). Each perturbation has been used in simulations for four years: 2011, 2012, 2013 and 2014.
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Combinations of these models are also met A as long as the

semantic interpretation of the signals is maintained in the

combination process. Only the models by Vanthoor and

TOMSIM meet requirement B, however it will be shown that

this does not render the other two models unsuitable in the

proposed model selection process. Other requirements origi-

nating from the control domain are for example: differentia-

bility, linearity, causality.

The following desires were imposed on the model in the

model selection use-case:

1. the model has to be computationally efficient,

2. the model has to provide accurate predictions for the

system being modelled.

Desire 1was quantifiedbyusingmodel computation time, to

this end >90; 000 model iterations were performed for each

component of the system and the execution time was

measured. The number of model iterations was chosen to be

high enough to average out disturbances in execution of the

components. Desire 2 was quantified using inputeoutput data

of the real system. This validation data is discussed in

subsection 2.3. To quantify the prediction accuracy the Root-

Mean-Squared-Error (RMSE) between predictions by the

model and validation data will be used to quantify predictive

performance. The four-year average RMSEwas used to quantify

the prediction accuracy. Another frequent desire, originating
from the control domain, is low state dimension. For some

other applications, the modeller might be only interested in a

k-step ahead performance or the cumulative yield.

2.3. Validation data

To simulate a realisation of fc, the input data: temperature T,

global radiation R, CO2-concentration C is required Eq. (1). The

climate data originated from an experiment described in

(Kempkes, Janse, & Hemming, 2014), where various energy

saving options in greenhouses were investigated in a Venlow

Energy Kas. As part of the experiment the fruit yield yy was

recorded. yy is expressed in fresh weight, a dryematter coef-

ficient of 5:6% (unpublished data) is used to express the data in

dryweight. All comparisonswill bemade based on dryweight.

These measurements will serve as validation data for desire 2

in subsection 2.2. Structural biomass measurements were not

part of the experiment described in (Kempkes et al., 2014). The

aforementioned measurements were recorded over the

period: 2011 to 2014.
3. Common structure

The common structure used is a high-level semantic structure

present in the mechanistic tomato crop growth models. Each

mechanistic tomato crop growth models consists of only (a

https://doi.org/10.1016/j.biosystemseng.2019.09.010
https://doi.org/10.1016/j.biosystemseng.2019.09.010


Fig. 2 e Black: Forrester diagram representation of the models in the model set. Grey: the elements of the common structure

not present in the specific model. To be able to relate the Forrester diagrams to the models, the names of flows and states

have been chosen consistently with the publication(s) of the models. Here: Cbuf , c and BUFFER represent the assimilate

buffer. LAI and L represent the leaf area index, SLA and u represent the specific leaf area. s and GRSUM refer to the total

biomass of the crop, whereas GLV and Cleaf refer to leaf weight, GSO and Cfruit refer to fruit biomass, Cstem, and the

combination GRT, GST refer to the biomass of stem and roots.
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subset of) the components in the common structure. In

subsection 3.1 the Forrester diagrams of the four models

presented in subsection 2.1 will be presented and (a visual

representation of) the common structure is derived. Within

the set of tomato crop growth models different levels of

lumping are used. Subsection 3.2 elaborates on how this is

explicitly integrated in the common structure. A mathemat-

ical representation of the common structure is presented

subsection 3.3.

3.1. Visual representation

The Forrester diagrams (Forrester, 1961) of the fourmodels are

presented in Fig. 2. From these diagrams one can derive the

common structure: the structure that contains the set of all

semantically distinct components in the other models. The

components of the four models have been drawn in black in

Fig. 2. The components of the models have been drawn over

the common structure drawn in grey in Fig. 2. These Forrester

diagrams have been transformed to a block diagram: in Fig. 3,

blocks represent the biological processes. The flows which

appear in the models in the model set have been represented
by signals in Fig. 3. The direction of the arrows in Fig. 3 does

not represent the direction of flow but represents whether the

signal is an input or an output to a specific component. To

model the inputeoutput relationships between components

the modellers use algebraic or differential equations.

