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Societal Summary

Partially thanks to the present-day human diet, the production of food requires
a vast amount of resources (e.g. water, land) and results in a vast amount of
greenhouse gas emissions. In order to sustain not only a growing population
but also the planet, we have to produce more food while using less resources
and emitting less greenhouse gasses. By growing crops in greenhouses, more
fruit and vegetables can be produced, but also more resources are used and more
greenhouses gasses are emitted. Even though the production of fruit and vegetables
in greenhouses is becoming more sustainable, the sector still uses a considerable
amount of gas and electricity to create a, more than, favourable climate for the
crop.

In the last few decades, the indoor climate of the greenhouse has been subject
to optimisation, to obtain not only a better, but also more sustainable cultivation.
The climate in most greenhouses is controlled by climate control computers which
mostly rely on grower-defined heuristic rules. The evaluation of these rules results
in the controls to the greenhouse, i.e. opening/closing the windows, enabling the
heating, injecting CO2 and/or closing the screens. Designing these rules typically
requires a lot of experience.

In this thesis the rules that constitute the climate control are replaced by an
algorithm that determines the controls to the greenhouse. The proposed algorithm
uses mathematical models of the energy management system, artificial lighting,
greenhouse climate and the crop, to predict the effect of the controls on the return
for the grower. The models describe, for example, how an increase in the heating
will result in an increase or decrease in return, later. Using this algorithm, the
optimal controls to the greenhouse are selected, optimal in the sense that the return
of the grower is highest. This thesis focuses on the selection of models suitable for
the aforementioned purpose and the evaluation of the effect of uncertainties in the
weather forecast and product price forecast.

Using a computer model of a greenhouse, the performance of the proposed
algorithm was compared to the performance of an average grower. The results of
this comparison do not only suggest an increase in the return of the grower but also
a decrease in CO2 emissions. Hence, more food can be cultivated while emitting
less greenhouse gasses.



ii

To improve its sustainability, the greenhouse horticultural sector is increasingly
using LED lighting to provide extra light when e.g. the light level is not optimal.
Using the developed computer models, the benefits of LED lighting in an optimally
controlled greenhouse have been evaluated. The simulations suggest that the use
of LED lighting results in a 30 % decrease in carbon footprint.

The simulations above, however, assume that the weather for the coming 3
days can be perfectly predicted. Moreover, these simulations also assume that the
product price for the coming 60 days can be perfectly predicted. This, however, is
not true in practice. This thesis therefore also evaluates the effect of errors in these
predictions on the return for the grower and the carbon footprint of the greenhouse.
The results suggest that realistic errors in both predictions, evaluated separately,
do not significantly affect the return for the grower and the carbon footprint of the
greenhouse.

Before the proposed algorithm can be used in common practice, the results
obtained in the simulations have to be validated in an experiment with a real
greenhouse. The simulations in this study assume that the mathematical models
perfectly predict the behaviour of the greenhouse and its crops. Perfect models,
however, do not exist. The recommended experiments will show if the selected
models are sufficiently accurate for the purpose of controlling a real greenhouse.



Summary

Model Selection and Optimal Control Design for Automatic Greenhouse
Climate Control

The Netherlands is one of the biggest exporters of vegetables in the world, this,
however, comes at a price. In 2018, the Dutch horticultural industry consumed
100.5 PJ, which resulted in a CO2 emission of 5.7 Mt. The Dutch horticultural
industry signed an agreement with the Dutch government to decrease the CO2

emission and its environmental footprint. Among other innovations, automatic
control can be used to achieve the goals set in the Dutch agreement and create a
more sustainable cultivation worldwide. This research focuses on analysing and
working on the challenges that impede the implementation of optimal greenhouse
control in practice.

Optimal Control methods such as receding horizon optimal control (RHOC)
build upon an accurate yet computationally efficient model of the controlled system.
To be able to select a suitable tomato crop growth model, model selection techniques
employed in the state-of-the-art have been analysed and generalised. The latter
generalisation resulted in a common structure for crop growth models. The common
structure enables the evaluation of models that are composed of components of
existing models in a structural approach, insightful also for researchers with a
systems background.

After a crop growth model was selected, it was combined with a model of the
greenhouse climate, artificial lighting systems and power generation to arrive at
a model suitable for the control of the greenhouse climate. The latter model was
employed in a simulation study to quantify the benefit of using LED lighting in an
optimally controlled greenhouse system as compared to HPS lighting. The choice
of models allows for the optimisation of a purely economic objective function,
without penalty functions. The simulation study suggests a cost decrease of 10 %
for the optimally controlled greenhouse compared to the state-of-the-practice. The
simulation study also suggests a 9 % decrease of the costs for a greenhouse with
LED lighting as compared to a greenhouse with HPS lighting, as well as a 30 %
decrease in carbon footprint.

A significant part of this research focuses on common assumptions in the state-
of-the-art publications.
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The weather prediction, for the length of the receding horizon, is often assumed
to be equal to the realisation of the weather. In order to quantify the effect of this
assumption, a stochastic model was created to describe the forecast error in the
weather forecasts from the Royal Netherlands Meteorological Institute (KNMI).
The effect of the forecast error on the performance of the greenhouse system was
quantified for the original forecasts by the KNMI and for forecasts updated with
the information of the weather sensors. A receding horizon optimal controller
with an update rate of 15 min, in combination with forecasts from a Dutch weather
forecasting service, was able to mitigate the effect of the forecast error to 2 % of the
maximal attainable performance. Additionally, a scenario-based RHOC approach
was employed to explicitly include the uncertainty in the development of the
optimal control trajectories. Due to the increased conservatism in this approach, i.e.
the constraints had to be met for all scenario’s, a significant increase in the carbon
footprint was observed.

Predictions for the product price are uncommon. In the literature, the product
price is therefore often assumed to be equal to an earlier realisation of the product
price. To assess the influence of product price forecast errors on the performance
of the controlled system, modifications to an existing fruit development model are
proposed. The fast timescale (greenhouse climate) and the slow time-scale (crop
and fruit development) present in the greenhouse system complicate the application
of RHOC by increasing the required number of time instances in the prediction
horizon, resulting in a computationally less tractable problem. By rephrasing
the control problem and assuming the fruit buffers operate in steady-state for
the largest part of the growing season, modifications to an existing model were
proposed which allow for the application of RHOC with a horizon shorter than the
fruit growth period. Simulations using the proposed model suggest that the effect
of the product price forecast error on the control actions and the performance of
the greenhouse is not considerable.

With the research described in this summary, we hope to have contributed
to the implementation optimal greenhouse control into the state-of-the-practice.
Summarised, the contributions of this research are:

• A common structure in tomato crop growth models with standardised inter-
faces between components is abstracted and presented by means of block
diagrams and differential equations.

• A control-oriented model, capable of describing how the inputs to the green-
house system affect the crop growth and production is proposed and the
interconnection is validated using data representing the state-of-the-practice.

• An optimal control algorithm is proposed which, relying on the control-
oriented greenhouse system model, can control the greenhouse system in
order to maximise a purely economic objective function.

• The effects of different artificial lighting systems employed in the greenhouse
system are analysed, and conclusions are drawn with respect to the potential
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economical benefits and carbon footprint reduction of LED lighting in tomato
greenhouses.

• An evaluation of the performance decrease of the optimally controlled green-
house system due to non-zero weather forecast errors.

• An evaluation of the performance decrease of the optimally controlled green-
house system due to non-zero product price forecast errors.
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Chapter 1

Introduction

1.1 Feeding the World

The world’s population is growing at a fast pace. At the time of writing (2020), the
world’s population is estimated to be 7.7 billion (Nations, 2019) and increasing at
a rate of approximately 80 million per year, see Figure 1.1. Even though growth
is expected to level off at around 10.8 billion in 2100, this prediction still implies
a 40 % increase with respect to today’s population. Every individual, among the
current 7.7 billion, needs to be nourished every single day. Producing enough food
to feed the world is a challenging task and, with a population growing at this rate,
it will remain at least as challenging in the years to come.

But not only the sheer number of people challenges the food production. We
are witnessing a large growth in the average calorie intake per person. In 1970, a
population of 3.6 billion consumed 2400 calories per day per person on average.
In 2013, a population of 7.2 billion consumed 2884 calories per day per person
on average (FAOSTAT, 2020), see Figure 1.1. This constitutes a 140 % increase
in consumed calories over the course of 43 years. Along with the increase in
calorie intake, obesity has become one of the largest health problems through e.g.
cardiovascular diseases (WHO, 2020). This means that not only we will have to
produce more food, but also healthier food.

Moreover, due to changing dietary preferences, food production has become less
efficient and is thus consuming more resources. For example, in the US, 1187 Pcal
of animal feed is used to produce 83 Pcal of edible animal products, such as eggs,
dairy and pork (Shepon, Eshel, Noor, & Milo, 2016). For every kcal of beef, 33.3 kcal
of feed is used. Worldwide 36 % of all the calories produced by crops are used as
animal feed. A part of the animal feed is also part of the human diet. It is estimated
that if the human diet is changed to fully plant-based, that is, all consumed calories
are crops, an additional 4 billion people could be fed (Cassidy, West, Gerber, &
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2 Introduction

Figure 1.1. The size of the world population ( ), a prediction of the population
to 2100 ( ) (Nations, 2019) and the average daily calorie intake over the world
population ( ) (FAOSTAT, 2020).

Foley, 2013; Shepon et al., 2016). The dietary preferences and associated resource
consumption of a country correlate positively with its gross domestic product (GDP)
(Tilman, Balzer, Hill, & Befort, 2011). As the GDP of developing countries is
expected to grow, so will the pressure on the food production.

Greenhouse gas emissions reflect the use of resources. Greenhouse gas emissions
related to the production of animal products are considerably larger than those
for plant-based products. The supply chain of animal products emits on average
20 kg of CO2 equivalents per 1 kg of product, for plant-based products this number
ranges from 4 kg of CO2 equivalents per 1 kg of rice to 0.9 kg of CO2 equivalents per
1 kg of peas (Poore & Nemecek, 2018). In total, the livestock sector is estimated
to emit 7.1 Gt of CO2 equivalents per year, which is 14.5% of the human-induced
emissions (Gerber, 2013).

Another fact to take into account is that land and fresh water are becoming
increasingly more scarce. Of the Earth’s habitable land, 50 % is designated for
agriculture, compared to 1 % of the habitable land designated for urban and built-
up land. The agricultural area increased from approximately 1 billion hectares in
1700 to 4.7 billion hectares in 2016 (Ritchie & Roser, 2013). While on average 10.1
people can be fed per hectare when consuming the produced calories, currently
only 6 people are fed per hectare. The remaining calories are destined for animal
feed, bio fuels or other non-food products. Worldwide 66 % of the fresh water
withdrawals are for irrigation (Poore & Nemecek, 2018).

From this discussion, it is clear that in order to sustain not only a growing
population but also the planet, numerous challenges must be faced at once. Not
only the human diet has to be changed, but we also have to produce more food while
using less resources and reduced greenhouse gas emissions. This chapter continues
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with an evaluation of the various directions available for a more sustainable food
production in agriculture.

1.2 Agriculture

Most of the world’s food supply results from agricultural practices. According to
the Collins English Dictionary, agriculture is defined as

the science or occupation of cultivating land and rearing crops and livestock; farming;
husbandry.

Agriculture emerged in the Agricultural revolution (10.000 B.C.), in order to
nourish larger populations through avoidance of risk concerning seasonal conflicts
in resource availability and the availability of wild food (Fuller et al., 2014).

How can agriculture match the demand for food as set out at the start of this
chapter? For decades an agricultural production increase was achieved through
increasing the amount of land destined for agricultural activities (Godfray et al.,
2010). Land is increasingly used in unsustainable ways, e.g. accelerating soil
erosion, which causes land to become unusable for agricultural activities (Lal,
2008). Now that the available land is decreasing, a sheer increase in land for
agricultural activities becomes more costly due to competing interests (Koohafkan,
2011).

In Brundtland (1987), sustainable development in the context of satisfying
human needs, among which is food, is defined as

development that meets the needs of the present without compromising the ability of
future generations to meet their own needs.

Oberč and Arroyo Schnell (2020) present various approaches to achieve a more
sustainable agriculture, such as sustainable intensification (Godfray et al., 2010),
e.g. through the application of integrated farming tools (Day, Audsley, & Frost,
2008), precision farming (Pinaki Mondal & V.K. Tewari, 2007; Finger, Swinton,
El Benni, & Walter, 2019) and intercropping (Brooker et al., 2015) and vertical
farming (Eigenbrod & Gruda, 2015). A couple of these activities are illustrated
in Figure 1.2.

To protect crops from adverse climate conditions, e.g. hail, rain and low
temperatures, a structure can be placed over the crops to provide shelter from these
climate conditions. Because of the protective property of the structure, this type of
cultivation is referred to as protected agriculture (Ponce, Molina, Cepeda, Lugo, &
MacCleery, 2014). In 2014 in Europe, 42 800 ha was devoted to the cultivation of
2.65 Mt of fresh tomatoes under glass or cover. Worldwide, 3 414 353 ha is devoted
to the cultivation of vegetables under any form of cover, on 497 815 ha of which, the
cover is provided through a permanent structure covered with glass or plastic. The
latter are referred to as greenhouses. The next section will detail the concept of
food production in greenhouses. The aim of the research presented in this thesis is
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(a) Aerial view of various strips of different pro-
duce (© Ricardo Gomez Angel)

(b) Food grown indoors in a vertical farm, solar
light is replaced by artificial light (© RAEng)

Figure 1.2. Various approaches to achieve a more sustainable agriculture.

in the context of the sustainable intensification of food production in greenhouses
through the application of integrated farming tools.

1.3 Greenhouse Horticulture

Greenhouses are constructions that provide shelter for fruits, vegetables and flowers.
These measures, to protect crops from the adverse climate conditions, date back
to the time of the Egyptians. The constructions protecting plants against adverse
climatic conditions used thousands of years ago, are pale in comparison to the
high-tech greenhouses nowadays, see Figure 1.3. The greenhouse aims to isolate
the fruits, vegetables and flowers from the outside climate, protecting the crops
inside from adversarial climate conditions, while allowing the sun’s radiation to
pass through. This protective property allows the production of fruits, vegetables
and flowers which could not have been grown outside at the same location or
at that particular time of the year (Bakker, Bot, Challa, & Van De Braak, 1995).
Greenhouses also provide cover from diseases and pests, decreasing the use of
pesticides and increasing product quality (Bakker et al., 1995). In the last few
decades, the indoor climate of the greenhouse has been subject to optimisation. The
cultivation of the crop can be steered by the grower through controlling the climate
to achieve a better quality and increase production (van Straten & van Henten,
2010; Ponce et al., 2014).

1.3.1 Crop Growth

Irrespective of the objective of the grower, e.g. create a profitable company, cultivate
as many crops as possible whether or not sustainably, the growth of the crop
is essential in any objective. Edible parts of vegetable crops can be fruits (e.g.
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Figure 1.3. Gerberas grown in a high-tech greenhouse. (© Who’s Denilo)

tomatoes and cucumbers), leaves (e.g. lettuce and cabbage), tubers (e.g. potatoes
and artichoke) or roots (e.g. carrots), all of which are the result of a process called
photosynthesis.

The photosynthesis process converts carbon dioxide (CO2) and water (H2O)
into glucose (C6H12O6) and oxygen (O2) using photosynthetically active radiation
(PAR).

C OO

carbon dioxide

H
O

H

water

O O

oxygen

6 6 6

glucose

O

OH

HO

OH

OH

OHPhotosynthesis

Photosynthesis mainly takes place in the leaves of the crop. The resulting glucose is
used to grow the various parts of the crop. In this thesis, the term assimilates will
be used to refer to the glucose produced through photosynthesis. The crop itself
manages the distribution, which hereafter is also referred to as partitioning, of the
assimilates over the various parts of the plant. Partitioning assimilates to the fruits
will improve the short-term yield. However, partitioning to the leaves, will increase
the amount of leaf area and thus photosynthesis, potentially increasing long-term
yield. These mechanisms depend on many factors, among which, the prevailing
climate around the crop. Other factors affecting photosynthesis are, for example,
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the availability water, nutrients and crop management (Heuvelink & Kierkels,
2015). The effect of the greenhouse climate on these mechanisms within the crop
is predicted by various models that have been developed over the last decades
(Jones, Dayan, Allen, Keulen, & Challa, 1991; Koning, 1994; Heuvelink, 1996;
Vanthoor, 2011). These models aim to develop a better understanding of their
mechanisms and to simulate the effect of different prevailing climates. It is through
this improved understanding and experience from trials that we can quantify the
short and long term effects of the climate on crop growth. Photosynthesis is
mainly affected by the amount of PAR, air CO2 concentration and temperature.
Partitioning is affected by the amount of assimilates being produced, temperature
and the weight of various parts of the plant (Koning, 1994; Vanthoor, 2011).

1.3.2 Greenhouse Climate Control

With the rise of models describing the relevant processes in the crop and the rise
of physical models of the greenhouse climate e.g. (Bot, 1983; Udink ten Cate,
1983; de Zwart, 1996), the possibilities to optimise the greenhouse climate also
increased. This led to the development of novel ways to change the climate inside
the greenhouse such as the injection of CO2 and the application of artificial lighting
(Bakker et al., 1995). The PAR emitted by the artificial lighting supplements that
of the sun and allows for the cultivation of crops in areas with below-optimal
light levels. High pressure sodium (HPS) lighting is still commonly used, but
nowadays a trend is visible towards the use of light emitting diode (LED) lighting,
because of its potential benefits on crop development (Ouzounis et al., 2016) and
its higher conversion efficiency (Nelson & Bugbee, 2014). LED lighting produces
more PAR with less energy, which potentially leads to more photosynthesis using
less resources.

The necessary equipment in a greenhouse typically depends on geographical
and economical factors as well as the crop that is being cultivated (van Henten et al.,
2006; Vanthoor, 2011). The greenhouse crop production system that is considered
in this thesis, is a high tech system and is an interconnection of a combined heat
and power (CHP) unit, boiler, heat buffer, artificial lighting, greenhouse climate
system and the crop. Moreover, electricity can be exchanged with the grid and
pure CO2 can be bought in addition to the CO2 produced by the CHP unit and
the boiler. A high-level representation of the components of the system and the
interconnections between components is depicted in Figure 1.4.
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The climate in most greenhouses is controlled by climate control computers
which mostly rely on grower-defined heuristic rules. P(I)-controllers are then used
to regulate temperature, humidity and CO2 concentration within grower-defined
operational bands in a feed-back structure. Outdoor climate variables like solar
radiation are included in these controllers in a feed-forward fashion. A set of rules
enables/disables controllers or changes controller settings to mitigate the effect
of the interaction between various climate variables. For example, controlling
the temperature through heating will also affect the humidity in the greenhouse,
additional rules might mitigate the effect through forced ventilation (Bakker et al.,
1995). Even though the grower is not intensively involved in the regulation of
the set-points, there are still a lot of decisions left to the grower. The manual
"Het Nieuwe Telen" (Geelen, Voogt, & van Weel, 2015) gives an idea of decisions
growers can implement in the control systems.

The regulation of the set-points devised by the grower has received a consid-
erable amount of attention from the research community over the last decades.
Various applications of conventional control approaches to regulate the greenhouse
climate are available in literature such as a linear quadratic regulator for temper-
ature and humidity regulation (van Henten, 1989), H2 control for temperature
and humidity regulation (Bennis, Duplaix, Enéa, Haloua, & Youlal, 2008), H∞
control of the temperature (Sigrimis, Arvanitis, Kookos, & Paraskevopoulos, 1999),
event-based PI controllers for temperature regulation (Pawlowski et al., 2016)
and non-linear feedback control for temperature and humidity regulation (Pas-
gianos, Arvanitis, Polycarpou, & Sigrimis, 2003). Also control approaches based
on fuzzy control are presented for temperature regulation (Caponetto, Fortuna,
Nunnari, Occhipinti, & Xibilia, 2000; Márquez-Vera et al., 2016; Revathi & Sivaku-
maran, 2016), temperature and humidity regulation (Javadikia, Tabatabaeefar,
Omid, Alimardani, & Fathi, 2009; Ben Ali, Bouadila, & Mami, 2018; Boughamsa
& Ramdani, 2018) and optimised fuzzy controllers presented for temperature
and humidity regulation (Lafont & Balmat, 2002). Adaptive control approaches
are also available in literature including adaptive control used for temperature
regulation (Arvanitis, Paraskevopoulos, & Vernardos, 2000; Berenguel, Yebra, &
Rodriguez, 2003), temperature and humidity regulation (Sangwan, Gupta, Tiwari,
Kumar, & Rana, 2019) and temperature and CO2 concentration regulation (Cunha,
2006). Moreover, receding horizon optimal controllers are employed to regulate
the climate to set-points, such as model predictive control (MPC) for temperature
regulation (Coelho, De Moura Oliveira, & Cunha, 2005; Ghoumari et al., 2005;
Chen et al., 2015), hybrid MPC approach for temperature regulation (Montoya,
Guzmán, Rodríguez, & Sánchez-Molina, 2016) and MPC for temperature and hu-
midity regulation (Blasco, Martínez, Herrero, Ramos, & Sanchis, 2007). Also the
field of artificial intelligence (AI) in the context of greenhouse climate control has
received considerable attention, see, e.g. (Luan, Shi, & Liu, 2011). Overviews of
the wide variety of control types applied to control of greenhouses are presented in
(van Straten & van Henten, 2010; Duarte-Galvan et al., 2012; Rodríguez, Berenguel,
Guzmán, & Ramírez-Arias, 2015). Most of these aforementioned approaches to
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regulating greenhouse climate set-points considers the climate set-point as a given.
The approaches do not consider to what extent this set-point is (a) optimal in
the view of rapid fluctuations in the weather and (b) optimal with respect to the
economic aspects of heating and/or CO2 injection (van Henten, 1994, p.244). Also,
greenhouse climate set-points do not only depend on the weather but also on the
price of resources (Bailey & Chalabi, 1994). Similar to the aforementioned works
from literature, the focus will also be on the fast timescales. As opposed to the
aforementioned works from literature, this thesis aims to also describe the relevant
economical, environmental, physical and physiological aspects of the cultivation.

Complementary to the approaches described above, there exists a body of work
that aims to optimise a certain performance criterion by changing the control
strategy, parameterised by, e.g., set-points, based on the behaviour of the crop.
So, focusing on the design of the set-points rather than the regulation thereof.
In the latter approaches the greenhouse dynamics are usually represented by a
quasi-static system, which is used to balance the yield of the crop, with the cost of
maintaining a certain climate. Optimal trajectories for temperature and humidity
set-points (Seginer, Angel, & Kantz, 1986) and temperature and CO2 concentration
set-points (Ioslovich, Gutman, & Linker, 2009) are derived for the cultivation of
tomato, aiming to optimise the grower’s return. Similar approaches have been
applied for temperature and humidity set-points (van Henten & Bontsema, 1991)
and temperature set-points (Seginer, Shina, Albright, & Marsh, 1991) for the
cultivation of lettuce. These approaches employ a static greenhouse climate model.
Ioslovich, Seginer, Gutman, and Borshchevsky (1995) extend the optimisation
of trajectories for temperature and CO2 concentration set-points with feedback
control, to realise the optimised set-points. Similar to the aforementioned works
from literature, (part of the) behaviour of the crop will be included in the control of
the greenhouse climate. As opposed to the aforementioned works from literature,
this thesis aims to directly propose trajectories for the relevant controllable inputs
of the greenhouse system. Consequently, the greenhouse dynamics cannot be
represented by a quasi-static system.

A greenhouse climate control system could be synthesised by selecting a suitable
control approach to regulate the greenhouse climate set-points and a control
approach to optimise these set-points based on the behaviour of the crop, see
Figure 1.5. The resulting approach is, however, still sub-optimal. The literature
on optimisation of set-points does not account for the dynamics of the greenhouse
climate and the regulation of the desired variables to set-points. The literature
on set-point regulation, on the other hand, does not account for the effect of
the greenhouse climate on the crop growth. Control approaches that consider
both parts of the greenhouse crop production system are referred to as integrated
control approaches in (van Straten & van Henten, 2010). The latter approach is
challenging due to the presence of different timescales. The notion of timescales
here refers to the time constants of the systems involved, which determine the
response of the system to perturbations. A system which acts on a fast time scale,
has a low time constant and responds relatively rapid to perturbations. As an
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analogy in the context of linear systems this would correspond to the poles of
the system lying in the far left part of the pole-zero complex plane. A system
which acts on a slow time scale, has a high time constant and responds relatively
slow to perturbations, the resulting response to the perturbation is visible in the
output of the system for a long period of time (Franklin, Powell, & Emami-Naeini,
2015). The control methods that aim to regulate a set-point, focus on the fast time
scale of the greenhouse climate which is in the order of minutes to hours. The
control methods aiming to optimise the set-points neglect the effect of the fast time
scale of the greenhouse climate and focus on the slow timescale of crop growth
(van Straten & van Henten, 2010). As the time constants for the two components of
the greenhouse system, i.e. the crop growth and the greenhouse climate system, are
far apart, the interconnected system will be numerically stiff (van Straten, 2008),
which complicates numerical simulations. Integrated control approaches to the
greenhouse climate control problem are presented in van Henten (1994) in which
optimal control is applied to a lettuce greenhouse. In Tap (2000) receding horizon
optimal control is applied to a tomato greenhouse. The application of integrated
control is simulated in Davis (1984), van Ooteghem (2007) for tomato and in Xu,
Du, and van Willigenburg (2018) to lettuce cultivation. Due to the stiffness of
the interconnected system, these approaches pose a challenge to the numerical
optimisation algorithms. This discussion, on the challenges of the application of
optimal control in greenhouse climate control, is continued in Section 1.4.

climate sensors

control 
inputs

long-term
performance 

criterion slow timescale 
controller

crop sensors

fast timescale 
controller

climate
setpoints

daily
hourly

Figure 1.5. Illustration of the two different control approaches to the greenhouse
climate control problem. The slow timescale controller devises set-points based
on long-term weather predictions and feedback from the crop sensors. The fast
timescale controller regulates the greenhouse climate to the desired temperature
using short-term weather predictions and climate sensors. Figure based on van
Henten (1994).

1.3.3 Sustainability of the Horticultural Sector

Greenhouse horticulture and its ability to intensify production through greenhouse
climate control, is a solution to increase food production. Even though the pro-
duction of fruit and vegetables in greenhouses is becoming more sustainable, the
sector still uses a considerable amount of gas and electricity to create a, more than,
favourable climate for the crop. Cultivation of fruit and vegetables in greenhouses
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in the Netherlands consumes a vast amount of energy. From the total energy of
100.5 PJ consumed by the horticultural sector in 2018, only 7.4 PJ was produced in
a sustainable manner, resulting in a CO2 emission of 5.7 Mt. The energy is used for
heating (77 %) and electricity for artificial lighting(23 %) (Velden & Smit, 2019).
The Dutch horticultural industry signed an agreement with the Dutch government
to decrease the CO2 emission and its environmental footprint (Schouten, 2018).

The research presented in this thesis is part of the LED it Be 50%-program
which aims to reduce energy use in greenhouse horticulture by at least 50% by
the smart use of LED lighting. The reduced energy use is envisioned to be the
result of improved positioning of the LED lighting, improved assimilate partitioning,
improved photosynthesis due to light spectrum and a higher energy conversion
efficiency of the LED lighting. The research presented in this thesis contributes
to the aim of the LED it Be 50%-program through maximising the benefit from
the energy saving properties of LED lighting through the management of climate
conditioning equipment, i.e. greenhouse climate control.

1.4 Optimal Control of Greenhouse Horticulture

This section introduces receding horizon optimal control (RHOC) and discusses
the main challenges in its application to the integrated control of the greenhouse
climate. Optimal control aims to optimise a sequence of control actions for a
dynamical system over the course of a future time interval, in which optimality
is defined using an objective function. In other words, the output of the optimal
controller is the control input applied to the system resulting from an optimisation
problem over a prediction horizon. Within the field of optimal control, model
predictive control (MPC) or receding horizon optimal control (Rawlings, Mayne,
& Diehl, 2017) is an approach in which the control action is obtained by solving
online, at each sampling instance, a finite horizon optimal control problem which
sets the initial state to the current state of the plant (Rawlings et al., 2017). As the
control actions are optimised at every sampling time instant, measurements of the
system can be used to adjust the control action at the next sampling instant to the
state of the system at the current time instance. The optimisation yields a finite
control sequence, and only the first control action in this sequence is applied to
the plant (Rawlings et al., 2017). During the finite horizon, specific combinations
of the inputs and the states of the dynamical system can be prevented through
constraints. Throughout the years the stability, feasibility and optimality properties
of RHOC have received a considerable amount of attention in literature (Mayne,
2014; Rawlings et al., 2017; Faulwasser, Grüne, & Müller, 2018).

In Subsection 1.3.2, relevant aspects of greenhouse climate control are pre-
sented. Although challenges are present in a plethora of relevant fields, such as
modelling, sensors and optimisation (Challa & van Straten, 1991; van Straten,
2008; van Straten & van Henten, 2010), this subsection continues with detailing
two challenges that are inherent in the application of RHOC to the greenhouse
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climate control problem and that are at the base of the research presented in this
thesis.

Challenge 1: the difference in the timescales of the greenhouse system. As
mentioned before, the timescales of the greenhouse climate system are in the order
of minutes to hours. The short time-scale of the greenhouse climate system and
its dependence on the outside weather require a high temporal resolution of the
employed prediction horizon. A high temporal resolution enables the RHOC to
adjust the control actions to fluctuations in the outside climate. These control
actions can be parameterised using decision variables in various ways (Betts, 1998),
but in general an increase in the temporal resolution of the control action results in
an increase in the number of decision variables. The crop system timescales are
in the order of weeks to months, which in a straightforward application of RHOC
will require a long prediction horizon, resulting in an increase in the number of
decision variables. The temporal resolution of the control actions, combined with
the number of inputs and states and the complexity of the model determine the
complexity of the optimal control problem.

Challenge 2: throughout the prediction horizon, the greenhouse system is af-
fected by some uncertain factors such as weather and product prices, see Figure 1.4.
Uncertainties also originate from inaccuracies in the model of the system, and due
to inaccurate measurements of the state of the greenhouse. Additionally, to be
able to calculate the evolution of the states of the greenhouse, and thus the effect
of future control inputs on the objective function of the RHOC, the realisation of
the exogenous inputs (e.g. outside weather and product price) are required. The
weather and product price can be forecasted. However, this introduces uncertainty
into the optimal control problem. The optimised control action is optimal for the
realisation of the variable as forecasted but potentially sub-optimal for the actual
realisation of the variable.

This thesis aims to contribute to the research field through evaluating and
providing (partial) solutions to these two challenges of the application of RHOC
to the control of the greenhouse climate. The selection and adaptation of a
mathematical model of the greenhouse system is inherent in this aim.

1.5 Objective and Contributions

The research presented in this thesis contributes to the development of a green-
house climate control system which maximises the benefit from the energy saving
properties of LED lighting through the management of climate conditioning equip-
ment. One of the foci of the research presented in this thesis is on the sustainability
of greenhouse horticulture.

This thesis presents a computationally efficient application of receding horizon
optimal control to greenhouse climate control. The proposed control approach
considers both parts of the system, i.e. the crop and the greenhouse. The focus,
however, will be on the fast timescales of the system as these, to a large extent,
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determine the sustainability of the cultivation. Throughout the controller design
process, this thesis contributes to the field of model selection and optimal control
design for greenhouse climate control. Additionally, using the proposed control
approach, this thesis presents simulation studies to evaluate the benefit due to
the energy saving properties of LED lighting through the management of climate
conditioning equipment, and the effect of forecast uncertainty on the performance
of the controlled greenhouse system. Summarised, the objective of this thesis is

to select and adjust models for the purpose of receding horizon optimal control for
automatic greenhouse climate control and to evaluate the effect of forecast uncertainty

on the performance of the controlled system.

The remainder of this section treats the contributions to the field of model selection
and optimal control design, the contributions of the simulation studies are treated
afterwards.

1.5.1 Contributions: Model Selection

Contribution 1. A common structure in tomato crop growth models with standard-
ised interfaces between components is abstracted and presented by means of block
diagrams and differential equations.

A tomato crop growth model describes how crop growth is affected by the prevail-
ing greenhouse climate. It generally describes how glucose is assimilated through
photosynthesis and partitioned over the various parts of the crop. A wide variety
of models is presented in the literature (Jones et al., 1991; de Koning, 1993;
Seginer, Gary, & Tchamitchian, 1994; Heuvelink, 1996; Vanthoor, 2011). The
aforementioned references convey that a model satisfying the application specific
desires and requirements is not always available. A structure that is common
to these models could support the model selection process through enabling the
synthesis of new models based on components of existing models. The common
structure can be expressed in standardised interfaces between components and
assimilate balance equations. A common structure supports the model selection
process through allowing the interchange of components that e.g. do not have the
desired properties, with similar components from other tomato crop growth models
which have the desired properties.

This research aims to answer the research question: does there exist a common
structure in tomato crop growth models and can it be used to create viable tomato crop
growth models? In order to answer this research question, existing tomato growth
models are analysed to find a common structure. The common structure is then
used to methodically create new models from the existing tomato growth models.

Contribution 2. A control-oriented model, capable of describing how the inputs to
the greenhouse system affect the crop growth and production is proposed and the
interconnection is validated using data representing the state-of-the-practice.
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The purpose of the greenhouse system model employed in this research is to
provide a description between the most common inputs to the greenhouse related
to the greenhouse climate and (a) their associated economic costs, (b) associated
environmental costs (e.g. contribution to the carbon footprint) and (c) their effect
on the yield of the crop. In the literature there are models describing the various
parts of the greenhouse system. The energy management system manages the
generation and potentially storage of heat, electrical energy and CO2 (de Zwart,
1996; van Ooteghem, 2007; Seginer, van Beveren, & van Straten, 2018; van Bev-
eren, Bontsema, van Straten, & van Henten, 2019). The greenhouse climate system
model describes how the greenhouse climate is affected by controllable inputs such
as artificial lighting as well as uncontrollable inputs such as the outside weather
(de Zwart, 1996; Vanthoor, 2011; van Beveren, Bontsema, van Straten, & van Hen-
ten, 2015b; Katzin, van Mourik, Kempkes, & van Henten, 2020). Also various
models describing the growth of the crop exist, see Contribution 1. Typically these
models are developed with a purpose, e.g. simulation, education or strategic man-
agement that is different from that of control (Boote, Jones, Hoogenboom, & White,
2010). A control-oriented model, in this research, is characterised by favourable
properties for control by receding horizon optimal control, i.e. no switching struc-
tures, the function describing the model is twice continuously differentiable and no
time-varying system dimensions (van Straten, 2008).

This research aims to answer the research question: can a control-oriented model
be derived that focuses on the fast time constants and that describes the economical,
environmental, physical and physiological aspects of a cultivation with a fully grown
crop? What is the accuracy of this model? In order to answer this research question,
models are selected, adjusted and proposed for the various parts of the greenhouse
system. The model is compared to the data representing the state-of-the-practice
in a season-wide simulation. Additionally, a fundamentally different approach to
model fruit development is presented.

1.5.2 Contributions: Optimal Control Design

Contribution 3. An optimal control algorithm is proposed which, relying on the
control-oriented greenhouse system model, can control the greenhouse system in order
to maximise a purely economic objective function.

In most integrated control approaches for greenhouse climate control, the
objective function is of an economic nature (van Henten, 1994; Tap, 2000; van
Ooteghem, 2007). This implies that the objective function should describe the
economic contribution of all possible combinations of inputs and states of the
system. If the latter cannot be achieved, because of unmodelled behaviour, these
combinations of inputs and states of the system should be prevented by adding
explicit constraints to the optimisation problem. This, however, might result in
conservative behaviour. A compromise would be to penalise the occurrences of
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possible combinations of inputs and configurations of the systems through artificial
penalties in the objective function.

This research aims to answer the research question: to what extent can automatic
control improve the grower’s return during the cultivation of a fully grown tomato
crop? In order to answer this research question, a control algorithm is designed
which, relying on the control-oriented greenhouse system model, can control the
greenhouse without penalty functions and only a limited set of constraints on top of
those that describe the valid domain of the used models. The control algorithm is
based on RHOC, an optimal control approach in which the optimal control strategy
is recomputed at every sampling instance after which only the first element is
applied to the system.

1.5.3 Contributions: Simulation Studies

Contribution 4. The effects of different artificial lighting systems employed in the
greenhouse system are analysed, and conclusions are drawn with respect to the po-
tential economical benefits and carbon footprint reduction of LED lighting in tomato
greenhouses.

LED lighting is appointed as the successor of HPS lighting in greenhouses since
it can lead to a more sustainable cultivation, i.e. it converts electrical energy into
photosynthetically active radiation more efficiently (Nelson & Bugbee, 2014; Katzin
et al., 2020).

This research aims to answer the research question: to what extent can the
benefit from the energy saving properties of LED lighting be maximised through the
management of climate conditioning equipment? In order to answer this research
question, the control-oriented greenhouse system model is used by an optimal
control algorithm to compare the operation of a greenhouse with HPS lighting
to that of a greenhouse with LED lighting. The characteristic differences that are
evaluated are conversion efficiencies from electrical energy to photosynthetically
active radiation and near-infrared radiation.

Contribution 5. An evaluation of the performance decrease of the optimally controlled
greenhouse system due to non-zero weather forecast errors.

The greenhouse climate is only partly isolated from the outside climate. The
outside air temperature will affect the greenhouse air temperature through this
limited isolation. Moreover, when the greenhouse windows are opened, for the
purpose of ventilation, the greenhouse air temperature, humidity and CO2 con-
centration are affected by the outside weather through air exchange. For optimal
operation, the control strategy, has to include the effects of the outside weather. In
the context of receding horizon optimal control, the effect of the (future) control
strategy in the prediction horizon on the performance of the greenhouse system will
thus depend on the realisation of these (future) exogenous inputs. In the published
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simulation studies on optimal control of greenhouses, often non-realistic sources
of weather forecasts are employed, where either the actual weather is substituted
(Ferreira & Ruano, 2008; van Beveren et al., 2015b) or artificially created forecasts
are used (Seginer, van Straten, & van Beveren, 2017a; Chen, Du, He, Liang, & Xu,
2018). Irrespective of the type of weather forecast used, most published research
assumes that the weather forecast matches the actual realisation of the weather
variable, i.e. no weather forecast error.

This research aims to answer the research question: to what extent does the
performance of the optimally controlled greenhouse system decrease due to non-zero
weather forecast errors? In order to answer this research question, a stochastic
model is developed to describe the weather forecast error. In combination with
the control-oriented greenhouse system model and the optimal control algorithm,
the effect of the error on the performance of the optimally controlled greenhouse
system is evaluated.

Contribution 6. An evaluation of the performance decrease of the optimally controlled
greenhouse system due to non-zero product price forecast errors.

A tomato fruit generally requires around 40 to 50 days to develop to a ripened
fruit from the moment the fruit was set (de Koning, 1993). Consequently, the
resources that are used at the current time instant are only fully balanced by the
income through crop yield after 40 to 50 days. Moreover, as the product price
depends on supply and demand, the uncertainty in the product price forecast 50
days ahead might, thus, considerably affect the control strategy at the current time
instant.

This research aims to answer the research question: to what extent does the
performance of the optimally controlled greenhouse system decrease due to non-zero
product price forecast errors? In order to answer this research question, artificial
product price forecasts which represent the knowledge of the grower are synthe-
sised. In combination with the control-oriented greenhouse system model, a new
fruit development model and the optimal control algorithm, the effect of the error
on the performance of the optimally controlled greenhouse system is evaluated.

1.5.4 Organisation of the thesis

The present thesis is divided into four chapters, each chapter elaborates on one
or more of contributions of this research. The chapters follow from (published)
manuscripts, these chapters are therefore self-contained and can be read separately.
Consequently, some parts of the text, figures and tables might be part of multiple
chapters. The reader is advised, however, to read Chapter 3 before reading Chap-
ter 4 and Chapter 5. Table 1.1 shows how the contributions are distributed over
the various chapters. Chapter 6 restates the most important conclusions of the
thesis and interprets and discusses these in the context outlined in this introductory
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chapter. Recommendations for future work and some final thoughts are outlined in
Chapter 6 as well.

Table 1.1. The contributions are presented in Chapter 2 to Chapter 5 of this thesis.
The distribution of the contributions over the chapters is indicated by means of X

Contribution

1 2 3 4 5 6

Chapter 2 X
Chapter 3 X X X
Chapter 4 X
Chapter 5 X X

1.6 List of Publications

Chapter 2 is based on

• Kuijpers, W. J., van de Molengraft, M. J., van Mourik, S., van ’t Ooster, A.,
Hemming, S., & van Henten, E. J. (2019). Model selection with a common
structure: Tomato crop growth models. Biosystems Engineering, 187, 247–257

which was awarded a EurAgEng Outstanding Paper Award (2020).

Chapter 3 is based on

• Kuijpers, W. J., Katzin, D., van Mourik, S., Antunes, D. J., Hemming, S., &
van de Molengraft, M. J. (2021c). Lighting systems and strategies compared
in an optimally controlled greenhouse. Biosystems Engineering, 202, 195–216

Chapter 4 is based on

• Kuijpers, W. J., Antunes, D. J., van Mourik, S., van Henten, E. J., & van de
Molengraft, M. J. (2021b). Weather Forecast Error Modeling and Performance
Analysis of Automatic Greenhouse Control. Submitted, 1–22

Chapter 5 is based on

• Kuijpers, W. J., Antunes, D. J., Hemming, S., van Henten, E. J., & van de
Molengraft, M. J. (2021a). Fruit Development Modeling and Price Forecast
Uncertainty in Automatic Greenhouse Control. Submitted, 1–22
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Chapter 2

Model Selection with a Common Structure: tomato
crop growth models

Abstract
Crop modelling is an essential part of biosystems engineering; selecting or develop-
ing a crop model for a specific application, having its requirements and desires, is
difficult if not impossible without the required domain knowledge. This chapter
presents a fundamentally different model selection approach based on biological
functionalities. This is enabled by a common structure, which allows for a combin-
ing of components, yielding new models. This increased design space allows the
development of models which are better suited to the application than the origi-
nal 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 chapter, 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 obtained by allowing a 7.5% increase in
model computation time compared to one of the original models.

This chapter is based on:
Kuijpers, W. J., van de Molengraft, M. J., van Mourik, S., van ’t Ooster, A., Hemming,
S., & van Henten, E. J. (2019). Model selection with a common structure: Tomato
crop growth models. Biosystems Engineering, 187, 247–257
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2.1 Introduction

The Netherlands is one of the biggest exporters of vegetables in the world, but this
comes at a price. Cultivation of these vegetables consumes energy, making the
Dutch horticultural industry a major consumer of fossil fuels. The Dutch horticul-
tural industry signed an agreement with the Dutch government to continuously
decrease its environmental footprint to 2020 (Velden & Smit, 2019). To attain
such 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, mod-
els are used to include relevant knowledge of the system in the control algorithm.
The greenhouse system is frequently modelled as the interconnection of a green-
house climate model and a crop model (Tap, 2000; van Ooteghem, 2007; van
Henten & Bontsema, 2009; van Straten & van Henten, 2010; Vanthoor, 2011;
Ramírez-Arias, Rodríguez, Guzmán, & Berenguel, 2012; van Beveren et al., 2015b).
The greenhouse climate model describes the response of the greenhouse climate to
controllable- (e.g. heating pipes) and uncontrolled factors (e.g. outside temper-
ature). The tomato crop model relates the growth of the crop to the greenhouse
climate, these models are based on expert knowledge of the physiology of a crop.
This chapter 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 chapter is written from the viewpoint of a control engineer, 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 the model 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
(Jones et al., 1991; Seginer et al., 1994; Heuvelink, 1996; Vanthoor, 2011). The
aforementioned references show that a model satisfying the application specific
desires and requirements is not always available. To obtain a model that meets the
application specific desires and requirements, frequently, a new model is created
or a model is composed from various sources, both approaches require knowledge
in the field of crop physiology not available to the control engineer. The proposed
model selection strategy should enable those with 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
developed model components are mixed with existing components to obtain a



2

2.2 Materials & Methods 21

model which does meet the requirements and desires. The latter approach implic-
itly uses part of a common structure present in the model set: similar components
across models exist, which allows for interchanging components.

Inspired by the latter approach, the following fundamentally different approach
is adopted; a common structure in tomato crop growth models is used to combine
existing model 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 com-
plete tomato crop growth model by means of a common structure and that it is
based on biological functionalities instead of mathematical equations. By combin-
ing knowledge from multiple models in new ways, the design space is increased
allowing for models which are potentially better suited to the application than the
original models. The hypothesis tested in this chapter 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), is that it allows 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 synthesise models
systematically.

The contribution of this chapter 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 2.2 presents the models which form the basis for the common
structure and the requirements and desires to the model to be selected. The
common structure is presented in Section 2.3. The results of decomposing the
models based on the common structure and the model selection procedure will
be presented in Section 2.4. The results are discussed and compared to the real
system in Section 2.5. Section 2.6 presents concluding remarks.

2.2 Materials & Methods

Most tomato crop growth models provide a relationship between crop production
and climate factors, usually temperature 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

]
= fc (T,R,C) , (2.1)

where fc represents the relation between the inputs and the outputs. In this chapter
a model selection use-case is presented, the aim is to find the best realisation
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of fc according to the requirements and desires specified. In Subsection 2.2.1,
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 Subsec-
tion 2.2.2. One common requirement for a wide variety of applications is a certain
prediction accuracy of the model with respect to actual system, the actual system is
represented in the model selection use-case by data, presented in Subsection 2.2.3.

2.2.1 Tomato Crop Models

Four realisations of the model fc in (2.1) have been chosen, all designed for
different purposes. The four models provide a relation between any/all inputs
(T , R, C) to at least the biomass yb and preferably the yield yy. The four models
used are: the model 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 publications. Although arbitrary models could be used, here
for the sake of demonstration, the models have been selected to minimise the
number of equal components shared. Also, the availability 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 results presented
in this chapter solely use the components from these four models, although the
methodology presented in this chapter also enables the inclusion of more extensive
submodels of 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 assimilate buffer c, which is
not present in the GTa model. The model by Vanthoor 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 2.2.3. The input
signals from the climate data are perturbed with a time-invariant multiplicative
factor ∆T , ∆R or ∆C , the modulus of which were based on the variation in the
average value of the data over the four years. For perturbations in T a range with
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a step size of 0.05 was used, resulting in an average perturbation of ≈ 1 ◦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 ≈ 5 W m−2 and ≈ 20 ppm, respectively. The
perturbations were run one-at-a-time: if ∆R 6= 1 then ∆T = 1 and ∆C = 1. The
predictions of the biomass yb, were normalised according to

∆yb (tend, p) =
yb (tend, p)

yb (tend, pnom)
, where ∆yb (tend, pnom) = 1, (2.2)

and shown on the y-axis of Figure 2.1. The sensitivities to perturbations in the

Figure 2.1. The results of the sensitivity analysis, here yb (tend, p) 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.

temperature are shown in the top row of Figure 2.1. Although, the sensitivities
to temperature perturbations are similar, a different trend for ∆T < 1 for the
TOMSIM model is observed. This shows that growth inhibition for this temperature
(avg. ≈ 17.8 ◦C) is less pronounced in TOMSIM than in the other models. The
sensitivities to perturbations in R are shown in the middle row of Figure 2.1. One
can observe coinciding results over the different models. For the results with respect
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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.

2.2.2 Use-Case Requirements

The application for which a model is to be selected imposes 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. Some
models are 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 desires exists. The model selection use-case presented
here will focus on two requirements and two desires. The two requirements are:

A. the model has to be mechanistic, 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 the models presented in Subsection 2.2.1 are mechanistic, as shown in Figure 2.2
and Figure 2.3, requirement A is met for all four models. Combinations of these
models also meet A as long as the semantic interpretation of the signals are
maintained in the combination process. Only the models by Vanthoor and TOMSIM
meet requirement B, it will be shown that this, however, does not render the other
two models unsuitable in the proposed model selection process. Other requirements
originating from the control domain are for example: differentiability, 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 1 was quantified by using model computation time, to this end > 90, 000
model iterations were performed for each component of the system and the ex-
ecution 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 input-output data of the real system. This validation data is
discussed in Subsection 2.2.3. 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 RMSE was used
to quantify the prediction accuracy. Another frequent desire, originating from the
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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.