For clarity, only the signals originating from the flows are

shown in Fig. 3. There may exist other external inputs (so-

called information signals), but these are not included in Fig. 3

as they are not relevant for capturing the structure. For

example, the photosynthesis block (labelled 1) will e.g. have a

light intensity-input, an external input, that is not shown.

Also, the photosynthesis block will have a leaf area index

input, an information signal, and this also not shown in Fig. 3.

The common structure as presented above is based on the

models in the set andmay therefore not be able to describe all

tomato crop growth models. There exist models that describe

additional processes, e.g. transpiration, as a part of the tomato

crop growth model. By extending the common structure with

such a process, these latter models can also be described.

Here, we continue with the common structure as presented in

Fig. 3 as this structure is sufficient to describe the models in

the set.

https://doi.org/10.1016/j.biosystemseng.2019.09.010
https://doi.org/10.1016/j.biosystemseng.2019.09.010


Fig. 3 e Block diagram representation of the common structure. 1: photosynthesis, 2: growth respiration, 3: maintenance

respiration, 4: accumulating assimilates, 5: assimilate partitioning, 6: accumulating biomass, 7: tomato harvest, 8: leaf

harvest. p represents the assimilates generated through photosynthesis, gr the assimilates used for growth respiration and

g the amount of assimilates converted to biomass. A part of the biomass is used for maintenance respiration m, h1 and h2

describe the harvest of fruit and leafs, respectively.

b i o s y s t em s e n g i n e e r i n g 1 8 7 ( 2 0 1 9 ) 2 4 7e2 5 7252
3.2. Granularity

Granularity indicates to what degree plant parts are lumped. In

this paper three different levels of granularity are defined:

coarse, medium and fine grainedmodels. Models with a coarse

granularity describe the crop biomass as a single weight. The

models by Seginer et al. (1994) and GTa are examples of coarse

models. In models with a medium granularity, such as the

model by Vanthoor, the biomass of the crop is divided into

three weights: the combined mass of the stem and roots, the

mass of the fruits and that of the leaves. In literature the latter

are referred to as big leaf, big fruit models (Vanthoor, 2011).

Models with a fine granularity, like TOMSIM (Heuvelink, 1996),

describe the mass of the crop for separate leaves and trusses,

referred to in literature as small leaf, small fruit models.

The level of granularity is strongly linked to the application

of the model. Models which are used e.g. to predict the fresh

fruit yield of the tomato crop, such as used in (Ramı́rez-Arias

et al., 2012) need medium granularity or higher, as they refer

to a specific part of the crop. Models which are targeted at

explaining the sinkesource relation of different plant parts,

need to be fine-grained.

3.3. Mathematical representation

As a common structure has been found in all tomato crop

growth models, the mathematical model presented in Eq. (1)

can be detailed. From the direction of the signals in Fig. 3

one can observe that the processes of accumulating assimi-

lates (labelled 4) and accumulating biomass (labelled 6),

represent the buffers or states of the system. Writing the

balance equations for the assimilate and biomass buffers,

respectively xA and xS, yields the mathematical representa-

tion of the common structure

�
_xA ¼ pð,Þ � grð,Þ � gð,Þ
_xS ¼ gð,Þ �mð,Þ : (3)

where pð,Þ1 represents the assimilates generated through
1 the $ is used to denote a placeholder for arguments of the
preceding function.
photosynthesis, gr the assimilates used for growth respiration

and g the amount of assimilates converted to biomass. Apart of

the sugars is used for maintenance respiration m. The signals

in Eq. (3) will be functions of external inputs and information

signals, what additional signals are used is not constrained by

the common structure. In Eq. (3) the process of buffering as-

similateswas represented asa buffer, if only a biomassbuffer is

modelled, as is the case for the GTa model, one obtains

_xS ¼pð,Þ� grð,Þ �mð,Þ; (4)

using appropriate unit conversions for the conversion of as-

similates to biomass.

Medium-grained models, such as the model by Vanthoor

(2011), model the biomass of the crop as a combination of three

masses: the mass of the fruits, the mass of the leaves and the

combinedmass of the stemand roots, x3, x1 and x2, respectively.

For medium-grainedmodels Eq. (1) can be detailed to

2
64

_xA

_x1
_x2

_x3

3
75¼

2
664
pð,Þ � grð,Þ �mð,Þ
g1ð,Þ �m1ð,Þ � h1ð,Þ
g2ð,Þ �m2ð,Þ � h2ð,Þ

g3ð,Þ �m3ð,Þ

3
775 (5)

where gð,Þ ¼ P3
i¼1gið,Þ. h1 and h2 describe the harvest of fruit

and leafs, respectively. The state vector will consist of more

components when describing fine-grained models, e.g. a state

per leaf might be added to represent mass per leaf.

4. Results

The four models presented in subsection 2.1 can be

decomposed according to the common structure presented in

section 3. The process of decomposing models is described in

subsection 4.1. After obtaining the decomposed components one

can combine these to form new models. The new models are

compared to the requirements and desires to obtain the model

most suited to the application. In subsection 4.2 the model

combinations are compared based on predictions for biomass

yb, temporarily removing requirement B from the require-

ments and desires presented in subsection 2.2. The model se-

lection use-case, where the model combinations are compared

to the yield of the real system, is presented in subsection 4.3.

https://doi.org/10.1016/j.biosystemseng.2019.09.010
https://doi.org/10.1016/j.biosystemseng.2019.09.010
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4.1. Model combinations

Using the common structure the models presented in

subsection 2.1 can be decomposed into components as

defined in Fig. 3. In this process both the visual representation

(Fig. 3) and the mathematical representation (e.g. Eq. (3)) are

used as a guideline to identify the components in the models

presented in subsection 2.1. As part of this process the algo-

rithm describing the relation between the signals in Fig. 3 has

to be isolated in the implementation. However, as can be

observed in Fig. 2, not all models contain 8 components. Table

1 shows an overview of the extracted components per model

and relevant properties such as the computation time of the

component.

The total number of obtained components is 23. If each

of the 23 components would interface with all other
Table 1 e A comparison on model and component level of the

Granularity Level #Inputs #Outp

GTA

Photosynthesis C 4 1

Accumulating Biomass C 1 1

Total: C

Seginer et al

Photosynthesis C 2 1

Growth Respiration C 2 1

Maintenance Respiration C 2 1

Accumulating Assimilates C 5 1

Accumulating Biomass C 2 1

Total: C

Vanthoorc

Photosynthesis C 5 1

Growth Respiration M 5 1

Maintenance Respiration M 5 3

Accumulating Assimilates M 5 0

Assimilate Partitioning M 3 3

Accumulating Biomass M 8 2

Tomato Harvest M 1 0

Leaf Harvest M 1 1

Total: M

TOMSIMd

Photosynthesis Ce 4 1

Growth Respiration M 4 1

Maintenance Respiration M 8 1

Accumulating Assimilates M/F 12 6

Assimilate Partitioning F 5 6

Accumulating Biomass F 8 1

Tomato Harvest M/F 3 0

Leaf Harvest M/F 4 1

Total:

a A state or memory element; required in the implementation.
b The times, includingMATLAB function call, have beenmeasured during

Dual-Core with 3.7 GB RAM.
c D denotes number of truss development stages.
d T denotes number of trusses, V denotes number of vegetative units, TO

simulation.
e TOMSIM, describes the photosynthetic rate at three different places in
components more than 3000 combined models could be

created. But, due to the different granularity of the models,

see subsection 3.2, not all components can be connected,

decreasing the number of valid models to 27 models with

output yb and 20 models with output yy. One cannot connect

an output to an input with a higher granularity. Vice versa is

possible by means of integration over the plant parts into the

lower granularity signal.