2.2.3 Validation Date

To simulate a realisation of fc, the input data: temperature T , global radiation R,
CO2 concentration C is required (2.1). The climate data originated from an exper-
iment 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
dry-matter coefficient of 5.6% (unpublished data) is used to express the data in dry
weight. All comparisons will be made based on dry weight. These measurements
will serve as validation data for desire 2 in Subsection 2.2.2. 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.

2.3 Common Structure

The common structure used is a high-level semantic structure present in the mech-
anistic tomato crop growth models. Each mechanistic tomato crop growth models
consists of only (a subset of) the components in the common structure. In Subsec-
tion 2.3.1 the Forrester diagrams of the four models presented in Subsection 2.2.1
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 2.3.2 elaborates on how this is explicitly integrated in the common
structure. A mathematical representation of the common structure is presented
Subsection 2.3.3.

2.3.1 Visual Representation

The Forrester diagrams (Forrester, 1961) of the four models are presented in
Figure 2.2 and Figure 2.3. 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 Figure 2.2 and Figure 2.3. The components of the models have been
drawn over the common structure drawn in grey in Figure 2.2 and Figure 2.3.
These Forrester diagrams have been transformed to a block diagram: in Figure 2.4,
blocks represent the biological processes. The flows which appear in the models
in the model set have been represented by signals in Figure 2.4. The direction of
the arrows in Figure 2.4 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 input-output relationships between components, modellers use algebraic or
differential equations.
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Figure 2.2. ( ): Forrester diagram representation of the GTa model and the model
by Vanthoor. ( ): 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 represents the assimilate buffer. LAI represents the leaf area index,
SLA represents the specific leaf area. GRSUM refers to the total biomass of the crop,
whereas Cleaf refers to leaf weight, Cfruit refers to fruit biomass, Cstem refers to the
biomass of stem and roots. Photosynthesis rate is represented by P and MCAirBuf ,
growth respiration by MCBufAir, maintenance respiration MCOrgAir, partitioned
assimilates MCBufOrg, leaf harvest MCLeafHar and fruit harvest MCFruitHar.

For clarity, only the signals originating from the flows are shown in Figure 2.4.
There may exist other external inputs (so-called information signals), but these
are not included in Figure 2.4 as they are not relevant for capturing the structure.
For example, the photosynthesis block (1) will e.g. have a light intensity-input, an
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Figure 2.3. ( ): Forrester diagram representation of the model by Seginer and
TOMSIM. ( ): 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: c and BUFFER represent the assimilate buffer. LAI and L represent
the leaf area index, SLA and ω represent the specific leaf area. s refers to the
total biomass of the crop, whereas GLV refers to leaf weight, GSO refers to fruit
biomass. The combination GRT , GST refers to the biomass of stem and roots.
Photosynthesis rate is represented by P and GPHOT , growth respiration by Rg

and ASRQ, maintenance respiration MAINT and Rm, partitioned assimilates ds
dt

and FLV , FST , FSO and FRT , leaf harvest WLV PICKED and fruit harvest
WTRUSS.

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 Figure 2.4.

The common structure as presented above is based on the models in the set and
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Figure 2.4. Block diagram representation of the common structure. 1: photosynthe-
sis, 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 as-
similates 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.

may 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 Figure 2.4 as this structure is sufficient to describe the models in
the set.

2.3.2 Granularity

Granularity indicates to what degree plant parts are lumped. In this chapter, three
different levels of granularity are defined: coarse, medium and fine-grained models.
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 the 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 the 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 (Ramírez-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
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sink-source relation of different plant parts, need to be fine-grained.

2.3.3 Mathematical Representation

As a common structure has been found in all tomato crop growth models, the
mathematical model presented in (2.1) can be detailed. From the direction of the
signals in Figure 2.4 one can observe that the processes of accumulating assimilates
(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 representation of the common
structure {

ẋA = p(·)− gr(·)− g(·)
ẋS = g(·)−m(·) (2.3)

where p(·)1 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 sugars is used for maintenance respiration m. The signals
in (2.3) will be functions of external inputs and information signals, what additional
signals are used is not constrained by the common structure. In (2.3) the process
of buffering assimilates was represented as a buffer, if only a biomass buffer is
modelled, as is the case for the GTa model, one obtains

ẋS = p(·)− gr(·)−m(·) (2.4)

using appropriate unit conversions for the conversion of assimilates 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 combined mass of the stem and roots, x3, x1 and x2,
respectively. For medium-grained models (2.1) can be detailed to

ẋA
ẋ1

ẋ2

ẋ3

 =


p(·)− gr(·)−m(·)
g1(·)−m1(·)− h1(·)
g2(·)−m2(·)− h2(·)

g3(·)−m3(·)

 (2.5)

where g(·) =
∑3

1 gi (·). 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.

2.4 Results

The four models presented in Subsection 2.2.1 can be decomposed according to the
common structure presented in Section 2.3. The process of decomposing models
is described in Subsection 2.4.1. After obtaining the decomposed components

1the · is used to denote a placeholder for arguments of the preceding function.
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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 2.4.2, the model combinations are compared based on predictions
for biomass yb, temporarily removing requirement B from the requirements and
desires presented in Subsection 2.2.2. The model selection use-case, where the
model combinations are compared to the yield of the real system, is presented in
Subsection 2.4.3.

2.4.1 Model Combinations

Using the common structure, the models presented in Subsection 2.2.1 can be
decomposed into components as defined in Figure 2.4. In this process both the
visual representation (Figure 2.4) and the mathematical representation (e.g. (2.3))
are used as a guideline to identify the components in the models presented in Sub-
section 2.2.1. As part of this process the algorithm describing the relation between
the signals in Figure 2.4 has to be isolated in the implementation. However, as can
be observed in Figure 2.2 and Figure 2.3, not all models contain 8 components.
Table 2.1 shows an overview of the extracted components per model and relevant
properties such as the computation time of the component. The computation times,
including MATLAB function call, have been measured during simulations on a HP
Z200 Workstation with Intel Core i5-660 3.33 GHz, Dual-Core with 3.7 GB RAM.
A state refers to a state or memory element required in the implementation. In
Table 2.1, T denotes number of trusses, V denotes number of vegetative units,
TOMSIM assumes: V = T+3 Note that T and V are not constant during simulation.
D denotes number of truss development stages.

The total number of obtained components is 23. If each of the 23 components
would interface with all other components more than 3000 combined models could
be created. But, due to the different granularity of the models, see Subsection 2.3.2,
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 chapter an eight letter string will be used to refer to combinations of
models. The order corresponds to the order of processes as denoted in Figure 2.4,
thus:

1. photosynthesis,

2. growth respiration,

3. maintenance respiration,

4. accumulating assimilates,

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, V anthoor and GTa. E.g. V V V V V V V V refers to the original Vanthoor
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Table 2.1. A comparison on model and component level of the models in the model
set. The granularity of a model is classified by coarse C, medium M and fine F .
(left-to-right) level of granularity, number of inputs, number of outputs, number of
states, mean execution time µ (tE) and standard deviation σ (tE) in the execution
time.

Granularity Inputs Outputs States µ (tE) [ms] σ (tE) [ms]

GTa

Photosynthesis C 4 1 0 0.243 0.259
Accumulating Biomass C 1 1 2 0.180 0.210

Total: C 2 0.426 0.334

Seginer et al

Photosynthesis C 2 1 0 0.152 0.023
Growth Respiration C 2 1 0 0.155 0.024

Maintenance Respiration C 2 1 0 0.149 0.025
Accumulating Assimilates C 5 1 1 0.192 0.036

Accumulating Biomass C 2 1 1 0.175 0.028

Total: C 2 0.822 0.062

Vanthoor

Photosynthesis C 5 1 0 0.159 0.169
Growth Respiration M 5 1 0 0.156 0.068

Maintenance Respiration M 5 3 0 0.211 0.105
Accumulating Assimilates M 5 0 1 0.144 0.085

Assimilate Partitioning M 3 3 2 0.263 0.151
Accumulating Biomass M 8 2 4 + 2D 0.337 0.173

Tomato Harvest M 1 0 1 0.130 0.089
Leaf Harvest M 1 1 0 0.155 0.105

Total: M 8 + 2D 1.555 0.351

TOMSIM

Photosynthesis C 4 1 0 0.276 0.747
Growth Respiration M 4 1 0 0.128 0.129

Maintenance Respiration M 8 1 2 0.539 0.568
Accumulating Assimilates M/F 12 6 2 0.212 0.277

Assimilate Partitioning F 5 6 3 + 6T+ 3V 0.586 0.156
Accumulating Biomass F 8 1 3 + T+ V 0.415 0.078

Tomato Harvest M/F 3 0 1 0.158 0.136
Leaf Harvest M/F 4 1 0 0.150 0.180

Total: M/F 12+7T+4V 2.465 1.124

model, whereas TSV V V V V V 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 combination as well.



2

32 Model Selection with a Common Structure: tomato crop growth models

2.4.2 Biomass Predictions

Using the input data as described in Subsection 2.2.3, the 27 models with biomass
output yb have been simulated. The resulting predictions are shown in Figure 2.5
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.

Figure 2.5. Predictions of biomass for the year 2012 (top) and 2014 (bottom) in
terms of dry mass. In the left column the original models have been plotted (G = GTa;
S = Seginer, V = Vanthoor; T = TOMSIM). The right column presents predictions of
all model combinations minus the original models.

2.4.3 Yield Predictions

Using the input data as described in Subsection 2.2.3, the 20 models with yield
output yy have been simulated. The resulting predictions are shown in Figure 2.6
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in terms of dry fruit mass. The 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 Figure 2.5. 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 2.2. Also, the End-of-Year (EoY) prediction is compared to
the real data (predicted-observed), the average error over the four years is presented
in the last column of Table 2.2.

Figure 2.6. Predictions of yield for the year 2012 (top) and 2014 (bottom) in terms
of dry mass. In the left column the original models have been plotted (G = GTa;
S = Seginer, V = Vanthoor; T = TOMSIM). The right column presents predictions of
all model combinations (20) minus the original models.
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Table 2.2. Ranking of all valid combinations, based on the average Root-Mean-
Square-Error (RMSE) with respect to the validation data over four years.

RMSE 2011-2014

Rank Model 2011 2012 2013 2014 µ σ EoY

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

2.5 Discussion

After simulation of all models and their combinations, the results are discussed.
Subsection 2.5.1 discusses the results obtained in the context of the model selection
use-case and evaluates the proposed model selection method. Subsection 2.5.2
discusses the validity of the proposed model selection method for the case of
non-modular components.

2.5.1 Framework

In the model selection use-case a model had to be found subject to the requirements
and desires presented in Subsection 2.2.2 from a set of four models, presented
in Subsection 2.2.1. After deriving a common structure for tomato crop growth
models, this structure was used in the model selection procedure. The design space
was 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 Figure 2.6 show the yield predictions by the original models.
The model by Vanthoor predicts fruit 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
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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 (Seginer et al., 1994; Heuvelink, 1996; Vanthoor, 2011). The
challenge that comes with the calibration of these models for this study will be
discussed in more detail in Subsection 2.5.2.

In Table 2.2, it can be observed that the model combination TSV V V V V V
outperformed the original models: TOMSIM and the model by Vanthoor, based
on RMSE. The model combination TSV V V V V V 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 TSV V V V V V 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 2.1, summing over the employed components. Both desires stated in
Subsection 2.2.2 have been quantified, it is now up to the modeller to trade-off
execution time to accuracy. Although, the performance metric used in this chapter
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 requirements and desires to the modeller.

This approach is extendable along multiple dimensions. First of all, decompos-
ing 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
process, as these can be interchanged with components of complete models (2.1).
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.

2.5.2 Modularity

In Figure 2.5, one can observe that the spread in predictions around mid November
increases drastically when combining models, whereas the components of these
combined models are all calibrated. This implies that the components are not
sufficiently 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 determined if the calibration of these models is solely based on
input (climate) and output (biomass or yield) data. The authors of this chapter
therefore refrain from calibrating these models and use them exactly how they
were published and validated. The left graphs in Figure 2.5 show the input-output
behaviour was captured well, but when interchanging e.g. the photosynthesis
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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 Figure 2.5, TG overestimates the biomass production.

The tomato crop system is a complex system and when modelling this mechanis-
tically it leads to large models with a large chance of achieving non-identifiability.
If one is interested in only the input-output 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 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 components, e.g. measuring growth respiration might be achieved only by
combining multiple measurements.

2.6 Conclusion

In this chapter a common structure with standardised interfaces between com-
ponents 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 tomato 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, 20 models met the requirements. Using the
standardised interfaces from the common structure, generating the models was
done automatically and thus systematically. To obtain a measure for performance,
the models are compared to data originating from a real system. The hypothesis
that combined models can outperform original models for a given performance
metric, 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 input-output 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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Chapter 3

Lighting Systems and Strategies Compared in an
Optimally Controlled Greenhouse

Abstract
LED lighting is appointed as the successor of HPS lighting in greenhouses since
it can lead to a more sustainable cultivation, i.e. it converts electrical energy
into photosynthetically active radiation more efficiently. To quantify the effect
of this more efficient conversion within the operation of the greenhouse system,
an optimal controller is proposed to generate optimal control trajectories for the
controllable inputs of the greenhouse. The optimal controller makes use of an
economic objective function, i.e. the difference between income (yield × product
price) and cost of resources (resource use × cost). The performance of this
optimally controlled greenhouse system is compared with respect to the state-of-
the-practice. Simulation experiments suggest optimal control can increase the
economic objective by 10 % to 65.14em−2 compared to 58.96em−2 for the state-
of-the-practice, for tomatoes cultivated in a Dutch weather conditions. The model
of the optimally controlled greenhouse is used to compare the performance of
different lighting systems, i.e. no lighting, HPS lighting and LED lighting. An
increase of 9 % in the operational return is observed for LED lighting compared
to HPS lighting. The electricity that is saved due to the more energy-efficient
conversion in the LED lighting results in a 30 % decrease in carbon footprint when
comparing a greenhouse with LED lighting to a greenhouse with HPS lighting.

This chapter is based on:
Kuijpers, W. J., Katzin, D., van Mourik, S., Antunes, D. J., Hemming, S., & van
de Molengraft, M. J. (2021c). Lighting systems and strategies compared in an
optimally controlled greenhouse. Biosystems Engineering, 202, 195–216
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3.1 Introduction

The cultivation of fruit and vegetables in greenhouses in the Netherlands consumes
a vast amount of energy. From the total energy of 100.5 PJ consumed in 2018,
77 % was due to heating and 23 % due to electricity for artificial lighting (Velden
& Smit, 2019). The Dutch horticultural industry signed an agreement with the
Dutch government to decrease the total energy consumption and its environmental
footprint (Velden & Smit, 2019). One of the potential solutions for decreasing the
environmental footprint of the horticultural industry is to reduce the electricity
consumption by switching from High-Pressure Sodium (HPS) lighting to Light
Emitting Diode (LED) lighting (Gómez & Mitchell, 2014).

Existing literature on HPS lighting and LED lighting mainly focuses at the
energy conversion efficiency. For example, these lighting systems are compared in
Nelson and Bugbee (2015) based on energy conversion efficiencies and in Dueck,
Janse, Eveleens, Kempkes, and Marcelis (2012), Gómez and Mitchell (2014) the
lighting systems are compared in a greenhouse experiment with tomatoes. Data
from the experiment by Dueck et al. (2012) has been used to evaluate a model by
Katzin et al. (2020) which aims to describe the qualitative difference between HPS
lighting and LED lighting. Xu, Wei, and Xu (2019b) proposed a switching strategy
for turning on and off LED lights using multi-objective optimisation, reporting an
energy reduction of 30 % with respect to rule-based control. Other research into the
effects on crop growth by Lee, Kwon, Park, and Choi (2014) and Olle and Viršile
(2013) and optimal positioning of the lighting system by Ferentinos and Albright
(2005), solely focuses on LED lighting, not on HPS lighting. Overall, LED lighting
is attributed a higher efficiency in converting electrical power to photosynthetically
active radiation (PAR). The installed electrical capacity of LED lighting can be lower
while achieving similar levels of PAR, while emitting less radiation energy.

This chapter provides insight into what extent LED lighting improves the per-
formance of an optimally controlled greenhouse system, measured in operational
return (yield income - resource costs) and carbon footprint. To this extent, this
chapter will quantify the difference in operational return and carbon footprint in
simulations using an optimally controlled greenhouse with HPS and LED lighting.
The control inputs to the greenhouse result from an optimisation problem which
ensures a fair comparison between both lighting systems. Towards this end, a
model is developed that predicts the effect of the lighting systems on the crop, the
greenhouse climate and the production of electricity for the lighting systems. As a
lighting system influences the greenhouse climate, all relevant inputs e.g. heating,
must also be included in this simulation. The control strategy for the greenhouse
aims at optimising the operational return defined as the difference between income
(yield × product prices) and cost of resources (resource use × costs). Taking these
steps, the two lighting systems can be compared.

Models have been developed for individual components of the greenhouse
system, such as models for energy management systems (de Zwart, 1996; van
Ooteghem, 2007; Seginer et al., 2018) and (van Beveren et al., 2019), greenhouse
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climate models (de Zwart, 1996; Vanthoor, 2011; van Beveren et al., 2015b;
Katzin et al., 2020) and crop growth and transpiration models in Chapter 2 and
(Heuvelink & Challa, 1989; Vanthoor, 2011). The present chapter builds upon
the existing validated models, by combining them into a complete model for the
greenhouse system. A set of existing models has been selected based on inclusion
of physical and crop physiological phenomena and accuracy of validation. The
complete greenhouse system model is validated with respect to the state-of-the-art,
represented by economic figures in a reference budget (Vermeulen, 2016), using a
rule-based controller.

Several approaches to the greenhouse control challenge have been presented
such as Hamiltonian maximisation (Seginer et al., 2018), receding horizon optimal
control (RHOC) (Tap, 2000; van Ooteghem, 2007; Ramírez-Arias et al., 2012)
and optimal control using grower defined bounds (van Beveren et al., 2015b).
The present chapter employs optimal control to provide a control strategy aimed
at maximising the operational return. The few published approaches that have
employed an economic objective function use penalty factors, i.e. empirically deter-
mined factors converting undesirable configurations of the system (e.g. extreme
temperatures) into an economic quantity. The economic quantity is used to pe-
nalise the occurrence of undesirable configurations through the objective function
of the optimisation problem. In the approach proposed here, explainable white-box
models are used to estimate the effect of an undesirable configuration of the system.
In Xu et al. (2018) also an economic objective function without penalty factors is
considered. However, with respect to the aim of this chapter a model detailing
the origin of electricity and heat is not present in Xu et al. (2018) which therefore
follows a different approach.

The contribution of this chapter is four-fold. A model, capable of describing how
the inputs to the greenhouse system (including the energy management system and
artificial lighting) affect the crop growth and production, is selected and the inter-
connection is validated using data representing the state-of-the-practice. Secondly,
an optimal control algorithm is proposed which, in combination with the aforemen-
tioned model, can control the greenhouse system using a purely economic objective
function (no penalty functions). Thirdly, the effects of different lighting systems
employed in the greenhouse system are analysed, and conclusions are drawn with
respect to the potential economic benefits and carbon footprint reduction of LED
lighting in tomato greenhouses. Lastly, the effect of the quantisation in the system,
due to the ability of only switching on/off the lighting is researched, aiming to
increase the accuracy of the third contribution by removing the assumption that
the lights can be controlled to attain any value.

The remainder of this chapter is organised as follows, Section 3.2 will elaborate
on the selected models, the interconnection of the selected models and the control
of the greenhouse system. The simulation studies will be presented in Section 3.3
and the results will be discussed in Section 3.4. Directions for future work and the
conclusion of this research are presented in Section 3.5.
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3.2 Models & Methods

In order to be able to compare various lighting systems, a model is developed to
predict the effect of a lighting system on the operation of the greenhouse system. As
a different lighting system might also affect the selected greenhouse climate control
strategy, the controlled greenhouse system must be considered. The greenhouse
control problem is presented in Subsection 3.2.1. The model used to simulate
the greenhouse system, consists of four parts, the energy management system,
the greenhouse climate and lighting system and crop growth and transpiration,
these are detailed in Subsection 3.2.2, Subsection 3.2.3, Subsection 3.2.4 and
Subsection 3.2.5, respectively. The derivation of the economic objective function
is detailed in Subsection 3.2.6. The implementation of the proposed controller
is presented in Subsection 3.2.7. The rule-based controller used in the valida-
tion of the model is presented in Subsection 3.2.8. The relevant data from the
state-of-the-practice and the weather data are presented in Subsection 3.2.9 and
Subsection 3.2.10, respectively.

3.2.1 Greenhouse Control Problem

The greenhouse control problem is graphically represented by the block diagram
as depicted in Figure 3.1. The model of the greenhouse system is composed
of the energy management system ΣE , greenhouse climate and lighting system
model ΣG and crop growth and transpiration model ΣC . The greenhouse system
is affected by controllable inputs u ∈ Rnu and uncontrollable inputs d ∈ Rnd . The
interaction between the greenhouse climate model and the crop (temperature, CO2

concentration, radiation and relative humidity) and vice versa (assimilation and
transpiration), are denoted by yg and yc in Figure 3.1, respectively. The controlled
inputs to the greenhouse climate model are represented by ug. The dynamical
model of the system is represented by

ẋ(t) = f (x(t), u(t), d(t)) , (3.1)

where x ∈ Rnx is the state of the greenhouse system.
For the simulations presented in this chapter, the inputs to the greenhouse

system u will result from an optimisation problem run by controller ΣM . The
controller optimises the operational return l (u(t), c(t)) : Rnu × Rnu → R over a
horizon t ∈ [t0, tf ], referred to as the prediction horizon. The prediction horizon
has to be larger than the timescales of the relevant slow dynamics of the system F ,
to be able to properly optimise the control inputs. The cost/return of a unit input
is c(t) ∈ Rnu , i.e. ci(t)ui(t) represents the contribution of input i ∈ {1, . . . , nu} to
the operational return and is expressed in monetary units. This is mathematically
represented by
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Figure 3.1. Block diagram representation of the greenhouse control system. The
system is composed of controller ΣM , energy management system ΣE , greenhouse
climate and lighting system model ΣG and crop growth and transpiration model ΣC .
The control inputs to the greenhouse system are denoted by u. The elements of u
input to ΣC encompass the harvest of fruits and leaves. The controllable inputs to
greenhouse climate model, e.g. ventilation, screen deployment, heating and CO2

injection are denoted by ug. The uncontrollable inputs to the greenhouse climate
model are denoted by d, the outside weather. Variables yg and yc denote the effect
of the greenhouse climate on the crop (temperature, CO2 concentration, radiation
and relative humidity) and the effect of the crop on the greenhouse (assimilation
and transpiration), respectively.

J (xt) = maximize
u(t)

∫ tf

t0

l (u(t), c(t)) dt

subject to ẋ(t) = f (x(t), u(t), d(t)) ,

(x(t), u(t)) ∈ X× U,
θl ≤ h (x(t), u(t)) ≤ θu, for t ∈ [t0, tf ] ,

x (t0) = xt,

(3.2)

where xt ∈ Rnx , represents the state at t = t0. The state of the actual green-
house system at time t is x(t). The controller is assumed to have full state informa-
tion. The inequality equations are expressed in terms of functions h(·) which are
lower and upper bounded by θl ∈ Rne and θu ∈ Rne respectively. The sets X ⊂ Rnx

and U ⊂ Rnu represent admissible values for the states and inputs, respectively.
All bounds are fixed except for the bounds on the ventilation rate control input

uven. The bounds on uven, fvmin (·) : R→ R and fvmax (·) : R→ R, originate from
the model in chapter 6 of de Jong (1990) and depend on the wind speed, a similar
approach as presented in van Beveren et al. (2015b). The states x and inputs u for
the model in (3.1), are listed in Table 3.11 and Table 3.2, respectively. The values

1the bounds on absolute humidity are supplementary to the bounds on relative humidity in h(·).
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of states and inputs will be presented per square meter of ground area. The upper
bound of the carbohydrates buffer in the leaves Cleaf , is determined by maximal
leaf area index input by the user LAImax, in this chapter LAImax = 3 m2 m−2 and
SLA = 26.6 kg m−2 (Vanthoor, 2011). The lower bound of the fruit carbohydrates
buffer Cfrt is set to Cfrt,off , see Subsection 3.2.5.