In this paper an eight letter string will be used to refer to

combinations ofmodels. The order corresponds to the order of

processes as denoted in Fig. 3, thus:

1. photosynthesis,

2. growth respiration,

3. maintenance respiration,

4. accumulating assimilates,
models in the model set.

uts #Statesa Mean Execution
Time ½ms�b

Standard Deviation
Time ½ms�

0 0.243 0.259

2 0.180 0.210

2 0.426 0.334

0 0.152 0.023

0 0.155 0.024

0 0.149 0.025

1 0.192 0.036

1 0.175 0.028

2 0.822 0.062

0 0.159 0.169

0 0.156 0.068

0 0.211 0.105

1 0.144 0.085

2 0.263 0.151

4 þ 2D 0.337 0.173

1 0.130 0.089

0 0.155 0.105

8 þ 2D 1.555 0.351

0 0.276 0.747

0 0.128 0.129

2 0.539 0.568

2 0.212 0.277

3 þ 6Tþ 3V 0.586 0.156

3þTþV 0.415 0.078

1 0.158 0.136

0 0.150 0.180

12 þ 7Tþ 4V 2.465 1.124

simulations on aHP Z200Workstationwith Intel Core i5-660 3.33 GHz,

MSIM assumes: V ¼ Tþ 3 Note that T and V are not constant during

the canopy level, this however not considered as medium-grained.
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5. assimilate partitioning,

6. accumulating biomass,

7. tomato harvest,

8. leaf harvest.

For each position, the letter denotes the origin of the

component used: Seginer, Tomsim, Vanthoor and GTa. E.g.

VVVVVVVV refers to the original Vanthoor model, whereas

TSVVVVVV refers to the original Vanthoor model with the

photosynthesis-model originating from TOMSIM and the

growth respiration-model from Seginer. Models with XG,

where X refers to any model, is a model with biomass buffer

from the GTa model. The model SSSS refers to the model by

Seginer. Original models are referred to as a model combina-

tion as well.
Fig. 4 e Predictions of biomass for the year 2012 (top) and 2014 (b

models have been plotted (G ¼ GTa; S ¼ Seginer, V ¼ Vanthoor;

model combinations minus the original models.
4.2. Biomass prediction

Using the input data as described in subsection 2.3, the 27

models with biomass output yb have been simulated. The

resulting predictions are shown in Fig. 4 in terms of dry

weight. The top two graphs show simulations for 2012, the

bottom two graphs for 2014. The left graph shows the original

models, whereas the right graph shows the predictions of all

combinations minus the original models.

4.3. Yield prediction

Using the input data as described in subsection 2.3, the 20

modelswith yield output yy have been simulated. The resulting

predictions are shown in Fig. 5 in terms of dry fruit mass. The
ottom) in terms of dry mass. In the left column the original

T ¼ TOMSIM). The right column presents predictions of all

https://doi.org/10.1016/j.biosystemseng.2019.09.010
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Fig. 5 e Predictions of yield for the year 2012 (top) and 2014 (bottom) in terms of dry weight. In the left column the original

models have been plotted (G ¼ GTa; S ¼ Seginer, V ¼ Vanthoor; T ¼ TOMSIM). The right column presents predictions of all

model combinations (20x) minus the original models.
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model predictions are compared to the biomass of the real

system in dry mass. The distribution of predictions over the

graphs is similar to the distribution in Fig. 4. The RMSE was

calculated for 20 model combinations with yield output yy, for

the four years present in the data set and the result is shown in

Table 2. Also, the End-of-Year (EoY) prediction is compared to

the real data ðpredicted � observedÞ, the average error over the

four years is presented in the last column of Table 2.
5. Discussion

After simulation of all models and their combinations, the

results are discussed. Subsection 5.1 discusses the results

obtained in the context of the model selection use-case and

evaluates the proposed model selection method. Subsection
5.2 discusses the validity of the proposed model selection

method for the case of non-modular components.

5.1. Framework

In the model selection use-case a model had to be found

subject to the requirements and desires presented in

subsection 2.2 from a set of four models, presented in

subsection 2.1. After deriving a common structure for tomato

crop growth models, this structure was used in the model

selection procedure. The design spacewas increased from two

models providing a prediction of yield yy to 20 combined

models. Increasing the chance that a certain model meets the

requirements.

The left graphs of Fig. 5 show the yield predictions by the

original models. The model by Vanthoor predicts fruit

https://doi.org/10.1016/j.biosystemseng.2019.09.010
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Table 2 e Ranking of all valid combinations, based on the average Root-Mean-Square-Error (RMSE) with respect to the
validation data over four years.

Rank Model RMSE2011 RMSE2012 RMSE2013 RMSE2014 Avg2011�2014 Std2011�2014 EoY2011�2014

1 TSVVVVVV 0,084 0,183 0,273 0,264 0,201 0,088 �0,511

2 VVVVVVVV 0,339 0,253 0,185 0,149 0,231 0,083 0,028

3 TTTTTTTT 0,284 0,397 0,465 0,463 0,402 0,085 �0,903

4 VSVVVVVV 0,565 0,456 0,304 0,325 0,412 0,122 0,495

5 TVVVVVVV 0,298 0,400 0,481 0,504 0,421 0,093 �0,932

6 TSSTTTTT 0,400 0,496 0,662 0,622 0,545 0,120 �1,459

7 VTTTTTTT 0,518 0,601 0,643 0,738 0,625 0,091 �1,278

8 VSSTTTTT 0,580 0,674 0,738 0,802 0,698 0,095 �1,531

9 SSVVVVVV 0,794 0,877 0,859 0,969 0,875 0,072 �1,730

10 SVVVVVVV 0,848 0,924 0,927 1,034 0,933 0,076 �1,844

11 GVVVVVVV 0,997 1,077 1,096 1,178 1,087 0,074 �2,116

12 GSVVVVVV 1,076 1,159 1,171 1,255 1,166 0,073 �2,264

13 STTTTTTT 1,124 1,253 1,132 1,241 1,188 0,069 �2,376

14 SSSTTTTT 1,121 1,284 1,251 1,367 1,256 0,102 �2,750

15 GTTTTTTT 1,333 1,437 1,409 1,490 1,417 0,066 �2,283

16 VSTTTTTT 1,552 1,568 1,414 1,229 1,441 0,157 2,683

17 TSTTTTTT 1,552 1,568 1,414 1,229 1,441 0,157 2,683

18 GSTTTTTT 1,913 1,976 1,043 1,105 1,509 0,504 �2,973

19 GSSTTTTT 1,480 1,603 1,564 1,718 1,591 0,099 �3,240

20 SSTTTTTT 1,913 1,976 1,990 2,130 2,000 0,092 �3,868
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harvesting too soon, possibly due to a different harvesting

strategy embodied in the real data. For both 2012 and 2014, the

model by Vanthoor predicts the yield response well, TOMSIM

underestimates the yield later in the year (after June). The

original models, as well as the decomposed components have

not been calibrated for this specific data set. The original

models were, however, all validated in an experiment using

Lycopersicon esculentem, the reader is referred to (Heuvelink,

1996; Seginer et al., 1994; Vanthoor, 2011). The challenge that

comes with the calibration of these models for this study will

be discussed in more detail in subsection 5.2.

In Table 2 it can be observed that the model combination

TSVVVVVV outperformed the original models: TOMSIM, and

the model by Vanthoor, based on RMSE. The model combi-

nation TSVVVVVV decreased the RMSE over the four years by

13% on average with respect to the original Vanthoor model.