Subsection 3.2.2, Subsection 3.2.3, Subsection 3.2.4 and Subsection 3.2.5
present the four components of the model in (3.1), depicted in Figure 3.1. The
subsections start with an introduction of the model that is used and afterwards
elaborate on the changes made to these models. The changes to the models mostly
encompass removing discontinuities from the models and ensuring continuous dif-
ferentiability. Discontinuities and a deficient degree of continuous differentiability
will generally decrease the performance of the gradient-based optimisation meth-
ods and were therefore avoided whenever possible. The full model is described in
Appendix A. The parameters of the models have been taken in accordance with the
publication in which the models have been validated (Vanthoor, 2011; van Beveren
et al., 2015b; Seginer et al., 2018) unless stated otherwise.

Table 3.1. States in the greenhouse system model x and corresponding constraints
represented by lower and upper bounds.

x = [xs; Tair; Hair; CO2,air; Cbuf ; Cleaf ; Cfrt; Tc24]

bound

symbol lower upper unit description

xs 0 3 · 106 J m−2 heat stored in heat buffer
Tair 10 35 ◦C greenhouse air temperature
Hair 5 35 g m−3 greenhouse air humidity

CO2,air 0.69 2.79 g m−3 greenhouse air CO2

concentration

Cbuf 0 20 g m−2 crop carbohydrates in
assimilate buffer

Cleaf 0 0.12 g m−2 crop carbohydrates in leaves
Cfrt Cfrt,off ∞ g m−2 crop carbohydrates in fruit

Tc24 10 35 ◦C
24 h greenhouse air
temperature

3.2.2 Energy Management System

As a different lighting system might also affect the use of resources, the energy
management system is a crucial component in the greenhouse system model. The
model of the energy management system is based on the model presented in
Seginer et al. (2018) and is composed of a combined heat and power unit (CHP), a
boiler and a heat buffer. This model has one state xs which represents the stored
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Table 3.2. Inputs to the greenhouse system model u and corresponding constraints
represented by lower and upper bounds.

u = [uchp; uboi; uhps; uled; ueby; uese; uCO2; ucby; usto; uven; uscr; ulea; ufrt]

bound

symbol lower upper unit description

uchp 0 125 W m−2
the level of operation of the
combined heat and power
(CHP)

uboi 0 83.33 W m−2 the level of operation of the
boiler

uhps 0 100 W m−2 electrical power to HPS lighting
uled 0 61.67 W m−2 electrical power to LED lighting
ueby 0 250 W m−2 electrical power bought
uese 0 250 W m−2 electrical power sold
uCO2 0 250 g m−2 s−1 greenhouse CO2 injection
ucby 0 250 g m−2 s−1 pure CO2 bought
usto −250 250 W m−2 energy flux to heat buffer
uven fvmin(d) fvmax(d) m3 m−2 s−1 ventilation rate

uscr 0 1 -
screen set (1 represents fully
deployed)

ulea 0 0.4 · 10−6 g m−2 s−1 leaf harvest
ufrt 0 0.4 · 10−4 g m−2 s−1 fruit harvest

heat in the buffer. The buffer is supplied and depleted using control input usto. The
inputs to this model encompass the set points given to the CHP uchp and boiler
uboi. Pure CO2 is bought ucby to compensate for the difference between the CO2

produced on-site (CHP and boiler) and the injection rate uCO2. Electricity is bought
ueby and sold uese to counterbalance the difference between the electricity demand
by the lighting uhps and uled and electricity generated on-site (CHP).

The model itself only contains dynamics related to the heat buffer. The descrip-
tion for the energy loss from the heat buffer Ha (W m−2) was changed from a
discontinuous description to a continuously differentiable description

Ha = −αxs, (3.3)

where xs (J m−2) represents the energy stored in the buffer, see Table 3.1. The
lowest energy content in the heat buffer is represented by a constant value
xs,off ∈ R (J m−2). The thermal insulation constant is represented by α (s−1).
With this proposed new description, Ha is now a function of xs more accurately
describing the energy loss when storing energy in the heat buffer for a long time,
as indicated by Seginer et al. (2018). The derivation of the thermal insulation
α = 3.96× 10−7 s−1 and the lowest energy content per square meter of ground
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area xs,off = 1.67× 106 J m−2 is presented in Section 3.6.
The fraction of the input power to the CHP that is converted to electrical power

is given by ηEc = 0.4 (Seginer et al., 2018), the balance of produced and consumed
electricity is therefore

ηEcuchp + ueby − uese − uhps − uled = 0, (3.4)

and it is added to the constraints, h (x(t), u(t)) in (3.2), by setting θl,i = θu,i = 0
for the corresponding constraint i. Also, the balance equation for the CO2 is added
to the constraint equation

ηXcuchp + ηXbuboi + ucby − uCO2 = 0, (3.5)

here ηXc = 7.22× 10−5 g J−1 and ηXb = 7.22× 10−5 g J−1 (Seginer et al., 2018))
represent the production of CO2 per unit of energy that is consumed by the CHP and
the boiler, respectively. A similar constraint has been added to match heat supply
and demand. The output to the greenhouse climate model ug (see Figure 3.1)

ug =
[
uhea uCO2 uhps uled uscr uven

]T
, (3.6)

where uhea (W m−2) and uCO2 (g m−2 s−1) refer to the resulting heat flux to the
heating pipes and the CO2 injection rate.

3.2.3 Lighting System

In the present chapter, three different lighting systems are compared, no lighting,
HPS lighting and LED lighting. To allow for a comparison with respect to economic
figures in budget G56 in KWIN (Vermeulen, 2016), the photosynthetic photon
flux density (PPFD) of HPS lighting used in this research matches that of budget
G56, 185 µmol m−2 s−1. In KWIN, the HPS electrical input power is 100 W m−2 ,
resulting in an efficacy of 1.85 µmol J−1. For the sake of comparison, the PPFD
of LED lighting is modelled as 185 µmol m−2 s−1, with an efficacy of 3 µmol J−1

(Kusuma, Pattison, & Bugbee, 2020). The models are part of the greenhouse
climate and lighting system model ΣG, in Figure 3.1.

In this research, all electrical energy input to the lights is modelled to contribute
to the energy balance. The energy used to transpire water in the crop, the latent
heat, is accounted for in the transpiration model. The lamps are modelled to radiate
both PAR and near-infrared (NIR), the radiation is described by

RXY
= ηXY

uX , (3.7)

where X ∈ {led, hps} and Y ∈ {PAR,NIR}. The fraction of the electrical input
of the lights that is converted to PAR is represented by ηLEDPAR

= 0.55 and
ηHPSPAR

= 0.35 according to Katzin, Marcelis, and van Mourik (2021). The
fraction of the electrical input of the lights that is converted to NIR is chosen
ηLEDNIR

= 0.02 and ηLEDPAR
= 0.22 according to Katzin et al. (2021).
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The total PAR absorbed by the canopy RPAR (W m−2) is given by

RPAR =
(
1− e−k·LAI

)
(asunPAR

ηsunPAR
τtotQsun

+aLEDPAR
RLEDPAR

+ aHPSPAR
RHPSPAR

) ,
(3.8)

where k is the extinction coefficient of the canopy for PAR, LAI (m2 m−2) the
leaf area index, τtot (−) the transmittance of the cover and shadow screen and
Qsun (W m−2) the global radiation in d. The total PAR absorbed by the canopy
RPAR is substituted for PARCan in the photosynthesis model in equation (9.14)
of Vanthoor (2011), which is part of the crop growth model presented in Subsec-
tion 3.2.5. The fraction of PAR in the global radiation ηsunPAR

= 0.44, accord-
ing to (Nelson & Bugbee, 2015). The absorption parameters have been chosen
asunPAR

= 0.894, aLEDPAR
= 0.943 and aHPSPAR

= 0.870 according to (Nelson &
Bugbee, 2015).

The total radiation Rtot (W m−2), PAR and NIR, absorbed by the crop is de-
scribed by

Rtot = RPAR +
(
1− e−k·LAI

)
(asunNIR

ηsunNIR
τtotQsun

+ aLEDNIR
RLEDNIR

+ aHPSNIR
RHPSNIR

)
(3.9)

where Rtot is substituted for Rn in equation (8) and (10) of van Beveren et al.
(2015b), which is part of the greenhouse climate system model presented in
Subsection 3.2.4. The fraction of NIR in the global radiation is set to ηsunNIR

= 0.5,
according to Vanthoor (2011). The absorption parameters have been chosen
asunNIR

= 0.214, aLEDNIR
= 0.923 and aHPSNIR

= 0.263 according to Nelson and
Bugbee (2015).

In the simulation studies with this model, three lighting systems are compared.
For simulations with no lighting, uled and uled are zero. For simulations with HPS
uled is zero and for simulations with LED lighting uled is zero. To make a realis-
tic comparison, the PAR output of both types is chosen equal, 185 µmol s−1 m−2,
but different input power ratings uled and uled are employed, 100 J m−2 s−1 and
61.67 J m−2 s−1, respectively, see Table 3.2.

The typical electrical implementation of the artificial lighting systems in practice
only allows for switching lamps on or off, no value in-between. The control inputs
uled and uled resulting from (3.2) have a continuous domain, i.e. they can take
any value between the bounds in Table 3.2. This restriction can be modelled by
a quantisation process, applied to the control input. A viable method to obtain
a value in between is to only switch on a spatially distributed group of lights,
e.g. one third of the total amount of lights, in which way the average radiation
per square meter will be one third of the bounds in Table 3.2. In the simulation
study presented here, the effect of this quantisation on the performance of the
controlled system will be analysed for a system with no quantisation, a system with
two possible values, referred to as ∆ = 1 and a system with four possible values,
referred to as ∆ = 1/3.
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3.2.4 Greenhouse Climate System

The greenhouse climate system creates a favourable climate, represented by yg in
Figure 3.1, for crop growth. The model predicts the greenhouse climate based on
the control inputs ug, defined in(3.6). The model of the greenhouse climate is based
on the model presented in van Beveren et al. (2015b). The model consists of an en-
ergy balance, humidity balance and CO2 balance. The humidity balance is affected
by crop transpiration and the CO2 balance by crop assimilation, both quantities are
contained in yc, see Figure 3.1. The outside radiation Qsun (W m−2), temperature
Tout (◦C) absolute humidity Hout

(
g m−3

)
, CO2 concentration CO2,out

(
g m−3

)
,

and wind speed vwind
(
m s−1

)
are contained in d and affect the various balances.

The model for condensation conductance gc
(
m s−1

)
of the cover, the tempera-

ture of which is denoted by Tcov (◦C), is based on the model by Stanghellini and
de Jong (1995) and van Beveren et al. (2015b) given by,

gc = max
(

0, pgc (Tair − Tcov)
1
3

)
, (3.10)

which not continuously differentiable due to the max operator in the equation.
Parameter pgc

(
m ◦C−

1
3 s−1

)
represents the specific properties of the cover. To

ensure the continuous differentiability of (3.10), the max operator is replaced by
the approximation of a smoothed if-else function S : R3 → R proposed by Vanthoor
(2011)

S
(
sv, s

l
k, ss

)
=

1

1 + es
l
k(s−ss)

, (3.11)

where slk and ss represent the slope and the switching value of the smoothed
if-else. In (3.11), sv represents the value that determines the value of S. To smooth
(3.10), we choose sv = (Tair − Tcov), ss = 1 ◦C and slk = −2. The third-order root
is approximated by a fourth-order polynomial, represented here by P : R → R,
defined as

P (x) = 4.03× 10−5 ·x4 + 2.4× 10−3 ·x3 − 0.05 ·x2 + 0.49 ·x+ 0.30. (3.12)

Resulting in

gc = pgc · S ((Tair − Tcov) ,−2, 1) · P (Tair − Tcov) . (3.13)

The error introduced due to the approximation of gc in (3.13) is at most 0.7 m s−1

in the interval −∞ < (Tair − Tcov) < 28 ◦C. The model of the convective heat loss
through the cover, Qcov

(
J m−2 s−1

)
in van Beveren et al. (2015b), is extended

with an energy screen. The screen and the greenhouse cover are modelled as two
heat conductors in a series composition

Qcov =
1

(uscrαscr)
−1

+

(
αcov

Acov
Afloor

)−1 (Tair − Tout) , (3.14)
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where the term αcovAcovA
−1
floor denotes the conductance of the greenhouse cover,

in which Acov and Afloor denote the greenhouse cover and floor area, respectively,
with AcovA−1

floor = 1.29. The value of the heat conductance of the screen αscr =

9.33 W m−1 ◦C−1 and has been taken in accordance with Seginer et al. (2018), the
value of the heat conductance of the greenhouse cover αcov = 5 W m−1 ◦C−1 in
accordance with van Beveren et al. (2015b). Lastly, the model for assimilation,
Φc,ass

(
g m−2 s−1

)
in van Beveren et al. (2015b), is replaced by the model for

assimilation by Vanthoor (2011), for the sake of coherence with respect to the
chosen crop growth model.

To ensure the greenhouse air relative humidity is bounded between 10 % and
95 %, an additional constraint is added to h (x(t), u(t)) in (3.2). The heat and
radiation generated by the lighting is modelled to affect the greenhouse energy
balance according to Subsection 3.2.3. The output of the greenhouse climate model
to the crop model, yg in Figure 3.1, is a vector containing

yg =
[
RPAR Rtot Tair Hair CO2,air

]T
, (3.15)

where RPAR and Rtot are as defined in (3.8) and (3.9). Tair, Hair and CO2,air

belong to the states of this model, see Table 3.1.

3.2.5 Crop Growth and Transpiration

The crop model predicts the growth, transpiration and respiration of the crop based
on the greenhouse climate, yg in (3.15). The crop model employed in this chapter
is based on the model by Vanthoor (2011). The model by Vanthoor predicts the
assimilate content of the assimilate buffer (Cbuf ), the leafs (Cleaf ), the stem and
roots and the fruits (Cfrt), the states of the model. The prediction of transpiration
and assimilation of the crop, represented by yc in Figure 3.1, are output to the
greenhouse climate system. The model describes how PAR RPAR, greenhouse air
temperature Tair and greenhouse air CO2 concentration CO2,air affect the crop
growth, also the effect of undesirable temperatures is included in the model by
Vanthoor (2011) through growth inhibition functions.

The model by Vanthoor employs a fixed boxcar train method to model the
development of the fruit between fruit set and harvest. The expected increase
in accuracy by using this method compared to directly selling the partitioned
assimilates does not outweigh the additional (near-)discontinuities and extra state
variables. To model the amount of fruits produced, the description of the assimilates
partitioned to the fruits MCBufFrt

(
g m−2 s−1

)
by Vanthoor is used. The controller

will then optimise the climate for fruit growth, i.e. assimilates partitioned to the
fruit buffer Cfrt. Fruit development will, however, be guaranteed as the climate
for fruit development does not differ significantly from the climate for fruit set.
To cope with the development time for fruit a strategy similar to Seginer et al.
(2018) is employed: all assimilates partitioned to the fruits minus those used for
maintenance respiration, are counted as yield. The price for which the yield is sold
at the time instance of partitioning is the price 30 days after this time instance. This
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is in line with the observation in chapter 3 of Heuvelink (2018), where a harvested
fruit has already had the majority of its assimilates transported 30 days after fruit
set. The part of the model by Vanthoor that describes the assimilate content of the
stem and roots is removed as it does not affect the objective function.

The model by Vanthoor also describes leaf harvest using a (smoothed) if-else
model to compare the current leaf area index to a maximal leaf area index. To
avoid the (smoothed) discontinuity and allow for more freedom for the controller,
the MCLeafHar

(
g m−2 s−1

)
in Vanthoor is replaced by a control input ulea. To

impose a maximal leaf area index LAImax, a state constraint on Cleaf was added,
see Table 3.1. Also, the fruit harvest is selected as a control input ufrt. A state
constraint is imposed Cfrt > Cfrt,off . The offset Cfrt,off = 140 g m−2, represents
the estimated fixed amount of developing fruit biomass on the crop and results in a
more realistic fruit maintenance respiration compared to Cfrt,off = 0 g m−2.

The transpiration model of Vanthoor requires the vapour pressure of the canopy
which is not modelled by the greenhouse climate model presented in the Subsec-
tion 3.2.4. The transpiration model used in this research is the one by van Beveren
et al. (2015b).

3.2.6 Performance Models

The controller (ΣM in Figure 3.1) aims to optimise the operational return by
proposing a control strategy for the inputs of the greenhouse system, u in Figure 3.1.
Here, the operational return is defined as

l (u, c) = cfrtufrt + ceseuese − cchpuchp − cboiuboi − ccbyucby − cebyueby, (3.16)

where cxxx represents the unit cost of input uxxx. The (positive) inputs uchp, uboi,
ueby and ucby, represent the resource use and these therefore lead to a decrease in
the objective function l(·). Selling electrical power uese and fruit yield ufrt lead to
an increase of the objective function. The operational return only reflects the costs
and incomes relevant through the inputs specified in Table 3.2, fixed or capital
costs are not included. Thus, e.g. the difference in capital cost between a LED
installation and an HPS installation is not included.

To allow for comparison with respect to economic figures in budget G56 in
KWIN (Vermeulen, 2016), the parameterisation of the objective function, cchp, cboi,
ccby, cese, ceby and cfrt in (3.16), is taken according to the values in KWIN. Values
for parameters taken from KWIN are given in Subsection 3.2.9, Table 3.3. The
electricity bought ueby, electricity sold uese and the CO2 bought ucby in KWIN are
not specified on a 4-weekly period basis, for these values only a seasonal total
is presented. When comparing operational return to the KWIN, we assume that
the average value of the evaluated period is equal to the seasonal average. To
allow for a more detailed comparison of the yield versus gas use trade-off, the
values available in KWIN on a 4-weekly basis are combined into the p1-performance
p1(·) : Rnu × Rnu → R

p1 (u, c) = cfrtufrt − cchpuchp − cboiuboi, (3.17)
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The p1-performance represents income through yield minus cost of gas use and
consists of a subset of terms in the operational return in (3.16).

Apart from the performance indicators l(·) and p1(·), simulations will also be
compared based on gas use s(·) : Rnu → R

s(u) = α−1
g (uchp + uboi) , (3.18)

where αg = 31.65 MJ m−3 (Vermeulen, 2016) represents the energy content per
cube of gas. The gas use is defined here as a separate performance indicator, but is
also required for both l(·) and p1(·) and is included in cchp and cboi.

Additionally, simulations are compared based on environmental footprint p2(·) :
Rnu × Rnu → R expressed in kilograms of CO2 equivalents per square meter
greenhouse area

(
kg m−2

)
,

p2(u) = γboisboi + γchpschp + γcbyucby + γebyueby − γeseuese. (3.19)

The contribution of a unit input to the carbon footprint p2 is γ ∈ Rnu , i.e. γiui(t)
represents the contribution of input i ∈ {1, . . . , nu} to the carbon footprint and is
expressed in kilograms of CO2 equivalents. The gas use by the boiler is denoted by
sboi ∈ R

(
m3 m−2

)
, gas use by the CHP by schp ∈ R

(
m3 m−2

)
. The gas use by the

boiler sboi is calculated using (3.18) for uchp = 0, and vice versa for the gas use by
the CHP schp. Also, for comparisons between simulations and the KWIN based on
environment footprint p2 assumed is that the average value of the evaluated period
is equal to the seasonal average, due to unavailability of more detailed data.

3.2.7 Control Approach

This subsection describes the approach for implementing optimal control according
to the optimisation problem in (3.2). The inputs to the greenhouse system u can
typically be updated every 15 minutes, τl = 15 · 60 = 900 s, and are held constant
in-between samples. For the sake of computational efficiency, the greenhouse model
and the objective function are discretised using a zero-order hold with discretisation
interval τl. As the employed solver in this research works efficiently with sparse
problems (Wächter & Biegler, 2006), the optimisation problem is presented to the
solver in a multiple-shooting formulation. Reformulation of the optimal control
problem in (3.2) according to the latter steps, yields

J (xt) = maximize
ud(·|i)

N∑
j=0

ld (ud(j|i), c(j|i))

subject to xd(j + 1|i) = F (xd(j|i), ud(j|i), dd(j|i)) ,
(xd(j|i), ud(j|i)) ∈ X× U,

θl ≤ h (xd(j|i), ud(j|i)) ≤ θu, ,

xd(0|i) = xt∀ j ∈ {0, . . . , N}

(3.20)
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where ud(j|i) := u(jτl|iτl) is the predicted sampled input signal u at future discrete
steps (j + i)τl computed at time iτl. Similarly, xd(j|i) := (jτl|iτl) and dd(j|i) :=
d(jτl|τl) represent the predicted sampled state x and predicted disturbance d. The
discretised system, F (·) : Rnx ×Rnu ×Rnd → Rnx , is obtained by a zero-order hold
discretisation of the system in (3.1) with discretisation interval τs (s).

As the state of the system xd will evolve as predicted by propagation of F , i.e.
there is no uncertainty or model mismatch, an update step of 1 day is considered
sufficient. The algorithm in (3.20) is thus recomputed every day using the state
at that moment xt, after which the first day of the optimised trajectories in ud is
applied to the system.

To ensure all (fast) physical phenomena are accurately represented by the
discretised system, map F (·), which is based on a smaller sampling period, τs < τl
with τs = τlN

−1
sub, where Nsub ≥ 1 and Nsub is assumed to take on integer values.

By this we mean that, given the inputs ud(j|i) and dd(j|i), F (·) maps xd(j|i) into
xd(j + 1|i) according to

xd ((q + 1)τs + jτl|iτl) = F̄ (xd (qτs + jτl|iτl) , ud(jτl|iτl), dd(jτl|iτl)) ,
q ∈ {0, . . . , Nsub − 1} ,

(3.21)

with xd (jτl|iτl) = xd(j|i) and xd(j + 1|i) = xd (Nsubτs + jτl|iτl) and where F̄ (·)
represents a discretisation of the differential equation (3.1) with sampling time
τs. The prediction horizon is defined as N = (tf − t0) /τl. In the remainder of this
subsection, the selection of the subsampling factor Nsub and prediction horizon N
are discussed. Then, the solver used to solve (3.20) is presented.

Subsampling Factor Nsub

By increasing Nsub, τs will decrease such that F (·) in (3.20) will more accurately
model the (continuous) behaviour of f(·) as in(3.1). Consequently, the computation
time of the problem will increase. This subsection presents a simulation experiment,
different values for Nsub are used to analyse the trade-off between accurately
describing the behaviour of the system and the computation time of the problem in
(3.20).

To analyse the loss in accuracy when discretising the trajectory, the (continuous)
trajectory would have to be obtained from the system in (3.1). The characteristic
greenhouse climate time scale is in the order of 15 min to 1 h, according to van
Straten, Challa, and Buwalda (2000). For this analysis we assume that a simulation
with Nsub = 10, resulting in a discretisation interval of τs = τlN

−1
sub = 900 s ·10−1 =

90 s, is accurate enough to provide reliable estimates of the solutions of the system in
(3.1). The optimisation problem in(3.20) is solved and a control strategy is obtained
and applied to the system in open-loop simulations with Nsub ∈ {1, . . . , 10}.

As the greenhouse climate states have the shortest time constant, the effects of
a low Nsub and thus a long discretisation interval is most visible in these variables.
Figure 3.2 presents the resulting trajectories from the simulations. Note that the
trajectories corresponding to Nsub = 1 have been left out for the sake of clarity,
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these resulted in near-unstable behaviour due to the long discretisation interval.
One can observe from Figure 3.2 that the trajectories are close for Nsub > 3. The
simulations with Nsub < 10, are compared to the simulation with Nsub = 10, the
resulting root-mean-squared-errors (RMSE) are presented in the bottom row of
Figure 3.2. From Figure 3.2, one can observe that the further decrease of RMSE
for Nsub > 4, is small, therefore in this research we choose Nsub = 4, yielding a
discretisation interval for the state equation of τs = 900 · 4−1 = 225 s.

Figure 3.2. (top row) Greenhouse climate state trajectories for an input sequence
applied to models with different subsampling intervals Nsub, values for inside tem-
perature Tair, greenhouse air humidity Hair, and greenhouse air CO2 concentration
CO2,air are presented. (bottom row) RMSE with respect to Nsub = 10 reference
trajectory for the different subsampling intervals.

Prediction Horizon N

Intuitively, by increasing the prediction horizon N , better performance with respect
to the objective function is obtained. Consequently, the computation time of the
problem (3.20) will increase. This subsection presents a simulation experiment,
different values for the prediction horizon N are used to analyse the trade-off
between suboptimality of the problem in (3.20) and the computation time. Pro-
cesses with slow time constants cause outputs to be affected by inputs for longer
periods of time. According to van Straten et al. (2000), the greenhouse climate is
characterised by a time constant in the order of 15 minutes to one hour (in open
loop) and the time constant of a growing crop is in the order of weeks. Note that
the inputs to a (near) pure integrator (in open loop) affect the output for a (near)
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infinite period. The fully-grown crop as described in Subsection 3.2.5, is not a
(near) pure integrator. First, the fact that the LAImax is attained and is kept (close
to) constant through leaf pruning, through control, lowers the time constant of the
leaf buffer Cleaf . Second, the fruit development as described in Vanthoor (2011)
is omitted, unripe fruit is sold after being partitioned, removing this delay. Third,
the temperature sum is compared to a threshold to indicate the start of generative
phase, for a fully grown crop this temperature sum will have exceed the threshold
described in Vanthoor and the value of the temperature sum is obsolete.

To analyse the decrease in performance for a shrinking prediction horizon,
the optimisation problem in (3.20) is solved for various values of N . Choosing
a value of N � 2 · 96, will ensure the effects of the inputs have diminished and
the performance is (near) optimal, to this extent we choose N = 6 · 96 = 576.
Figure 3.3 presents the optimised state trajectories for the greenhouse climate
for N ∈ {96, 192, 288, 384, 480, 576}. For N = 192, one can observe coinciding
trajectories for the first day of the simulation with the reference N = 576. One
can also observe the greediness of optimal control, the controller does not consider
what happens after the prediction horizon. After the last radiation in the horizon,
the objective function cannot be impacted in a positive way for the remainder of the
horizon, therefore the heating and CO2 injection are switched off. Also, the leaves
are harvested to minimise transpiration avoiding a heating demand to maintain
the system within the constraints. The time constants in the system provide lower
bounds for the prediction horizon, as the effect of the input on the cost function
has to be diminished by the end of the horizon. However, similar to the fruit buffer
Cfrt, as discussed in Subsection 3.2.5, the latter will also depend on the control
strategy applied. The time constant of the buffer also suggests the heat buffer is
a slow system, from extensive simulation and Seginer et al. (2018) the specific
use of the buffer leads to a lower time constant for the controlled system. The
simulation studies presented in this chapter use a prediction horizon of N = 288,
which represents a length of 3 days. This value of the prediction horizon is believed
to be lower bound by the use of the heat buffer and the average temperature used
in the crop model.

Solver

The optimisation problem in (3.20) is solved using the nonlinear optimisation
software package IPOPT solver (Wächter & Biegler, 2006), with linear solver MA57
from HSL (HSL, 2019). The IPOPT solver is interfaced using CasADI (Andersson,
Gillis, Horn, Rawlings, & Diehl, 2019). Due to the multiple-shooting approach to
solving the optimisation problem, the number of optimisation variables is (nu +
nx) · N , with nu = 13 and nx = 8 the number of inputs and states. With a
prediction horizon of 3 days and 15 minute discretisation interval, N = 96 · 3,
yielding 6048 variables to be optimised. The combination of IPOPT with CasADI
allows an efficient solving process of this problem, as CasADI provides Jacobian
and Hessian information to the IPOPT solver (Andersson et al., 2019).
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Figure 3.3. Optimal trajectories for greenhouse air temperature Tair, greenhouse
air humidity Hair and greenhouse air CO2 concentration CO2,air for different values
of the prediction horizon N , here N ∈ {96, 192, 288, 384, 480, 576}.

3.2.8 Rule-based Controller

In order to be able to validate the models and their interconnection, a control
strategy is designed resembling KWIN (Vermeulen, 2016) and therefore the state-
of-the-practice. To this effect a rule-based controller is employed. The ventilation
rules are based on Vanthoor (2011). Key features of this rule-based controller are:

• lamps are on from 2:00 to 18:00, except when instantaneous global ra-
diation exceeds 600 W m−2 or when the predicted radiation sum exceeds
14 MJ m−2 d−1.

• greenhouse air temperature setpoint is 19.5 ◦C while lamps are on or radiation
from the sun is present, 18.5 ◦C otherwise. The setpoint is maintained using
a P-controller.

• CHP is on when lamps are on, unless heat cannot be directed to the green-
house or to the buffer. Only after the heat buffer depleted, a heating demand
switches on the CHP. Excess electricity produced by CHP is sold.

• CO2 setpoint is 1000 ppm (1.83 g m−3 at 20 ◦C), controlled by a P-controller.
If more CO2 is produced by the CHP and/or buffer than required, the surplus
is injected.

• the ventilation is forced to close if greenhouse air temperature is 1 ◦C below
temperature setpoint. The ventilation opens when greenhouse temperature
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exceeds the setpoint by 5 ◦C or when greenhouse air relative humidity exceeds
85 %. Both ventilation incentives are P-controlled.

• Screens are closed if outdoor temperature is below 5 ◦C during the day or
10 ◦C during the night. The screens open when ventilation is required.

3.2.9 KWIN

The Kwantitatieve Informatie voor de Glastuinbouw (KWIN) (Vermeulen, 2016)
periodically summarises actual information on Dutch greenhouse horticulture.
Aside from other relevant horticultural information, it also contains reference
operational figures, such as crop yield, gas use and electricity use. The information
from the KWIN will be used in this research as a representation of the state-of-the-
practice. The operational figures used in this research are those for a greenhouse
with truss tomatoes, planted in week 42, with a CHP and with HPS lighting,
specifically budget G56. To be able to compare the performance of the controlled
greenhouse system here, the costs (3.16) and contributions to the carbon footprint
(3.19) of all inputs are taken from the KWIN, these have been summarised in
Table 3.3. Also, the relevant limitations of the control inputs, presented in Table 3.2,
have been adopted from KWIN. The remainder of this subsection will state some
remarks with respect to the use of the KWIN.

The crop price provided in the KWIN is the price that is required to reach the
break-even point. The resulting crop price does reflect the seasonal differences. As
the KWIN will be used to compare the results to the state-of-the-practice, the crop
price from the KWIN is adopted. To mitigate the inaccuracy due to not including
fruit growth in the crop model, as discussed in Subsection 3.2.5, the crop price
from the KWIN is shifted 30 days backward in time. The assimilates partitioned
to the fruits are sold at that time instance for the price of 30 days later. Also, the
KWIN is based on the average prevailing weather during a year. The simulations
in this chapter are based on weather data, the source of which is presented in
Subsection 3.2.10.

3.2.10 Weather Data

The uncontrollable inputs d represent the outside weather variables, namely: global
radiation sum Qsun, outside temperature Tout, outside CO2 concentration CO2,out,
outside absolute air humidityHout and wind speed vwind. The data is measured at 5
minute interval, for the years 2011 to 2014, although only year 2014 is used in this
research. The weather data originates from an experiment described in Kempkes et
al. (2014), where various energy-saving options in greenhouses were investigated
in a Venlow Energy kas located in Bleiswijk, The Netherlands. The daily global
radiation sum QDsun, outside temperature Tout, outside absolute air humidity Hout,
wind speed vwind are presented in Figure 3.4. The areas in Figure 3.4 that envelop
the lines indicate the daily variation (maximum and minimum) of the variable,
except for the global radiation which is expressed as a daily sum. Note, that only
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Table 3.3. The weights used to multiply the control inputs with to arrive at the
performance indicators operational return, weights cchp, cboi, ccby, cese, ceby and
cfrt, and environmental footprint, weights γboi, γchp, γcby, γese and γeby. Crop price
cfrt varies throughout the season between 0.74 in summer and 1.92e kg−1 in winter.
These values originate from the KWIN (Vermeulen, 2016).

Operational Return [em−2]

cfrt [0.74-1.92] e kg−1 cboi 0.19 em−3

cese 0.037 e kW h−1 ceby 0.057 e kW h−1

cchp 0.17 em−3 ccby 0.11 e kg−1

Carbon Footprint [kg m−2]

γboi 1.87 kg m−3 γeby 0.64 e kW h−1

γchp 2.25 kg m−3 γese 0.57 e kW h−1

γcby 1 kg kg−1

the weather data is used, the parameters of the greenhouse and the experiment are
not relevant here.

Figure 3.4. The weather data input to the uncontrollable inputs of the greenhouse
system d during the simulations presented in this chapter. (left-to-right, top-to-
bottom) The daily global radiation sum QD

sun, outside temperature Tout, outside
absolute air humidity Hout and wind speed vwind. The lines ( ) represent average
values, the area’s that envelop the lines represent daily minimum and maximum.
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3.3 Results

To evaluate to what extent LED lighting improves the performance of an optimally
controlled greenhouse system, several simulation studies are performed. The first
simulation study encompasses a simulation over an interval of 218 days with
fully grown crops. These simulations are performed for a greenhouse equipped
with HPS lighting, LED lighting and no lighting, all controlled using the optimal
control algorithm presented in Subsection 3.2.7. Also, a greenhouse equipped
with HPS lighting is simulated when controlled using the rule-based controller
presented in Subsection 3.2.8. The results of this simulation study are presented in
Subsection 3.3.1. In Subsection 3.3.2, the optimally controlled system is simulated
for four 7-day intervals, using the different quantisation step sizes as discussed in
Subsection 3.2.3.

3.3.1 Season Simulations

The operation of the controlled greenhouse system is simulated for a period of 218
days, from the 11th of January to the 16th of August. The start of the simulation
period is offset compared to the period in which data is available in the KWIN. This
is due to (a) the unavailability of weather data, see Subsection 3.2.10 and (b) the
requirement for a fully-grown, producing crop introduced in Subsubsection 3.2.7.
To ensure the state of the system in the simulations here at the 11th of January
reflects the state of the system at the 11th of January in the KWIN, the state
is estimated through simulations with the crop model as presented in Vanthoor
(2011) using the same planting date. The end of the simulation period is advanced
to the 16th of August as the crop growth and transpiration model presented in
Subsection 3.2.5 does not predict the behaviour of a topped tomato crop. As
Vermeulen (2016) does not detail the topping of the crop, the crop is assumed to
be topped 4 weeks prior to the end of the cropping cycle.

In practice, the integration of a lighting systems might be coupled to a different
configuration of the system, e.g. larger heat buffer and/or larger CHP. The simula-
tions studies presented in this chapter apply to a greenhouse which is characterised
by the parameterisation of the chosen models and the systems those models have
been validated with. In the simulations presented here only the lighting system
changes.

For the sake of clarity and direct comparison with the 4-week average of KWIN,
the 4-week average value of all relevant signals will also be plotted, using the same
averaging intervals as in KWIN. The 4-week average values of a simulation denoted
by, e.g., OC is PA(OC) (periodic average).

For the sake of clarity, the results are split into two sets. Set 1 encompasses
simulations with a greenhouse system with HPS lighting controlled by the rule-
based controller and the optimal control algorithm. Set 2 encompasses simulations
with the optimal control algorithm in (3.20) for a greenhouse system with LED
lighting, HPS lighting or no lighting installed.
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Set 1: Rule-based control, Optimal Control and KWIN

The yearly totals of the operational return J for the three simulations in the first
set are presented in Table 3.4, along with the components that determine its value
through (3.16), i.e. crop harvest ufrt, gas use by the CHP schp, gas use by the boiler
sboi, (pure) CO2 bought ucby, electricity sold uese and electricity bought ueby. The
carbon footprint p2, according to (3.19), is also presented in Table 3.4. One can
observe the highest operational return in the simulation with the optimal controller
OC, 65.14em−2, an increase of 6.18em−2 (+10 %) with respect to the data in
KWIN. The simulations with the rule-based controller, Rule, realised the worst
operational return, a decrease of 9.78em−2 (-17 %) with respect to the data in
KWIN. The high operational return of the simulation with the optimal controller
OC can be explained by the higher fruit harvest ufrt, 12.54 kg m−2 (+19 %) with
respect to the data in KWIN. From the unit prices in Table 3.3, one can observe
that fruit harvest contributes considerably to the operational return, inducing the
difference between the data from KWIN and simulations with OC. To achieve
this increased fruit harvest, the optimal controller OC uses 5.64 m3 m−2 more gas
(+14 %) compared to KWIN. The rule-based controller uses the least amount of
gas but injects more CO2 and therefore has to buy considerably more CO2 than
is used in the other simulations. Also the price of buying (pure) CO2, ccby, is
considerable, 0.11e kg−1, resulting in a total expense of 1.62em−2 on bought CO2

for the rule-based controller. The increased CO2 bought by the rule-based controller
compensates the decreased gas use when evaluating the carbon footprint p2, which
is as high as the carbon footprint of the optimal controller.

To be able to analyse the seasonal differences, the daily sums of the combined
gas use of the CHP and boiler sD, electricity exchange with the grid uDeby − uDese
and CO2 injection uDCO2 are presented in Figure 3.5. One can observe that the
increased yearly total gas used by the optimal controller as presented in Table 3.4,
is primarily due to an increased gas use throughout the period from May to August.
The gas use throughout the season is similar for the simulations with the rule-based
controller and the data from the KWIN. As the KWIN only provides a yearly total
for the electricity exchange with the grid it cannot be compared on a seasonal
timescale. One can observe, however, that the rule-based controller uses more
electricity from the grid, especially in wintertime. As a CO2 demand is not coupled
to the level of operation of the CHP uchp and boiler uboi in the rule-based controller,
the rule-based controller has to buy CO2 for injection throughout a significant part
of the season in which the CHP is used less. The daily sum of fruit harvest for the
three simulations in the first set is presented in Figure 3.6. One can observe in
Figure 3.6 that the difference in fruit harvest presented in Table 3.4 between KWIN
and OC results from an increased fruit harvest throughout most of the season,
most notably during March and April. Also, in Figure 3.6 one can observe that the
daily sums of the rule-based controller and the KWIN are similar throughout the
season. The daily sum of the p1 performance for the three simulations in this set is
presented in Figure 3.7. The effect of the decreasing crop prices cfrt throughout
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Table 3.4. The yearly sums of the operational return J , crop harvest ufrt, gas use
by the CHP schp, gas use by the boiler sboi, (pure) CO2 bought ucby, electricity sold
uese, electricity bought ueby and carbon footprint p2 for the three simulations in
the first set. The first set encompasses simulations with the rule-based controller,
denoted by Rule , the optimal controller, denoted by OC, and the respective data in
the KWIN. The KWIN only gives values for total gas use, i.e. schp + sboi.

ufrt ucby uese ueby
[kg m−2] [kg m−2] [kW h m−2] [kW h m−2]

Rule 64.63 14.72 18.38 93.39
KWIN 67.46 0 39.42 101.54
OC 80.00 0.0019 47.61 96.52

schp sboi J p2

[m3 m−2] [m3 m−2] [em−2] [kg m−2]

Rule 31.90 0 49.18 135.80

KWIN 39.21 58.96 130.90

OC 44.78 0.07 65.14 135.53

summer is clearly visible. The latter induces the decrease in the difference in
p1-performance throughout summer even though the crop yield in the simulations
with OC are higher throughout summer.

The sudden decrease and subsequent increase of crop growth at the 13th of
June is found to be due to an increase in the fruit price cfrt, 30 days later, 13th of
July. The controller chooses to harvest less fruits before the 13th of June, such that
more fruits can be sold after the 13th of June. The latter is comparable to a grower
that, knowing a price increase is expected in the near future, will try to postpone
harvesting as much as possible.

Set 2: No Lighting, HPS Lighting and LED Lighting

The yearly totals of the operational return J for the three simulations in the
second set are presented in Table 3.5 which is structured similar as Table 3.4.
The simulation with HPS discussed here is the same as the one in the first set,
where it was denoted by OC. One can observe that the operation return J for the
LED-equipped greenhouse is 6.28em−2 higher (+9 %) with respect to the HPS-
equipped greenhouse. Table 3.5 shows that the biggest difference between both
simulations is the electricity exchange with the grid. The LED-equipped greenhouse
buys 24.34 kW h m−2 and sells 64.00 kW h m−2, the HPS-equipped greenhouse buys
71.68 kW h m−2 more and sells 16.39 kW h m−2 less electricity. This results in a net
difference of 88.51 kW h m−2, note, however, that buying and selling electricity are
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Figure 3.5. The daily sums of the (top) gas use sD, (middle) electricity exchange
with the grid uD

eby − uD
ese and (bottom) pure CO2 bought uD

CO2 for simulations with
the controlled greenhouse. Rule denotes the simulations with rule-based controller,
as presented in Subsection 3.2.8. OC denotes the simulations with the optimal
controller, presented in Subsection 3.2.7. The latter simulations are compared to the
data from the KWIN, denoted by KWIN. PA(·) is used to denote the 4-week average
of the daily signals.

not weighted with the same factor to arrive at operational return, i.e. cese 6= ceby,
see Table 3.3. The resulting difference expressed in monetary units, after multipli-
cation with cese and ceby, indicates a 3.60em−2 difference. The different electricity
consumption accounts for 57 % of the difference in operational return between the
HPS and LED-equipped greenhouse. The latter also affects the carbon footprint, the
LED-equipped greenhouse has a footprint which is 41.09 kg m−2 lower, a decrease
of 30 % compared to the HPS-equipped greenhouse. Other differences can be ob-
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Figure 3.6. The daily sum of the fruit harvest uD
frt for simulations with the controlled

greenhouse. Rule denotes the simulations with rule-based controller, as presented in
Subsection 3.2.8. OC denotes the simulations with the optimal controller, presented
in Subsection 3.2.7. The latter simulations are compared to the data from the KWIN,
denoted by KWIN. PA(·) is used to denote the 4-week average of the daily signals.

served in the use of the boiler, sboi, although this difference is rather low compared
to the use of the CHP. Both greenhouses harvest a similar amount of fruits, the
LED-equipped greenhouse harvests 2.58 kg m−2 more, an increase of 3 % compared
to the HPS-equipped greenhouse. The lowest operational return is obtained for the
greenhouse without artificial lighting No, which achieves 15.13em−2 less (−23 %)
with respect to the HPS-equipped greenhouse. As the greenhouse without artificial
lighting No uses a similar amount of gas as the HPS-equipped greenhouse, most
of the resulting energy can be sold, selling 96.42 kW h m−2 more than HPS, an
increase of 202 %, resulting in a low carbon footprint. The greenhouse without
artificial lighting No, emits the least CO2 equivalents per produced kilo of toma-
toes 0.19 kg kg−1, the HPS and LED-equipped greenhouse achieve 1.69 kg kg−1 and
1.14 kg kg−1, respectively.

To be able to analyse the seasonal differences in the second set, the daily
sums of the combined gas use of the CHP and boiler sD, electricity exchange
with the grid uDeby − uDese and CO2 injection uDCO2 are presented in Figure 3.8.
One can observe in the top panel of Figure 3.8 that the increased gas use of the
LED-equipped greenhouse mainly results from the winter period. During this
period, January to April, the LED-equipped greenhouse sells more electricity to the
grid as compared to the HPS-equipped greenhouse, the latter buys considerable
amounts of energy in this period. This indicates that it does not pay off for the
HPS-equipped greenhouse to generate the electricity itself, possibly due to a heat
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Figure 3.7. The daily sum of the p1 pD1 for simulations with the controlled green-
house. Rule denotes the simulations with rule-based controller, as presented in
Subsection 3.2.8. OC denotes the simulations with the optimal controller, presented
in Subsection 3.2.7. The latter simulations are compared to the data from the KWIN,
denoted by KWIN. PA(·) is used to denote the 4-week average of the daily signals.

Table 3.5. The yearly sums of the operational return J , crop harvest ufrt, gas use
by the CHP schp, gas use by the boiler sboi, (pure) CO2 bought ucby, electricity sold
uese, electricity bought ueby and carbon footprint p2 for the three simulations in the
second set. The second set encompasses simulations with the optimal controller for
a greenhouse equipped with HPS lighting, LED lighting and No lighting

ufrt ucby uese ueby
[kg m−2] [kg m−2] [kW h m−2] [kW h m−2]

HPS 80.00 0.0019 47.61 96.52
LED 82.58 0.0019 64.00 24.34
No 57.05 0.0018 144.03 0.10

schp sboi J p2

[m3 m−2] [m3 m−2] [em−2] [kg m−2]

HPS 44.78 0.07 65.14 135.53
LED 50.95 0.38 71.24 94.47
No 40.93 0.30 50.01 10.63

demand. Where both the HPS and LED-equipped greenhouse use the energy to
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power the artificial lighting, the greenhouse without artificial lighting No sells
all the produced electricity as byproduct of the heat demand. From the bottom
panel of Figure 3.8, one can observe that the reduced gas use of the HPS-equipped
greenhouse does result in a small increase in (pure) CO2 bought uDCO2. To be able
to analyse these seasonal differences on a more detailed level, Figure 3.9 presents
optimised trajectories for artificial lighting uhps and uled, CHP level of operation
uchp, electricity exchange with the grid ueby − uese, inside and outside temperature
Tair and Tout and CO2 concentration CO2,air for January 12th and June 20th. In
the winter season, January 12th, the LED-equipped greenhouse also operates the
CHP at night, resulting in more electricity sold to the grid. One can observe that
the temperature Tair, however, is not significantly different, the CO2 concentration
CO2,air is considerably different at night, however. In the summer season, June
20th, the artificial lighting is not employed throughout the entire day as compared
to January 12th. The latter effect causes the differences between resource use of
the HPS and the LED-equipped greenhouse, as presented in Figure 3.8.

The daily sum of fruit harvest for the three simulations in this set is presented
in Figure 3.10. One can observe in Figure 3.10, that, all throughout the season,
the LED-equipped greenhouse achieves a higher fruit harvest as compared to the
HPS-equipped greenhouse, which supports the figures in Table 3.5. The added fruit
harvest through artificial lighting is largest throughout the winter season, as can
be observed by comparing the both greenhouse with artificial lighting to the one
without. The daily sum of the p1 performance for the three simulations in this set
is presented in Figure 3.11. One can observe, similar as in Figure 3.7, that due to
decrease fruit prices cfrt the added benefit of the increase in crop harvest becomes
smaller. However, the CHP is operated less in the summer season, less energy is
sold as can be observed in Figure 3.8 and that all three greenhouse operate more
alike as compared to the winter season.

3.3.2 Simulations with Quantisation Effects

To quantify the effect of quantisation in the system, as referred to in Subsec-
tion 3.2.3, the optimised trajectories u∗hps and u∗led are quantised to on-off signals,
referred to as ∆ = 1, and to signals with four possible values, referred to as
∆ = 0.33. The value ∆ is here referred to as the quantisation step size. After quan-
tisation, the trajectory for u∗hps or u∗led is fixed and the optimisation algorithm in
(3.20) is used to optimise the other control inputs. The latter approach ensures that
the imposed constraints are satisfied also after the quantisation has been applied.
The three different quantisation strategies have been applied in simulations with
three different lighting systems over the course of four 7-day periods in January,
April, June and August. For the simulations without a lighting system no quantised
signals have to be applied. The state of the system at the first day in the interval
is based on the state of the system at the specific day in the simulations with HPS
lighting in Subsection 3.3.1.

The average operational return for the resulting 7-day simulations are presented
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Figure 3.8. The daily sums of the (top) gas use sD, (middle) electricity exchange
with the grid uD

eby − uD
ese and (bottom) pure CO2 bought uD

CO2 for simulations with
the controlled greenhouse. The HPS-equipped greenhouse is denoted by HPS, the
LED-equipped greenhouse is denoted by LED and the greenhouse without artificial
lighting is denoted by No.

in Table 3.6. One can observe that the quantisation step size does not significantly
affect the average operational return in the intervals tested here. The algorithm
with a lower quantisation step size can produce the same trajectories as the next
increased level of quantisation step size, i.e. the trajectories denoted by u∗ in
Table 3.6 can be exactly the same as those denoted by ∆ = 1/3. Note, therefore,
that the increase in average operational return going from ∆ = 1/3 to ∆ = 1 for
a LED-equipped greenhouse in April and the increase from u∗ to ∆ = 1/3 result
from numerical inaccuracies in the solution of the optimisation algorithm in (3.20).
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Figure 3.9. Relevant control trajectories for simulations with the LED-equipped
greenhouse and HPS-equipped greenhouse during January 12th (left) and June 20th

(right). Plotted are (row 1) artificial lighting uhps and uled, (row 2) CHP level
of operation uchp, (row 3) electricity exchange with the grid ueby − uese, (row 4)
greenhouse air and outside temperature Tair and Tout, (row 5) greenhouse air CO2

concentration CO2,air.