Note however that the standard deviation over the four years

is higher. The model combination TSVVVVVV does increase

the execution time of the model with 0:116 ms, which is an

increase of 7:5% with respect to the execution time of the

original Vanthoor model. The execution time for model

combinations is obtained from Table 1, summing over the

employed components. Both desires stated in subsection 2.2

have been quantified, it is now up to the modeler to trade-

off execution time to accuracy. Although, the performance

metric used in this paper is average RMSE, the authors would

like to point out the average EoY performance of the original

Vanthoor model was 28 g.

Comparing this model selection procedure to those in e.g

(Tap, 2000; Van Ooteghem, 2007), less plant physiological

domain knowledge is required. The structure of the crop

model is embedded in the common structure and defines the

component interfaces, for the tests above this process was

completely automatic, leaving only checking the re-

quirements and desires to the modeller.

This approach is extendable along multiple dimensions.

First of all, decomposing more models will lead to even more
combinations and an increased design space. Also, models of

single processes can be included in the model selection pro-

cess, as these can be interchanged with components of com-

plete models Eq. (1). One other interesting direction is the

extension towards multiple crops, as other crops function

similar at this level of abstraction, the common structure

might transfer to one for many crops.

5.2. Modularity

In Fig. 4, one can observe that the spread in predictions around

mid-November increases drastically when combiningmodels,

whereas the components of these combined models are all

calibrated. This implies that the components are not suffi-

ciently modular to be interchanged.

We hypothesise that the non-modularity is due to the non-

identifiability of the tomato crop growth model’s parameters.

Not all the parameters in the models can be uniquely deter-

mined if the calibration of these models is solely based on

input (climate) and output (biomass or yield) data. The authors

of this paper therefore refrain from calibrating these models

and use them exactly how they were published and validated.

The left graphs in Fig. 4 show the inputeoutput behaviour was

captured well, but when interchanging e.g. the photosyn-

thesis module of GTa into one of the other models one can

observe these combined models will underestimate the

amount of biomass. Underestimating the photosynthesis rate

in GTa is compensated for in the process of accumulating

biomass of GTa; as can be observed from Fig. 4, TG over-

estimates the biomass production.

The tomato crop system is a complex system and when

modelling this mechanistically it leads to large models with a

large chance of achieving non-identifiability. If one is inter-

ested in only the inputeoutput performance, i.e. climate to

yield or biomass, these models can be calibrated with relative

ease. Whenever one relies on the modularity of the model in

predicting intermediate signals, as the presented model
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selection approach does, then one has to ensure calibration is

done at component level, or at a level where the system is

identifiable. Calibration at component level is, however, not

always possible and sometimes not possible for all compo-

nents, e.g. measuring growth respiration might be achieved

only by combining multiple measurements.
6. Conclusion

In this paper a common structure with standardised in-

terfaces between components has been derived based on the

Forrester diagrams of a subset of tomato crop growth models.

The common structure has been presented in the form of a

block diagram and differential equations. The common

structure allows for systematic analysis and synthesis of to-

mato crop growth models. In the use-case presented, 27 valid

model combinations have been created from 4 models using

the knowledge in the existing models, 18 models met the re-

quirements. Using the standardised interfaces from the

common structure, generating the models was done auto-

matically and thus systematically. To obtain a measure for

performance, the models are compared to data originating

from a real system. The hypothesis that combinedmodels can

outperform original models for a given performancemetric, is

fulfilled as a better model has been found, performing better

in two out of the four years tested for. From the simulation of

combined models we find that one has to pay attention to the

modularity of the obtained components, if one is interested in

more than only the inputeoutput relation of the tomato crop

growth model. Adding more models to the common structure

will increase the number of possible combinations and the

chance that a model better suits the requirements and desires

through an increased design space.
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