Figure 3.12 presents the original and quantised trajectories for April 15th for both
an HPS and LED-equipped greenhouse. One can observe how quantisation will
typically result in a value lower or higher. The original trajectories indicate the
optimal trajectory, if through quantisation more power is directed to the light, this
will reduce the operational return.
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Figure 3.10. The daily sum of the fruit harvest uD
frt for simulations with the

controlled greenhouse. The HPS-equipped greenhouse is denoted by HPS, the
LED-equipped greenhouse is denoted by LED and the greenhouse without artificial
lighting is denoted by No. PA(·) is used to denote the 4-week average of the daily
signals.

Figure 3.11. The daily sum of the p1 pD1 for simulations with the controlled green-
house. The HPS-equipped greenhouse is denoted by HPS, the LED-equipped green-
house is denoted by LED and the greenhouse without artificial lighting is denoted by
No. PA(·) is used to denote the 4-week average of the daily signals.
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Table 3.6. The average operational return J em−2 per day in the seven-day interval
for January, April and June. For each interval No lighting, HPS lighting and LED
lighting are compared using two quantisation step sizes, i.e. ∆ = 1 and ∆ = 1

3

January April June

No HPS LED No HPS LED No HPS LED

u∗ 0.04 0.16 0.21 0.31 0.35 0.37 0.17 0.19 0.20
∆ = 1

3 0.15 0.20 0.35 0.36 0.19 0.21
∆ = 1 0.15 0.20 0.35 0.37 0.19 0.20

Figure 3.12. Original and quantised trajectories for 15th of April, for both the HPS-
equipped greenhouse (left) and LED-equipped greenhouse (right). The continuous
control inputs are denoted by u∗led and u∗hps. Resulting trajectories for a quantisation
step size of ∆ = 1 and ∆ = 1/3 have also been depicted.

3.4 Discussion

In this section, the results of the simulation studies presented in section Section 3.3
are discussed in the context of the main question of this chapter: to what extent
does LED lighting improves the performance of an optimally controlled greenhouse
system, measured in operational return and carbon footprint. Subsection 3.4.1
discusses the validation of the interconnection of the models presented in Subsec-
tion 3.2.2 to Subsection 3.2.5. The performance of the optimal controller based
on (3.20) is compared with respect to the state-of-the-practice, here KWIN, and
the rule-based controller in Subsection 3.4.2. Subsection 3.4.3 discusses the ob-
served differences between an HPS and LED-equipped greenhouse, answering and
discussing the main question of this chapter. The effect of quantisation in the
context of the estimated performance increase from Subsection 3.4.3 is discussed
in Subsection 3.4.4.
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3.4.1 Model Validation

The parts of the model presented in Subsection 3.2.2 to Subsection 3.2.5 have
already been validated in their respective publications. This subsection will, there-
fore, discuss the validation of the interconnection of the parts of the model, instead
of the separate models and will therefore focus on the performance indicators pre-
sented in Subsection 3.2.6. The concept of model validation has different meanings
in different disciplines (Eker, Rovenskaya, Obersteiner, & Langan, 2018). Here,
we use the term in the sense of having “usefulness with respect to some purpose
[...] and suitability for its intended use” (Eker et al., 2018). The model will be
validated using data from the KWIN. Since KWIN provides high-level numbers on
the performance of a greenhouse in the state-of-the-practice, we believe that this
data suffices for evaluating the interconnection of the parts of the model. The
rule-based controller presented in Subsection 3.2.8 arguably controls the green-
house to a similar performance compared to the state-of-the-practice. Therefore, if
the performance indicators of the simulation with the rule-based controller match
those of the KWIN, the model describes the behaviour of the system in a way that is
consistent with what is known about current practice, in terms of the performance
indicators used in this study. As such, the model is deemed suitable for use in
subsequent contributions presented in this section.

One can observe from the results presented in Subsubsection 3.3.1 that the
performance indicators of the simulation with the rule-based controller match those
of the KWIN to a large extent. The total operational return of the greenhouse system
controlled by the rule-based controller is 9.78em−2 lower than the data from the
KWIN. The overall resource use, as presented in Figure 3.5 and the crop yield,
presented in Figure 3.6, show similar behaviour throughout the simulations. Some
of the discrepancies may be caused by the differences in the prevailing weather
conditions between the simulations with the rule-based controller and those used
in the KWIN. The KWIN uses an typical meteorological year, the effects of different
prevailing weather conditions are, therefore, hypothesised to affect the seasonal
results but the yearly totals to a lesser extent. We conclude that the model describes
the behaviour of the system sufficiently accurate for the subsequent contributions
presented in this section.

By choosing the initial state of the system to reflect that of a fully-grown crop,
the behaviour of the model can only be validated for that part of the season. It
cannot be concluded whether the model also describes the vegetative phase of
crop growth sufficiently accurate. The assumption of a fully-grown crop, however,
affects only the state of the crop growth and transpiration model. Since these
models are based on physiological principles that take crop growth processes (e.g.
leaf area index) into account, we hypothesise that the model can also be used to
describe the vegetative phase of crop growth sufficiently.
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3.4.2 Optimal Control Performance

In the results presented in Subsubsection 3.3.1, an increase in operational return
of 10 % was observed when comparing the greenhouse system controlled by the
optimal controller to the data representing the state-of-the-practice in KWIN. By
combining the various elements that make up the operational return J in Table 3.4
and the resource costs in Subsection 3.2.9 we conclude that the difference is mainly
induced by an increased crop yield. The optimal controller harvests 12.54 kg m−2

more fruit while using 5.57 m m−3 more gas and exchanging 13.21 kW h m−2 net
less electricity than the KWIN. The latter trade-off combined with a more efficient
allocation of the resources is hypothesised to result in the increased operational
return. The carbon footprint of the optimally controlled greenhouse is similar to
that of the KWIN.

None of the simulations in Subsection 3.3.1 or Subsection 3.3.2 lead to a
parameterisation of the optimisation algorithm in (3.20) for which the solver
did not converge to a solution. As undesirable configurations of the greenhouse
system are penalised through explainable white-box models into the economic
objective function, the constraints can reflect the domain of the models. Due
to the assumptions presented in Subsubsection 3.2.7, the proposed optimisation
algorithm in (3.20) and its configuration only apply to fully-grown, producing
crops. In order to be able to apply receding horizon optimal control also in the case
of a vegetative crop, i.e. the period in which the resource costs are not balanced
by crop yield, one should resort to e.g. the time-scale decomposition as described
in van Henten and Bontsema (2009), in order for the optimisation algorithm to
remain computationally feasible. As a non-producing crop will not balance the
costs of resources through crop yield, in the case of a purely economic objective
function, a long horizon, exceeding the length of the vegetative phase would be
required.

Upon execution of the optimisation algorithm in (3.20), the actual and future
prevailing weather d and actual and future crop price cfrt are input to the optimi-
sation algorithm. In practice, however, the weather d cannot be predicted perfectly.
The crop price cfrt in practice will also result from a prediction of the crop price
30 days into the future. Additionally, the simulated state of the system xt is input
to the optimisation algorithm in (3.20) upon execution. In practice, the state of
the system will be the result of measurements with a limited accuracy, resulting in
errors and uncertainty. The 10 % increase in operational return should therefore
be seen as a performance bound, i.e. the performance that can be achieved if
perfect predictions and measurements are available to the optimisation algorithm
in (3.20).

Concluding, the optimal controller achieves a 10 % increase in operational
return over part of the season that was simulated. The latter 10 %, however, does
indicate a performance bound as perfect predictions of the weather and crop
price as well as perfect measurements of the system are used here. The proposed
approach is valid for greenhouses with fully-grown, producing crops.
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3.4.3 Comparison of Lighting Systems

In the simulations presented in Subsubsection 3.3.1, the LED-equipped green-
house controlled by an optimal controller achieved an operational return which
is 6.28em−2 higher than an HPS-equipped greenhouse controlled by an optimal
controller, an increase of 9 %. Also, the carbon footprint of the LED-equipped
greenhouse is 30 % lower as compared to the HPS-equipped greenhouse, in the
simulations presented here. The results of the simulations presented in Table 3.5,
combined with the prices presented in Subsection 3.2.9, show that this difference
is for 57 % induced by a decreased electricity use of the LED-equipped greenhouse
system. Cheaper electricity from the grid, a decreased ceby, or a decreased sales
price of electricity to the grid will mitigate the observed increase. Also, if the
electricity from the grid is more sustainable, i.e. a lower γeby, as it e.g. would
originate from renewable resources, the decreased carbon footprint will also be
mitigated. Due to the mechanistic nature of the presented model, new additions to
the heating or energy generation, such as geo-thermal energy, windmills and/or
solar panels, can be changed in the proposed model.

The performance increase discussed here is obtained in simulations in which the
control inputs result from the optimisation algorithm which aims to solely optimise
the operational return. A lower carbon footprint, which is not the current aim
of the optimal controller, could be added to the objective function by penalising
carbon emissions. Potentially, an even lower carbon footprint could be obtained,
however, most likely at the expense of operational return.

The models used in this chapter do not take into account the potential positive
(e.g. increased dry mass partitioning to fruits) and negative (e.g. Botrytis cinereal
resistance) spectral effects that LED light can have on crop physiology, for instance
by supplying far-red light (Ji et al., 2019). However, it does allow for the future
inclusion of these effects as the selected crop model is mechanistic (white box) and
variables such as partitioning are explicitly modelled.

As the system assumes the crop is just producing and start simulating from that
point on, no conclusions can be drawn on the potential benefits or drawback of
using LED lighting in the vegetative phase of the crop. In order to add this to the
proposed approach a solution as presented in Subsection 3.4.2 would have to be
added to the approach presented here.

3.4.4 Effect of Quantisation on Performance

The observed 9 % performance increases discussed above, when comparing op-
timal control to the state-of-the-practice and when comparing a LED-equipped
greenhouse to one with HPS, assume that the artificial lighting can be dimmed,
i.e. any value between 0 % and 100 % can be achieved. In practice, as explained
in Subsection 3.2.3, this cannot be achieved. Based on the results presented in
Subsection 3.3.2 we hypothesise that the effect of the quantisation in the system
on this performance increase will not be significant if the optimisation algorithm
is executed once more after quantisation. In Table 3.6, one can observe that the
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decrease in average operational return is not significant when various quantisation
step sizes are used.

Removing the optimisation step after quantisation could lead to constraint
violation, e.g. the optimal controller might find an optimum at 80 % power at a
specific time instant, the 100 % power after quantisation, however, might increase
the temperature such that it violates the constraint. As the aim of this research
was to find to what extent it would change the performance of the greenhouse,
no computationally optimal method was employed. A viable way to solve an
optimisation algorithm as in (3.20) with the effects of quantisation included would
be with employing an mixed-integer non-linear optimisation problem solver, as is
used in van Beveren et al. (2019) to optimise the operation of boiler and CHP.

3.5 Conclusions & Recommendations

The aim of this simulation study is to quantify the difference in operational return
and carbon footprint in simulations using an optimally controlled greenhouse with
HPS and LED lighting. To this extent, existing models in literature have been
combined to arrive at a model of the greenhouse system. As the components have
been validated in their respective publication, the interconnection of the models
was validated using data representing the state-of-the-practice. An optimal control
algorithm is proposed which, in combination with the aforementioned model,
can control the greenhouse system using a purely economic objective function
(no penalty functions). The simulations in this chapter suggest a performance
increase of 10 % in the operational return when comparing an optimally controlled
greenhouse to the state-of-the-practice. Using the optimal control algorithm, the
simulations presented here suggest an 9 % increase in operational return when
comparing a greenhouse with HPS to one with LED lighting. Due to decreased
electrical energy demand and an increased sale of electricity generated by a CHP
in the greenhouse with LED lighting compared to HPS lighting, the simulations
suggest a 30 % decrease in carbon footprint when adopting LED lighting systems,
for tomatoes cultivated in Dutch weather conditions. Simulations suggest that
the effect of quantisation in the system, as the lamps can only be on or off, is not
considerable.

The optimal controller here is configured using perfect predictions of the
weather and crop price as well as perfect measurements of the system are as-
sumed. The 10 % increase in operational return due to the integration of optimal
control should be viewed as a bound on the performance increase. To the best of
our knowledge the effect of the uncertainty inherited in predictions and models on
the performance of the greenhouse system is unknown.



3

3.6 Appendix: Heat buffer model 71

3.6 Appendix: Heat buffer model

The model for the greenhouse heat buffer is taken from Seginer et al. (2018), it is
represented by the differential equation

ẋs = usto −Ha, (3.22)

where xs
(
J m−2

)
represents the energy stored in the buffer, usto

(
W m−2

)
the

energy supplied to and released from the buffer, see Table 3.2. The thermal losses
are represented by Ha

(
W m−2

)
, see (3.3). In (3.3), the value α

(
s−1
)

represents
the thermal insulation of the heat buffer, this is given by

α =
kA · sA

mw · cw · dA
, (3.23)

where kA
(
J m−1 s−1 K−1

)
represents the thermal conductivity of the heat buffer

surface, this has been chosen as 1.28 J m−1 s−1 K−1 equal to concrete. The surface
area of the heat buffer sA = 309.81 m2 and mass of the water mw = 3.98× 105 kg,
have been chosen based on a heat buffer with a height of 5.68 m and a radius
of 4.73 m, using the same ratio as in van van Steekelenburg, Hoogervorst, and
van Antwerpen (2011), but matching the heat capacity of the heat buffer from
Seginer et al. (2018). The thickness of the heat buffer wall was chosen dA = 0.6 m,
hence α = 3.96× 10−7 s−1. The resulting trajectories of (3.22) matched with those
presented in van Steekelenburg et al. (2011).
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Chapter 4

Weather Forecast Error Modelling and Performance
Analysis of Automatic Greenhouse Control

Abstract
In the published simulation studies on greenhouses climate control that employ
optimal control, often non-realistic weather forecasts are employed, e.g. the re-
alisation of the weather or artificially created forecasts are used. This research
aims to quantify the effect of weather forecast errors on the performance of the
controlled greenhouse system measured in terms of operational return. The opera-
tional return is defined as the difference between cost of resources (resource use ×
cost) and the income through yield (yield × product price). A stochastic model of
the weather forecast error was identified based on historical weather observations
and forecasts from a weather forecasting service. An uncertainty analysis, using
the stochastic model showed that a considerable number of control inputs are
sensitive to the forecast errors. A simulation study involving three 7 day-intervals
throughout the growing season showed, however, that the performance of the
controlled greenhouse system is not significantly affected by the forecast error, a
performance decrease of 0.03em−2 was observed with respect to the case in which
perfect forecasts were used. The results suggest that an optimal control algorithm
which (a) is updated every 15 minutes with the full state information, (b) uses
forecasts published every 6 hours and (c) uses published forecasts with a quality
similar to the weather forecasting service used here, is able to mitigate the effect of
the weather forecast error on the performance of the greenhouse system.

This chapter is based on:
Kuijpers, W. J., Antunes, D. J., van Mourik, S., van Henten, E. J., & van de
Molengraft, M. J. (2021b). Weather Forecast Error Modeling and Performance
Analysis of Automatic Greenhouse Control. Submitted, 1–22
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4.1 Introduction

The Netherlands is one of the biggest exporters of vegetables in the world, but this
comes at a price. In 2018, the Dutch horticultural industry consumed 100.5 PJ,
of which only 7.4 PJ were produced in a sustainable manner. This use of energy
resulted in a CO2 emission of 5.7 Mt (Velden & Smit, 2019). The Dutch horticultural
industry signed an agreement with the Dutch government to decrease the CO2

emission and its environmental footprint. Among other innovations, automatic
control of the greenhouse is likely to contribute to achieving the goals set in the
Dutch agreement and may lead to a more sustainable cultivation worldwide (van
Straten & van Henten, 2010).

Automatic control can be used to compute suitable trajectories for the control
inputs to the greenhouse system (e.g. level of operation of the combined heat
and power unit (CHP), ventilation rate, CO2 injection) in order to improve, for
example, yield, CO2 emission or a combination of both. To realise optimal control,
the literature often poses optimal control, see (Tap, 2000; van Straten & van
Henten, 2010; Seginer et al., 2018) and Chapter 3, among various other control
approaches. In optimal control, the control action is the result of an objective
function optimisation over a future time interval. Throughout this time interval, the
operation of the greenhouse system is affected by various weather variables, such
as global radiation, temperature and wind speed. Optimisation over a future time
interval thus requires a forecast of the relevant weather variables. Due to necessary
approximations in numerical weather models used for weather forecasting, weather
forecasts may not match the actual realisation of the weather variable, introducing
uncertainty in the weather forecast. The uncertainty of a weather forecast typically
increases with forecast lead time. The forecast lead time is the period of time
between the instance of time when the forecast is published and the time instance
at which the weather variable is predicted.

In the literature on greenhouse climate control that employs optimal control,
various approaches to modelling and incorporating weather forecasts are presented.
When simulating past time instances, the actual realisation of the weather can
be substituted for the weather forecasts (Ferreira & Ruano, 2008; van Beveren
et al., 2015b; Seginer, van Straten, & van Beveren, 2017b). Weather forecasts
can also be synthesised by, e.g. assuming periodic weather (Seginer et al., 2017a)
combined with a stochastic variable (Chen et al., 2018) or by assuming constant
weather (Ioslovich & Seginer, 2002). Irrespective of the approach used, most
published research assumes that the weather forecast matches the actual realisation
of the weather variable, i.e. no weather forecast error. The lazy-man weather
forecast presented in Tap (2000) and used in van Ooteghem (2007), however,
does include a weather forecast error. Also, in documented experimental studies,
such as Ghoumari et al. (2005), a weather forecast error was included through
the use of weather forecasting services. The latter researches, alongside most
other documented researches in which a weather forecast error is present, did not
incorporate the uncertainty of the weather forecast error in the synthesis of the
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controller.
If the uncertainty in the weather forecast error is not included in the synthesis

of the controller, the resulting control action may be optimal with respect to the em-
ployed objective function for some realisations of the weather but sub-optimal for
others, i.e. risk is not taken into account (Doeswijk, 2007). In turn, a system takes
risk into account if it satisfies robust performance conditions, i.e. performance spec-
ifications are met for a predetermined set of possible realisations of the uncertainty.
In Mayne (2014) and Saltık, Özkan, Ludlage, Weiland, and Van den Hof (2018),
various model predictive control (MPC) algorithms are discussed that are tailored
to uncertain systems. If the weather forecast error is considered as a stochastic
variable, various algorithms can be employed to obtain robust performance. The
research presented in this chapter builds upon the work presented in Oldewurtel,
Jones, Parisio, and Morari (2014) and Zhang, Schildbach, Sturzenegger, and Morari
(2013), in which stochastic MPC and randomized MPC (RMPC) algorithms were
considered for building climate control. The latter control algorithms may also be
viable solutions to the challenges in the greenhouse control problem, primarily as
we hypothesise that the uncertainty in weather forecasts considerably affects the
performance of both applications.

To the best of our knowledge it is unclear to what extent the presence of weather
forecast errors affects the performance of an optimally controlled greenhouse
system. This research aims to quantify the loss in performance of the system due to
the presence of weather forecast errors when the controller synthesis neglects the
effect of the uncertainty. The performance of the greenhouse system is measured
in terms of the operational return, which balances the cost of resources (resource
use × cost) with the income through yield (yield × product price). This research
employs weather forecasts that are synthesised using a stochastic weather forecast
error model, inspired by Oldewurtel et al. (2014) and Zhang et al. (2013). The
forecast error model is based on an autoregressive (AR) model with a stochastic
element. Here, a model is used to predict the weather forecast error, in contrast to
Huang and Chalabi (1995), who showed an approach in which the windspeed is
predicted using an adaptive AR model. The parameters of the forecast error model
are identified using historical observations and historical forecasts from the KNMI,
more specifically, forecasts from the HARMONIE-AROME Cy40 model (Bengtsson
et al., 2017). Similar to the KNMI, the synthesised weather forecasts are published
every 6 hours. A Kalman filter updates the previously published forecast until a
new forecast is published, using the measured weather at the greenhouse site, an
approach similar to Doeswijk (2007) and Oldewurtel et al. (2014). This research
also aims to quantify the loss in performance of the system due to the presence of
weather forecast errors when the controller synthesis takes into account the effect
of the uncertainty. To this extent, the RMPC algorithm presented in Zhang et al.
(2013) was also evaluated.

The contribution of this research is three-fold:

• The parameters in the stochastic error model proposed in Oldewurtel et al.
(2014) and Zhang et al. (2013) are identified based on historical data from
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the HARMONIE-AROME Cy40 model for the Dutch climate.

• The loss in performance of the optimally controlled greenhouse system due to
the presence of weather forecasts is quantified for non-zero weather forecast
error when the controller neglects the effect of the uncertainty.

• The loss in performance of the optimally controlled greenhouse system due to
the presence of weather forecasts is quantified when controlled with RMPC,
an algorithm in which the effect of the uncertainty is explicitly included.

The remainder of this chapter is organised as follows, Section 4.2 elaborates on
the models employed for the greenhouse and the weather forecasts, as well as the
various control approaches that are used. The simulation studies and corresponding
results are presented in Section 4.3 and the results are discussed in Section 4.4.
Directions for future work and the conclusion of this research are presented in
Section 4.5.

4.2 Models & Methods

The research presented here builds upon the greenhouse control problem as pre-
sented in Chapter 3. Relevant parts of this control problem are presented in
Subsection 4.2.1. The parameters of the stochastic weather forecast error model
are identified based on historical data for the Dutch climate. Subsection 4.2.2
details the origin of the historical weather forecasts and corresponding historical
weather measurements. The stochastic model and the identification of its param-
eters are presented in Subsection 4.2.3. The various types of weather forecasts
and the simulation studies that are used to evaluate the effect of the forecast error
are presented in Subsection 4.2.6. The Kalman filter and RMPC, that distinguish
the various types of weather forecasts, are presented in Subsection 4.2.4 and
Subsection 4.2.5, respectively.

4.2.1 Greenhouse Control Problem

The controlled greenhouse system is graphically represented by the block diagram
in Figure 4.1. The model of the greenhouse system is composed of the energy
management system model ΣE , greenhouse climate system model and lighting
system model ΣG and crop growth and transpiration model ΣC . The greenhouse
system is modelled with a state-space representation with states x ∈ Rnx , control-
lable inputs u ∈ Rnu and uncontrollable inputs d ∈ Rnd . The components of the
state vector x and controllable inputs vector u are listed in Table 4.1 and Table 4.2,
respectively. The interaction between the greenhouse climate model and the crop
model (temperature, CO2 concentration, radiation and relative humidity) and vice
versa (assimilation and transpiration), are denoted by yg and yc in Figure 4.1,
respectively. Further details on the model used in this chapter can be found in



4

4.2 Models & Methods 77

Chapter 3. The simulation studies presented here are based on a greenhouse with
high-pressure sodium (HPS) lamps.

Figure 4.1. Block diagram representation of the greenhouse control system. The
system is composed of controller ΣM , energy management system ΣE , greenhouse
climate and lighting system model ΣG and crop growth and transpiration model ΣC .
The control inputs to the greenhouse system are denoted by u. The elements of u
input to ΣC encompass the harvest of fruits and leaves. The controllable inputs to
greenhouse climate model, e.g. ventilation, screen deployment, heating and CO2

injection are denoted by ug. The uncontrollable inputs to the greenhouse climate
model are denoted by d, the outside weather. Variables yg and yc denote the effect
of the greenhouse climate on the crop (temperature, CO2 concentration, radiation
and relative humidity) and the effect of the crop on the greenhouse (assimilation
and transpiration), respectively.

The controllable inputs to the greenhouse system u can be updated every 15
minutes, τl = 15 · 60 = 900 s and are held constant in between samples. For the
sake of computational efficiency, these inputs are discretised using a zero-order
hold with sampling time τl.

In the simulation studies presented here, the discrete-time control inputs to
the greenhouse system ud ∈ Rnu resulted from an optimisation problem solved by
controller ΣM , the resulting control inputs are denoted by u∗d ∈ Rnu . The controller
aimed to optimise the operational return J ∈ R (em−2),

J (ud) =

N∑
j=0

l (ud(j|i), c(j|i)) , (4.1)

over a finite receding horizon. This horizon starts at time instance i and subsequent
time instances in the horizon are denoted by j ∈ {0, . . . , N}, where N is the length
of the prediction horizon. The length of the prediction horizon used in this research
reflects 3 days, i.e. N = 288 as τl = 900 s. The greenhouse system is characterised
by slow time scales, which originate mainly from crop- and fruit development.
In Chapter 3, however, the elements that induce the slow time scale are either
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removed or reformulated to arrive at a model for a fully developed, generative crop.
Function l(·) : Rnu×Rnu → R expresses the cost contribution of each element in ud,
the control inputs are multiplied with weights c ∈ Rnu to express the contribution
of each input in monetary units, i.e. l (ud, c) = cTud. The input vector ud includes
elements with a negative contribution to the return (costs) such as through gas use
or electricity use, ud also includes elements with a positive contribution (profit)
such as fruit harvest and electricity sales. In the model presented in Chapter 3, fruit
harvest is modelled as an control input.

The discrete-time states of the greenhouse system xd ∈ Rnx affect the optimisa-
tion of the controllable inputs ud through the constraints. The state constraints are
expressed by the lower and upper bounds in Table 4.1, represented by set X ⊂ Rnx .
The set U ⊂ Rnu represents admissible values for the inputs, based on the lower
and upper bounds in Table 4.2. The ne inequality constraints are expressed in terms
of functions h : Rnx ×Rnu → Rne , these lower and upper bounded by θl ∈ Rne and
θu ∈ Rne , respectively. The optimisation problem aims to find u∗d by maximising
the operational return within the feasible region outlined by the constraints

u∗d = arg max
ud(·|i)

N∑
j=0

ld (ud(j|i), c(j|i))

subject to xd(j + 1|i) = F
(
xd(j|i), ud(j|i), d̂(j|i)

)
,

(xd(j|i), ud(j|i)) ∈ X× U,
θl ≤ h (xd(j|i), ud(j|i)) ≤ θu, ∀ j ∈ {0, . . . , N} ,

xd(0|i) = xt.
(4.2)

The state of the system at the present time is represented by xt ∈ Rnx . Vector
xd(j|i) is the predicted1 state at future time instance j+i computed at time instance
i. The inputs to the greenhouse at time instance j+i predicted at time instance i are
represented by ud(j|i). The forecast of the uncontrollable inputs to the greenhouse
d̂(j|i) ∈ Rnd encompasses the relevant weather variables i.e. global radiation,
outside air temperature, outside air CO2 concentration, outside air humidity and
wind speed. The dynamical model F (·) : Rnx × Rnu × Rnd → Rnx represents ΣE ,
ΣG and ΣC and provides a mapping from inputs and states to the states τl into the
future. Further details on model F can be found in Chapter 3 and Appendix A. It is
implicit in (4.2) that the controller is assumed to have full state information.

The optimisation algorithm presented in (4.2) was solved iteratively with a
receding horizon. The control strategy u∗d was updated every sample, i.e. every 15
min, in contrast to the daily update rate, i.e. every 96 samples, as used in Chapter 3.
The increased update rate is a first step towards mitigation of the effect of the
forecast error (Mayne, 2014). At every sample, the optimisation algorithm obtained
feedback of the system through the state of the system at the present time xt. The

1the notation ·(j|i) denotes the variable ·(j + i) predicted at time instant i.
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Table 4.1. States in the greenhouse system model x and corresponding constraints
represented by lower and upper bounds.

x = [xs; Tair; Hair; CO2,air; Cbuf ; Cleaf ; Cfrt; Tc24]

bound

symbol lower upper unit description

xs 0 3 · 106 J m−2 heat stored in heat buffer
Tair 10 35 ◦C greenhouse air temperature
Hair 5 35 g m−3 greenhouse air humidity

CO2,air 0.69 2.79 g m−3 greenhouse air CO2

concentration

Cbuf 0 20 g m−2 crop carbohydrates in
assimilate buffer

Cleaf 0 0.12 g m−2 crop carbohydrates in leaves
Cfrt Cfrt,off ∞ g m−2 crop carbohydrates in fruit

Tc24 10 35 ◦C
24 h greenhouse air
temperature

state of the system includes the effect of the weather forecast error at previous
time instances. The realised forecast error e ∈ Rnd , the value of which is uncertain,
manifests itself through d̂(j|i) = d(j + i) + e(j|i). One of the approaches to handle
the uncertainty is to neglect its effect and design a controller based on the nominal
case, assuming d(j + i) = d̂(j|i). The latter technique, often combined with a high
update rate as discussed previously, is referred to as certainty equivalence MPC
(CEMPC) (Saltık et al., 2018) and mitigates the effect of the forecast error e(j|i) on
the operational return J through feedback. The CEMPC controller was used in the
simulation studies as the approach which neglects the effect of the uncertainty on
the performance of the controlled greenhouse system.

Throughout the results presented in this chapter, three indicators are used to
compare the performance of the greenhouse system under varying configurations
and conditions. The first indicator is the operational return l (em−2), introduced
in (4.1), which balances the income through fruit yield, ufrt and electricity sales
uese with the objective for buying electricity ueby, using gas s (ud) and buying
(pure) CO2 ucby. The latter indicator is also employed as objective function in
the optimisation algorithm (4.2). The second indicator is the gas use denoted by
s(·) : Rnu → R (m3 m−2), gas is used by the CHP uchp and boiler uboi. The third
indicator is the carbon footprint p2(·) : Rnu → R (kg m−2). The carbon footprint
increases with the use of gas s (ud), buying pure CO2 ucby and buying electricity
ueby, the carbon footprint decreases with selling electricity uese. All aforementioned
indicators are linear combinations of the inputs, the weights used to express the
contribution of each input to indicator value in the respective unit are defined in
Chapter 3 and Vermeulen (2016).



4

80 Weather Forecast Error Modelling and Performance Analysis

Table 4.2. Inputs to the greenhouse system model u and corresponding constraints
represented by lower and upper bounds.

u = [uchp; uboi; uhps; uled; ueby; uese; uCO2; ucby; usto; uven; uscr; ulea; ufrt]

bound

symbol lower upper unit description

uchp 0 125 W m−2
the level of operation of the
combined heat and power
(CHP)

uboi 0 83.33 W m−2 the level of operation of the
boiler

uhps 0 100 W m−2 electrical power to HPS lighting
uled 0 61.67 W m−2 electrical power to LED lighting
ueby 0 250 W m−2 electrical power bought
uese 0 250 W m−2 electrical power sold
uCO2 0 250 g m−2 s−1 greenhouse CO2 injection
ucby 0 250 g m−2 s−1 pure CO2 bought
usto −250 250 W m−2 energy flux to heat buffer
uven fvmin(d) fvmax(d) m3 m−2 s−1 ventilation rate

uscr 0 1 -
screen set (1 represents fully
deployed)

ulea 0 0.4 · 10−6 g m−2 s−1 leaf harvest
ufrt 0 0.4 · 10−4 g m−2 s−1 fruit harvest

4.2.2 Weather Forecasts & Observations

In this subsection, the origin of the historical data which were used in the identifica-
tion of parameters of the stochastic weather forecast error model is presented. The
historical data for the weather forecasts originate from the HARMONIE-AROME
Cy40 model run by the KNMI. The weather forecasts are published every 6 h start-
ing at midnight, i.e. at time instances k ∈ {0, 6M, 12M, . . .}, where M = 4 is the
number of time instances in an hour. The lead time of a forecast τf ∈ R represents
the time interval between the time instance the forecast is published k2 and the
time instance at which the weather variable is predicted k1, i.e. τf = k1 − k2. The
relevant weather variables forecasted are outside air temperature Tout (◦C), outside
absolute air humidity Hout (g m−3), wind speed vwind (m s−1) and global radiation
Qsun (W m−2). The weather forecasts by the HARMONIE-AROME Cy40 model
have a maximal lead time of 48 h, with a temporal resolution of 1 h, i.e. np = 49
time instances are forecast, at time instances τf ∈ {0, 1M, 2M, . . . , 48M}. The
outside air CO2 concentration CO2,out (g m−3) is not forecasted. The HARMONIE-
AROME Cy40 model provides forecasts for a spatial grid covering Europe. The grid
consists out of 340 × 340 points spaced 0.05° along both lateral and longitudinal
axis. Although the research presented here involves a simulation study and the
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greenhouse is not location-bound, we chose the grid point closest to the green-
house where the data from the weather realisation d originates from, Bleiswijk,
grid point 52° 2′ 9.6N, 4° 30′ 50.36E, (Kempkes et al., 2014). The historical data for
the weather observations originated from the automatic weather station Rotterdam
(06344) located at 51° 58′N, 4° 27′E, 9 km away from the forecast grid point. All
observations and 400 forecasts, here denoted by d̃ ∈ Rnd , for that specific location
were stored in the period from 01-01-2020 to 01-07-2020. In Figure 4.2, a subset
of this data, i.e. historical temperature observations and 33 temperature forecasts,
is presented. Every individual forecast is represented by a line of 48 h in length.
The historical data for the forecasts and the observations were used to identify the
stochastic model of the weather forecast error as described in Subsection 4.2.3.
In the simulation studies, the realisation of the weather applied to the system d

Figure 4.2. Historical temperature observations d compared to 33 temperature
forecasts d̃ in the interval February 1st, 2020 to February 16th, 2020, originating from
the HARMONIE-AROME Cy40 model. The forecasts have been plotted as separate
lines starting at the time of the forecast with a length of 48 h.

originated from an experiment described in Kempkes et al. (2014), where vari-
ous energy-saving options in greenhouses were investigated in a Venlow Energy
kas located in Bleiswijk, The Netherlands. The data, which consist of outside air
temperature Tout (◦C), outside absolute air humidity Hout (g m−3), outside air
CO2 concentration CO2,out, wind speed vwind (m s−1) and global radiation Qsun
(W m−2), are measured at 5 min interval, during the years 2011 to 2014. In the
simulation studies here, only year 2014 was used. The historical observations
by the KNMI could not be used for this purpose due to the unavailability of CO2

concentration measurements and an insufficient temporal resolution, i.e. the ob-
servations by the KNMI have a resolution of 1 h where at least 15 min is required.
Subsection 4.2.3 details how the data from Kempkes et al. (2014) was combined
with the stochastic weather forecast error model to synthesise weather forecasts for
the realisation of the weather.
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4.2.3 Weather Forecast Error Model

For a weather forecast published at time instance i and forecasting weather variables
at time instance i+ τf , the forecast error e is defined as the difference between the
published weather forecast d̃ and the corresponding weather realisation d, i.e.

e(τf |i) = d̃ (τf |i)− d(i+ τf ). (4.3)

The forecast error for τf > 0 can only be calculated in retrospect as d (i+ τf ) is not
available at time instance i. A stochastic forecast error model was used to describe
the stochastic properties of the forecast error. The structure of the stochastic forecast
error model was chosen to reflect that of an autoregressive model of order 1 (AR(1)),
a model with a similar structure was successfully employed in Oldewurtel et al.
(2014) and Zhang et al. (2013). The AR(1)-model is parameterised by diagonal
matrix Ψ ∈ Rnd×nd , vector ξ ∈ Rnd and is given by

e (τf + 1|i) = Ψe (τf |i) + ξ + w̄ (τf ) , (4.4)

where w̄ (τf ) ~N (µh, σh (τf )) represents the residual after identification with mean
µh ∈ Rnd and standard deviation σh ∈ Rnd . The contribution of this research
is the identification of the parameters Ψ, ξ and w̄ (τf ) using relevant historical
observations and forecasts from a Dutch weather forecasting service. With respect
to the model proposed in Oldewurtel et al. (2014) and Zhang et al. (2013) the
dependency of w̄ on τf was added to account for the increase in the forecast error
e for increasing values of the lead time τf .

To support the hypothesis that an AR(1) model structure suffices to describe the
correlation between the data samples, the partial autocorrelation function (PACF)2

was calculated for the available historical data. The model in (4.4) describes the
evolution of the forecast error for Tout, absolute air humidity Hout, wind speed
vwind and global radiation Qsun, all elements in d except for the CO2 concentration
CO2,out as no forecasts of the CO2 concentration are available in the historical
forecast data. The left panel of Figure 4.3 depicts the PACF for the temperature
element in e, the lags follow from the lead time τf in terms of hours, as the temporal
resolution of the forecasts is 1 h. The PACF for all elements in e is significant for lag
1 only, hence an AR(1) model structure suffices to describe the correlation between
the samples in e (Box et al., 2016). The PACF of the temperature component of
w̄ in the right panel of Figure 4.3 shows that partial autocorrelation at lag 1 is
compensated by the AR(1)-model. Results leading to similar conclusions were
obtained for the other components of vectors e and w̄. The interactions between
weather variables are not captured by the individual PACFs, therefore Ψ in (4.4)
was chosen to be diagonal. Also, the residuals w̄ were modelled as independent
signals. An analysis, including the cross terms in the correlation of e, was out of
scope of this research as the model in (4.4) provides a description of the weather

2The partial autocorrelation function at lag i ∈ N of variable z(t) ∈ R with t ∈ N is defined as the
correlation between z(t) and z(t−i) with the correlation between z(t) and z(t−1),z(t−2),. . . ,z(t−i+1)
removed. (Box, Jenkins, Reinsel, & Ljung, 2016)
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forecast error which is sufficiently accurate for this research. After identification,
the standard deviation σh of w̄ is determined per value of τf .

Figure 4.3. Partial autocorrelation function (PACF) of (left) historical forecast error
e, (right) the residual after identification w̄. The lags follow from the lead time τf
and are in terms of hours. From the left panel one can observe that an AR(1)-model
can sufficiently capture the correlations between different lags in e(·|i). The right
panel shows that the residual after identification w̄ is not auto-correlated. The
PACF presented here is for the temperature element, the PACF for the other weather
variables have not been plotted.

Propagation of the stochastic model allows for the creation of artificial forecasts
d̃ with similar stochastic properties as the historical weather forecasts based on
a weather realisation d, i.e. d̃ = d + e and substituting e with (4.4). In order to
generate a forecast, realisations of w̄ (τf ) ~N (µh, σh (τf )) have to be obtained. In
Figure 4.4, the historical temperature observations and 33 synthesised forecasts are
presented for the same period of time as in Figure 4.2. Every individual forecast is
represented by a line of 48 h in length. In order to compare the stochastic properties
of the historical forecasts and the synthesised forecasts, Figure 4.5 presents the
mean µ and corresponding 3σ-bounds as a function of τf for both forecasts. The
left panel of Figure 4.5 presents the average forecast error, denoted by µh, and
3σ-bounds of for the temperature element in the historical forecasts. The right
panel of Figure 4.5 presents the same stochastic properties of the synthesised
temperature forecast errors. One can observe that the stochastic properties of the
synthesised temperature forecast errors are similar to those of the original forecasts.

4.2.4 Kalman Filter

The weather forecasts by the KNMI are published every 6 h. In between forecasts,
the previously published forecast was synchronised with the prediction horizon of
the optimisation algorithm. The previously published forecast synchronised with
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Figure 4.4. Historical temperature observations d compared to 33 synthesised
temperature forecasts d̃ in the interval February 1st, 2020 to February 16th, 2020.
The forecasts are plotted as separate lines starting at the time of the forecast with a
length of 48 h.

Figure 4.5. The stochastic properties, mean µ and 3σ-bounds are presented for
various values of τf for (left) the original temperature forecasts (right) synthesised
temperature forecasts. The stochastic properties in these panels are based on 400
forecasts each. One can observe that the stochastic properties of the synthesised
temperature forecasts using (4.4) and the original forecasts from the HARMONIE-
AROME Cy40 model match.

the prediction horizon is denoted by ď(j|i) ∈ Rnd and defined as

ď (j|i) = d̃ (j + a|i− a) , (4.5)

where a ∈ N is the number of time instances since the previously published forecast.
The Kalman filter proposed in this subsection uses the local weather measurement
d̄ ∈ Rnd to update the previously published weather forecast ď until a new forecast
is published. The Kalman filter compensates for the deterministic part of the model,
i.e. the multiplication of the previous error e(τf |i) with Ψ and the addition of ξ.

The prediction stage of the Kalman filter uses the model in (4.4) to predict the
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augmented forecast error at the next time instant

ê(i) =


ê(0|i)
ê(1|i)

...
ê(np|i)

 ∈ Rnp·nd (4.6)

which contains the predicted forecast error for the np time instants within the
forecast. The update stage of the Kalman filter updates the predicted augmented
forecast error ê using the forecast error at the current time instance denoted by
ē(i) = d̃(0|i)− d(i) ∈ Rnd to calculate the augmented updated forecast error ê ∈
Rnp·nd . The predicted and updated estimate covariances matrices are represented
by P̂ ∈ Rnp·nd×np·nd and P̃ ∈ Rnp·nd×np·nd , respectively. The Kalman filter is
depicted in Figure 4.6. The switch in Figure 4.6 represents the ability to use the
Kalman filter to improve the forecast. The left part of Figure 4.6 represents the
synthesis of artificial forecasts as outlined in Subsection 4.2.3.

Propagate 

(4) 

Update

Stage

Prediction

Stage

Arti icial Forecasts

(5) 

Figure 4.6. Block diagram of the synthesis of artificial forecasts d̃ and the Kalman
filter implementation. The block denoted by (4) uses the equation in (4.4) to
generate artificial forecasts. The blocks denoted by [1] extract the first time instance
from the time interval represented by the signal. The block denoted by (5), uses
(4.5) to synchronise the previously published forecast d̃ with the prediction horizon
of the optimisation algorithm, resulting in ď. The predicted and updated forecast
errors are represented by ê and ẽ, respectively, their estimate covariance matrices
by P̂ and P̃ , respectively. The weather forecast input to the controller is denoted by
d̂. The weather forecast input to the controller d̂ can be chosen to be equal to the
unfiltered forecast ď, or equal to the updated forecast ď− ẽ.

To arrive at the error model for the prediction stage of the Kalman filter, the
model presented in (4.4) was augmented with all values for τf . The Kalman filter
iterates along the time axis i instead of the lead time axis τf . The forecast error
at time instance i, e (τf |i), however, can be related to e (τf |i+ 1) by substitution
of e (τf − 1|i+ 1) = e (τf |i) in (4.4). These operations, concerning both the τf -
timescale and the i-timescale, are depicted in Figure 4.7. Figure 4.7 depicts the
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transition from e (T |I) (indicated by 1) to e (T |I + 1) (indicated by 2), using equa-
tion (4.4) and e (τf − 1|i+ 1) = e (τf |t). After the two operations, the prediction
model used in the prediction stage is obtained

ê (τf |i)
ê (τf + 1|i)

...
ê (τf + np|i)

 =


Ψ 0 . . . 0
0 Ψ . . . 0
...

...
. . .

...
0 0 . . . Ψ


︸ ︷︷ ︸

A


ẽ (τf |i− 1)

ẽ (τf + 1|i− 1)
...

ẽ (τf + np|i− 1)

+


I
I
...
I


︸︷︷︸
B

ξ +


w̄ (0)
w̄ (1)

...
w̄ (np)


︸ ︷︷ ︸

w̄

,

(4.7)
which can be written in a compact form as

ê(i) = Aẽ(i− 1) +Bξ + w̄, (4.8)

with augmented system matrix A = Inp
⊗ Ψ and augmented input matrix B =

Inp×1 ⊗ Ind
, where ⊗ denotes the Kronecker product and Inp an identity matrix of

size np×np. In(4.8), w̄ represents the augmented residual term of the AR(1)-model.

Figure 4.7. An overview of the various operations on signals along the timescale i
and timescale τf . The circles represent forecast instants, the arrows between them
indicate the possible transitions. The AR(1)-model transforms forecasts instants
along the τf -timescale (dash-dotted line), the operation e (τf − 1|i+ 1) = e (τf |i) is
represented by the dashed line. The Kalman filter operates along the timescale i.

The initial state estimate of the Kalman filter ê(0) was determined by propagat-
ing ê(0|0) = ď(0|0)− d(0) along τf using the AR(1)-model in (4.4). Let e ∈ Rnp·nd

represent the augmented realised forecast error. The initial value of the estimate
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covariance matrix P̂ (0|0) was calculated using

P̂ (0|0) = E
[
(e(0)− ê(0)) (e(0)− ê(0))

T
]
. (4.9)

By assuming that the realised forecast error e (τf |t) results from the same AR(1)
process as in (4.4), the evolution of the estimation error of the forecast error,
e (τf |i)− ê (τf |i), can be described as

(e (τf |t)− ê (τf |t))) = Ψ (e (τf |t− 1)− ê (τf |t− 1))) + w̄, (4.10)

which is an AR(1)-model. The covariance of a forecast by an AR(1)-model is given
by

P̂ (j|i) = E
[
(e(i+ j|i)− ê(i+ j|i)) (e(i|i)− ê(i|i))T

]
=
σ2
h

(
1−Ψ2n

)
(1−Ψ2)

(4.11)

according to Box et al. (2016). The elements in the estimate covariance matrix
P̂ (0|0) in (4.9) are given in (4.11), in which j and i follow from the multiplication
of two vectors having elements similar to the vector presented in (4.6). The
process covariance matrix of the Kalman filter represents the covariance of w̄,
i.e. Q = [σh(0), σh(1), . . . , σh (np)]. The elements of w̄ are zero-mean Gaussian
processes as required to obtain optimal state estimation (Anderson & Moore,
2005). The measurement covariance matrix of the Kalman filter was chosen as
R = 0.1⊗ Inp

, representing the accuracy of the climate sensors. In the simulation
studies, however, the measurements were equal to the actual realisation of the
climate, as indicated in Figure 4.6.

4.2.5 Randomized MPC

The RMPC controller was used in the simulation studies as the approach which takes
the effect of the uncertainty on the performance of the controlled greenhouse system
into account. The RMPC algorithm is presented in Zhang et al. (2013) and discussed
in Saltık et al. (2018) and Schildbach, Calafiore, Fagiano, and Morari (2012). This
subsection details the application of the RMPC approach to the greenhouse control
problem, a more elaborate description of the RMPC algorithm is given in Zhang et al.
(2013). The RMPC algorithm handles the uncertainty in the optimisation problem
by drawing Nsc independent and identically distributed (i.i.d.) samples from the
full-horizon uncertainty space, i.e. δ1, . . . , δNsc with δi =

{
w̄i(0), . . . , w̄i (np)

}
. Let

d̂r(j|i) ∀r ∈ {1, . . . , Nsc} denote the weather prediction input to the controller in
scenario r. The Nsc distinct weather predictions d̂r(j|i) lead to distinct predicted
state trajectories, indicated by xrd(j|i). The optimisation, irrespective of the number
of scenario’s, aims to optimise a (single set of) optimised trajectories for the
controllable inputs of the system u∗d. As the operational return does not depend
on the state trajectories, the objective value for each scenario will be equal. The
optimisation problem in (4.2) is rewritten to include multiple scenarios
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u∗d = arg max
ud(·|i)

N∑
j=0

ld (ud(j|i), c(j|i))

subject to xrd(j + 1|i) = F
(
xrd(j|i), ud(j|i), d̂r(j|i)

)
,

(xrd(j|i), ud(j|i)) ∈ X× U,
θl ≤ h (xrd(j|i), ud(j|i)) ≤ θu,

xrd(0|i) = xt, ∀ j ∈ {0, . . . , N} , ∀ r ∈ {0, . . . , Nsc}
(4.12)

In literature, various robustness properties have been established for RMPC
with respect to chance constraints. For example, Zhang, Grammatico, Schildbach,
Goulart, and Lygeros (2014) establish a relation between the number of scenario’s
Nsc and the confidence in only violating a pre-specified number of constraints.
However, due to the scale of the optimisation problem in (4.12), induced by
the prediction horizon, model size and number of constraints, obtaining Nsc >
3 is computationally not viable in our implementation. Therefore, instead of
replacing our set of constraints h(·) and the lower- and upper bounds of the design
variables by chance constraints, the Nsc = 3 scenarios were required to satisfy
all the constraints. Even though the full-horizon uncertainty space is not fully
sampled by using Nsc = 3 scenarios, we hypothesise that the resulting optimised
control trajectories from (4.12) are more robust to various forecast errors from the
uncertainty space as compared to the trajectories resulting from (4.2).

4.2.6 Forecast Types & Simulation Studies

In order to evaluate the effect of the weather forecast error on the performance
of the controlled greenhouse system, various configurations of the system were
simulated. In this subsection, the various types of forecasts and simulation studies
are presented.

Four forecast types were defined that distinguish the various configurations of
the system. The forecast is linked to the configuration of the controller, e.g. the
use of multiple scenario’s is linked to the RMPC algorithm, the combination of the
two is, however, referred to as a forecast type in the remainder of this chapter.
The different forecast types are performance bound (PB), Certainty Equivalence
MPC (CEMPC), CEMPC in combination with a Kalman filter (CEMPC+KF) and
Randomized MPC in combination with Kalman filters (RMPC+KF). The main
features of the forecast types are described in the first four columns of Table 4.3.
The forecast types provide the optimisation problem in (4.2) or (4.12) with different
values for d̂(j|i):

• Performance Bound (PB): d̂(j|i) = d(i + j), the forecast of the weather d̂
matches the realisation d, resulting in a non-causal, and therefore not realistic,
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control approach. This forecast type, with full prior knowledge of the weather,
resembles the maximal attainable performance.

• Certainty Equivalence MPC (CEMPC): d̂(j|i) = ď(j|i), the previously pub-
lished forecast synchronised with prediction horizon of the optimisation
algorithm is assumed to be equal to the realisation d. The published forecasts
are synthesised using (4.4). This forecast type resembles the case in which
the effect of the uncertainty on the performance of the controlled system is
neglected by assuming the forecast matches the realisation.

• CEMPC in combination with a Kalman filter (CEMPC+KF): the previously
published forecast synchronised with the prediction horizon is updated using
the estimated forecast error by a Kalman filter, i.e.

d̂(j|i) = ď(j|i)− ẽ(i). (4.13)

This forecast type neglects the effect of the uncertainty, the published forecasts
are, in contrast to the previous forecast type, updated using the local weather
measurements.

• Randomized MPC in combination with Kalman filters (RMPC+KF): Nsc
forecasts are generated using (4.4) and are updated by Nsc independent
Kalman filters.

d̂r(j|i) = ďr(j|i)− ẽr(i) ∀r ∈ {1, . . . , Nsc} . (4.14)

This forecast type takes into account the effect of the uncertainty on the
performance of the system in the synthesis of the controller.

The Kalman filter is used to update the forecasts published every 6 h. Linear
interpolation is used determine the quarter-hourly values of the forecast error
from the hourly values from the (updated) forecasts. The difference between
the weather forecast lead time, 48 h, and the prediction horizon of (4.2), N =
288 (72 h), was handled by propagating the stochastic model in (4.4), where
σh (τf ·M) = σh(48 ·M) ∀τf ≥ 48.

Three simulation studies were used to obtain a better understanding of how the
presence of weather forecast errors affects the controlled greenhouse system.

• simulation study 1: the stochastic properties of the original forecasts and the
forecasts filtered by the Kalman filter are compared.

• simulation study 2: this study provides insight into the effect of the forecast
error on the value optimised control trajectory u∗d at the first time instance, i.e.
u∗d(0|k). The sensitivity of u∗d(0|k) to changes in the forecast error indicates
to what extent the optimised control trajectories are affected by the forecast
error. This simulation study is performed for both original forecasts CEMPC
and forecasts filtered by the Kalman filter CEMPC+KF.
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Table 4.3. The various forecast types employed in this research, performance
bound (PB), Certainty Equivalence MPC (CEMPC), CEMPC in combination with
a Kalman filter (CEMPC+KF) and Randomized MPC in combination with Kalman
filters (RMPC+KF). The columns specify, the origin of the forecast supplied to the
controller d̂, whether it is updated, how it is interpolated from hourly to quarter-
hourly values and how many scenarios are employed. The three last columns denote
in which simulation study the forecast type is used.

study

d̂ update interpolation Nsc 1 2 3

PB d n.a. n.a. 1 X
CEMPC ď no linear 1 X X X
CEMPC+KF ď− ẽ KF linear 1 X X X
RMPC+KF ďr − ẽr KF linear 3 X

• simulation study 3: the controlled greenhouse system was simulated during
three 7-day intervals, for each of the four forecast types. The performance
bound is used as reference to compare the performance of the controlled
system to the other forecast types. In this simulation study, the performance
bound represents the maximal attainable performance, resulting from a static
optimisation based on the optimisation problem in (4.2) with a prediction
horizon of length 7 d, i.e. N = 7 · 24M . The latter optimisation does not
employ a receding horizon and therefore does not use feedback.

4.3 Results

The results of the simulation studies introduced in Subsection 4.2.6 are presented
in this section. The subsections are ordered accordingly.

4.3.1 Forecast Error & Estimation

The stochastic properties of the weather forecast error presented in Subsection 4.2.3,
more specifically in Figure 4.5, are valid at the time instances at which a forecast is
published. In between those time instances, the previously published forecast was
synchronised with the prediction horizon of the optimisation algorithm, according
to (4.5). Also, if the Kalman filter was enabled, the previously published forecast
was updated using local weather measurements. In the simulation study presented
in this subsection, the stochastic properties of the forecast error are evaluated
while taking into account all time instances and thus including the time instances
at which no forecast is published. Figure 4.8 presents the stochastic properties,
mean µ and 3σ-bounds, as a function of τf for (left) the unfiltered temperature
forecasts (right) filtered temperature forecasts, for all time instances. To evaluate
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the stochastic properties, the 2016 forecasts from the three 7-day simulations
presented in Subsection 4.3.3, were evaluated. Through using the forecasts from
the 7-day simulations, a realistic distribution was obtained between time instances
at which a forecast is published and time instances at which no forecast is published.
The effect of using the previously published forecast until a new forecast is published

Figure 4.8. The stochastic properties, mean µ and 3σ-bounds, as a function of τf
for (left) the unfiltered temperature forecasts (right) filtered temperature forecasts,
for all time instances. The stochastic properties in these panels are based on 2688
forecasts each. When compared with the left panel, the right panel shows the effect
of the Kalman filter.

can be observed when comparing the left panel of Figure 4.8 to the right panel
in Figure 4.5. One can observe from Figure 4.8 that the uncertainty, in terms of
6σ, exceeds 8 ◦C at a lead time τf = 31 (7.75 h). When evaluating only the time
instances at which a forecast is published, see Figure 4.5, the uncertainty is lower,
i.e. 6σ exceeds 8 ◦C at a lead time τf = 76 (19 h). The 3σ bounds, thus, grow
faster for increasing lead times τf when evaluating all time instances. The latter is
expected as the lead time of the published forecast grows as a in (4.5) increases.
The 3σ-bounds increase and decrease periodically, an effect which is hypothesised
to be due to the updates arriving every 6 h. The mean forecast error µ is expected to
reach a constant value of −0.38 ◦C which can be found through equating e (τf + 1|i)
to e (τf |i) and solving for e (τf |i) in (4.4). The constant value of the forecast error
in the left panel of Figure 4.8 for τf > 200, however, is −1.09 ◦C significantly
lower. How this links with the synchronisation of the published forecast with the
prediction horizon of the controller has not been the subject of further study.

The Kalman filter aims to improve the forecasts through (a) updating the previ-
ously published forecasts using local weather measurements and (b) compensating
the effect of the deterministic part in (4.4). In Figure 4.8, one can observe that the
contribution of the deterministic part in (4.4) is relatively small compared to the
uncertainty, i.e. the mean deviates in the order of 1 ◦C whereas the contribution of
the stochastic part, measured in terms of 3σ, is in the order of 4 ◦C. The second
aim of the Kalman filter is, therefore, expected to contribute less to the overall
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improvement of the forecast. One can observe the effect of the improvements
(a) and (b) when comparing the left panel of Figure 4.8 to the right panel. The
updates of the forecasts decrease σ for τf = 0 from 0.96 ◦C to 0.49 ◦C. The effect of
compensating the deterministic part of the stochastic weather forecast error model
can be observed by comparing the average forecast error, indicated by µ, its value
for τf > 200 decreased from −1.09 ◦C to −0.71 ◦C.

4.3.2 Uncertainty Analysis

The optimal controller based on (4.2) is sensitive to the forecast error if the value of
u∗d at the first time instance is considerably different for various realisations of the
forecast error. This sensitivity was evaluated by repeatedly solving the optimisation
algorithm in (4.2) for different values of the forecast error. As only the value of
u∗d at the first time instance, i.e. u∗d(0|i) is applied to the system, this analysis was
limited to u∗d(0|i). As the sensitivity may depend on the state of the system xt and
the prevailing weather d (not the forecast error), the sensitivity is evaluated at
distinct time instances throughout the year. Five time instances were selected, 17th

of February at 00:00h, 12th of March at 00:00h and 12:00h and the 12th of June
at 00:00h and 12:00h. The state of the system xt at the various time instances
was based on the HPS simulation presented in Chapter 3. For each of the time
instances, 80 simulations were performed using forecasts updated by the Kalman
filter, denoted by CEMPC+KF, and the original forecasts denoted by CEMPC.

From the elements in the vector u∗d(0|i), see Table 4.2, only those relevant to
understand the effect of the forecast errors are presented. Figure 4.9 presents
histograms of the value of the level of operation of the CHP uchp, level of operation
of the boiler uboi, electricity exchange with the grid ueby−uese, CO2 injection uCO2,
energy flux to the heat buffer usto, ventilation rate uven, screen deployment uscr
and leaf harvest ulea in u∗d(0|i). If a specific element of u∗d(0|i) attains a comparable
value for the various forecasts, i.e. the element is not sensitive to forecast errors, a
single column extents to a count of 80 for one specific value of that input element.
If a specific element of u∗d(0|i) attains various values for various forecasts, i.e. the
element is sensitive to forecast errors, various columns are shown with a combined
sum of 80. Figure 4.9 presents histograms for simulations representing the state of
the system and the prevailing weather at February 17, 00:00h, similarly Figure 4.10
and Figure 4.11 present histograms for March 12, 12:00h and June 12, 00:00h,
respectively. The width of the histogram bins used in the histograms all result
from the minimal and maximal bounds in Table 4.2, except for the ventilation
rate uven as the minimal and maximal ventilation rate depend on the wind speed.
Figure 4.9, Figure 4.10 and Figure 4.11 show the differences in u∗d(0|i) for forecasts
updated by the Kalman filter, denoted by CEMPC+KF, and the original forecasts
denoted by CEMPC. The histograms of the simulations with the filtered forecasts are
not considerably different from the histograms of the simulations with unfiltered
forecasts. One can thus conclude that the difference in sensitivity to forecast error
between the two forecast types is negligible. The subsequent results are therefore
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independent of the forecast type.
One can observe from Figure 4.9, Figure 4.10 and Figure 4.11 that, overall,

the elements such as the level of operation of the CHP uchp and of the boiler uboi
were sensitive to the forecast error. We hypothesise that these are sensitive as
these affect the greenhouse air temperature. The sensitivity of the CO2 injection
uCO2 is due to the dependency of the CO2 concentration on the greenhouse air
temperature through the ideal gas law. Note that no forecast error is present
in the forecast of the outside air CO2 concentration. We hypothesise that the
sensitivity of CO2 injection uCO2 with respect to the forecast error is due to the
CO2 concentration being operated close to its maximum value, see Table 4.1, a
different temperature therefore requires different uCO2 to meet the constraints.
Although during most time instances, all values of the inputs elements were in close
proximity of the simulation with the weather realisation d, considerably different
values were obtained for especially for the level of operation of the CHP uchp, and
CO2 injection uCO2. Figure 4.13 and Figure 4.14 in Section 4.6 show, similarly to
Figure 4.9, the uncertainty analysis for March 12, 00:00h and June 12, 12:00h.
Overall, one can observe an increased sensitivity of the elements in u∗d(0|i) to the
forecast error as the season progresses. We hypothesise that this is due to the
system being operated closer to constraints, as discussed previously. Throughout
the season, the system is operated closer to the relative humidity bound, the data
on this, however, is ambiguous as this bound is not active in all cases in which
considerably different trajectories were observed.

4.3.3 Controlled System Performance

The simulation study presented in this subsection evaluated the effect of weather
forecast error on the performance of the controlled greenhouse system. As the
effect of forecast errors on the performance of the controlled system depends on
the state of the system xt and the prevailing weather d, three intervals of 7 days
spread throughout the growing season are presented. The three intervals are the
11th up to and including the 17th day of the months January, April and May. The
state of the greenhouse and the crop at the start of the interval were based on
the simulations with HPS lighting in Chapter 3. To prevent effects of the forecast
error after the 7 day interval, the horizon was chosen N = 288 (3 d) and shrank to
ensure no time instances after the 17th of the corresponding month are evaluated.

A successful execution of the optimisation algorithm in (4.2) guarantees con-
straint satisfaction of the system when the prevailing weather is equal to its forecast.
The control approaches without perfect weather predictions, however, may poten-
tially cause constraint violation. Therefore, after optimisation, the first element
of the optimised control trajectory, alongside the realisation of the uncontrollable
input, were used in an open-loop simulation to determine the state of the real
system at the next time instant. Table 4.4 presents the integrated constraint vio-
lation values for the three weather forecast types without perfect predictions, i.e.
CEMPC, CEMPC+KF and RMPC+KF, for the three 7 d intervals. One can observe
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Figure 4.9. Histograms of the value of various elements in u∗d(0|i), for various
realisations of the forecast error. The prevailing weather and state of the system
using in these simulations represent the actual system at February 17, 00:00h.
For both the unfiltered forecasts CEMPC and the filtered forecasts CEMPC+KF, 80
simulations have been performed. The value of the (left-to-right, top-to-bottom)
level of operation of the CHP uchp, level of operation of the boiler uboi, electricity
exchange with the grid ueby − uese, CO2 injection uCO2, energy flux to the heat
buffer usto, ventilation rate uven, screen deployment uscr and leaf harvest ulea are
presented. The value at the first time instance of the respective elements for the
simulation with zero forecast error is represented by the red line.

that the upper bound of the state constraint on CO2,air is violated during all of the
three 7 d intervals, the violation values itself, e.g. 5.04 g h m−3 for CEMPC forecast
type in April are small compared to the magnitude of the variable CO2,air. The
violations in the lower bound of Cfrt represent the effect of impossible harvesting,
i.e. harvesting when the fruit buffer Cfrt already depleted. As Cfrt is expressed
in dry-mass, a violation of 0.002 kg m−2 represents 0.035 kg m−2 in fresh weight,
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Figure 4.10. Histograms of the value of various elements in u∗d(0|i), for various
realisations of the forecast error. The prevailing weather and state of the system
using in these simulations represent the actual system at March 12, 12:00h. For
both the unfiltered forecasts CEMPC and the filtered forecasts CEMPC+KF, 80
simulations have been performed. The value of the (left-to-right, top-to-bottom)
level of operation of the CHP uchp, level of operation of the boiler uboi, electricity
exchange with the grid ueby − uese, CO2 injection uCO2, energy flux to the heat
buffer usto, ventilation rate uven, screen deployment uscr and leaf harvest ulea are
presented. The value at the first time instance of the respective elements for the
simulation with zero forecast error is represented by the red line.

which, in the case of January, results in 0.04em−2 income through yield. There-
fore, a violation of the state constraints for Cfrt significantly affects the operational
return, which, for a 7 d-interval in January is 1.16em−2. Because of the magnitude
of this effect on the operational return and the fact that the contribution of fruit
harvest to the operational return is straightforward, the resulting operational return
was compensated for the constraint violation. A violation of the state constraint
on CO2,air also affects the objective function, its effect on the objective function,
however, is hypothesised to be smaller and more difficult to evaluate than the fruit
harvest violation. The forecast error combined with the prevailing weather may
result in a non-realistic weather forecast which makes the optimisation problem
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Figure 4.11. Histograms of the value of various elements in u∗d(0|i), for various
realisations of the forecast error. The prevailing weather and state of the system
using in these simulations represent the actual system at June 12, 00:00h. For
both the unfiltered forecasts CEMPC and the filtered forecasts CEMPC+KF, 80
simulations have been performed. The value of the (left-to-right, top-to-bottom)
level of operation of the CHP uchp, level of operation of the boiler uboi, electricity
exchange with the grid ueby − uese, CO2 injection uCO2, energy flux to the heat
buffer usto, ventilation rate uven, screen deployment uscr and leaf harvest ulea are
presented. The value at the first time instance of the respective elements for the
simulation with zero forecast error is represented by the red line.

in (4.2) infeasible. If the solver of (4.2) did not converge to a feasible solution,
the optimised control trajectory u∗d from the previous time step was used for the
corresponding time step, e.g. u∗d(i+ 1) for the first non-converged solution. The
largest number of subsequent time steps at which the solver did not converge was
11, which represents an interval of 2.75 h of the aforementioned open-loop control
strategy. The highest number of time steps within an interval, not necessarily
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Table 4.4. Constraint violation values for the three weather forecast types without
perfect predictions, i.e. CEMPC, CEMPC+KF and RMPC+KF, for the three 7 d
intervals. The value presented here represents the integrated constraint violation
value, e.g. a value of 2.29 g h m−3 for the CO2 concentration CO2,air represents a
violation the size of 2.29 g m−3 for the duration of 1 h. The arrows at the top of
the column indicate a violation of the lower bound ↓ or upper bound ↑. During the
interval, of length 168 h, both the lower- and upper-bound can be violated. Only
constrains which are violated during the simulations are presented here, i.e. the
CO2 concentration CO2,air, the leaf buffer Cleaf , the fruit buffer Cfrt and relative
humidity RH.

CO2,air Cleaf Cfrt RH

↓ ↑ ↓ ↑ ↓ ↑ ↓ ↑
[g h m−3] [kg h m−2] [kg h m−2] [% h]

January

CEMPC 0 2.29 0 0 0.002 0 0 0
CEMPC+KF 0 2.34 0 0 0 0 0 0
RMPC+KF 0 0.13 0 0 0 0 0 0

April

CEMPC 0 5.04 0 0.01 0.004 0 0 19
CEMPC+KF 0 4.47 0 0.01 0.004 0 0 12
RMPC+KF 0 0.08 0 0 0 0 0 0

May

CEMPC 0.03 2.71 0 0.00 0 0 0 193
CEMPC+KF 0.02 3.16 0 0.00 0.00 0 0 165
RMPC+KF 0 0.01 0 0 0 0 0 0.23

subsequent, was 46 for the CEMPC forecast type in May, which is 7 % of the time
steps within the interval.

Table 4.5 presents the resulting operational return J as in (4.1), gas use s,
carbon footprint p2, the integrated value of the ventilation rate over the interval
and averaged screen use for the different forecast types, PB, CEMPC, CEMPC+KF,
RMPC+KF and time periods throughout the growing season. The operational
return J in Table 4.5 is compensated for the violations of the lower-bound of
Cfrt, based on Table 4.4. The simulations with the controllers without explicitly
taking into account the uncertainty in the weather forecast error, i.e. CEMPC and
CEMPC+KF result in a loss of performance of at most 0.03em−2 with respect to
the performance bound. Concluding, the effect of weather forecast errors on the
performance of the greenhouse is small. The increase in the operational return
of the simulations with CEMPC and CEMPC+KF controller with respect to the
performance bound in April can be explained through constraint violation, see
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Table 4.4. In practice, the operational return for CEMPC and CEMPC+KF will be
lower. Figure 4.12 presents optimised trajectories during the interval of January
11th to January 17th for the four forecast types simulated: PB, CEMPC, CEMPC+KF
and RMPC+KF. One can observe the trajectories coincide to a large extent, the
most notable differences are during the night. We hypothesise that this is due to
the low outside air temperature in the period, this will result in operation close to
the lower temperature bound and which can be violated upon selection of different
type of forecast.

Table 4.5. The (left to right) integrated ventilation rate over the interval ui
ven,

average screen set uscr, operational return J , gas use s and carbon footprint p2 for
the different forecast types, PB, CEMPC, CEMPC+KF, RMPC+KF, and time periods
throughout the growing season. The values indicate a loss in performance of maximal
0.03em−2 with respect to the performance bound and an inconsiderable difference
between the CEMPC and CEMPC+KF simulations.

uiven uscr J s p2

[m3 m−2] [-] [em−2] [m3 m−2] [kg m−2]

January

PB 327.20 0.66 1.16 1.69 6.77
CEMPC 336.57 0.73 1.14 1.60 6.75
CEMPC+KF 340.64 0.73 1.14 1.61 6.75
RMPC+KF 348.86 0.72 1.12 1.72 6.79

April

PB 478.44 0.50 2.61 1.43 5.61
CEMPC 502.71 0.52 2.63 1.52 5.74
CEMPC+KF 942.73 0.52 2.63 1.53 5.72
RMPC+KF 577.02 0.48 2.62 1.62 5.98

May

PB 1173.94 0.36 1.95 1.14 3.36
CEMPC 1050.51 0.40 1.93 1.12 3.47
CEMPC+KF 1158.22 0.41 1.93 1.10 3.47
RMPC+KF 1178.33 0.37 1.91 1.22 3.52

A detailed analysis of the data presented in Table 4.5 shows that the difference
between original forecasts and updated forecasts, between CEMPC and CEMPC+KF,
is small, yielding not significantly different values for all indicators except for the
integrated ventilation sum uven and gas use. Overall, the constraint violations
values for the simulations with CEMPC+KF are lower than those for CEMPC, see
Table 4.4. The latter indicates that the weather forecasts in the CEMPC+KF are
closer to the actual realisation.

From Table 4.5, one can observe that the simulations with the RMPC+KF
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Figure 4.12. From top to bottom, left to right, the operational return J (here −J),
fruit harvest ufrt, gas use s, electricity exchange with net ueby − uese, ventilation
rate uven, screen use uscr, HPS lighting uhps and CO2 injection uCO2 in the period
January 11th to January 17th for the four forecast types simulated: PB, CEMPC,
CEMPC+KF and RMPC+KF.

controller result in a loss of performance of at most 0.04em−2 with respect to the
performance bound. From Table 4.4, one can observe that the RMPC+KF controller
violates the least amount of constraints. The low amount of constraint violation is
linked to the increased gas use and increased ventilation sum of the simulations
with RMPC+KF controller, see Table 4.5, i.e. the RMPC+KF controller is using
more resources to satisfy the constraints on the Nsc scenario’s. Concluding, the
RMPC+KF controller results in more conservative behaviour which shows through
an increased gas use and ventilation rate. Note, however, that as the constraint
violation in the simulations with the CEMPC and CEMPC+KF controllers is larger
compared to the simulations with the RMPC+KF controller, the operational return
of CEMPC and CEMPC+KF will be lower in practice and therefore closer to the
simulations with the RMPC+KF controller.
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4.4 Discussion

Here the results presented in Section 4.3 are discussed in the context of the main
question of this research. In Subsection 4.4.1 the ability of the stochastic weather
forecast error model to synthesise forecasts with similar properties as those from
the KNMI is discussed. In Subsection 4.4.2, the performance of the Kalman filter is
discussed. Subsection 4.4.3 discusses the main question posed in this chapter, i.e.
to what extent does the presence of the forecast error affect the performance of
the controlled system. Additionally, Subsection 4.4.3 discusses the performance of
an algorithm that explicitly includes the effect of the uncertainty in the controller
synthesis. Subsection 4.4.4 discusses the implementation in practice of the various
parts of the proposed approach presented in this chapter.

4.4.1 Weather Forecast Error Model

Subsection 4.2.3 presents a stochastic weather forecast error model, in this subsec-
tion the implications of this model on the simulation studies are discussed. From
Figure 4.5, one can conclude that the stochastic properties of the weather forecast
error model in (4.4) match the stochastic properties derived from the historical data
from the KNMI. There exists, however, a significant difference between the original
and synthesised forecasts, as one can observe by comparing the original forecasts
in Figure 4.2 with synthesised forecasts in Figure 4.4. The spread in forecasts for a
specific time instance that have been synthesised is larger compared to the spread
in the KNMI forecasts. This is the result of the inability of the model in (4.4) to
correlate various forecast for the same time instance. To illustrate this, consider the
temperature at the 11th of February at 15.00h, in the 2 days before that moment, 8
forecasts are published which predict the temperature at that specific instant. From
Figure 4.2, one can observe that the 8 KNMI forecasts at the specific time instant
do not vary considerable, as opposed to the synthesised forecasts, see Figure 4.4.
The weather forecast error model does not correlate the forecast error e (τf |t) and
e (τf − a|t+ a) where a ∈ {0, 6M, 12M, . . .}. This deficiency of the model in (4.4)
does not affect the second simulation study presented in Subsection 4.3.2, as no
subsequent forecasts are employed there. The third simulation study is affected by
the latter deficiency as it involves simulations over an interval. We hypothesise that
the loss in performance due to the presence of weather forecast errors presented
was overestimated. It is, however, unclear to what extent the loss in performance is
overestimated. The magnitude of the overestimation is hypothesised to be small as
the sensitivity to forecast errors of terms that affect the operational return is low, as
presented in Subsection 4.3.2. The loss in performance when using more realistic
forecasts, such as the real forecasts, is thus estimated to be lower.
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4.4.2 Kalman Filtering

The Kalman filter presented in Subsection 4.2.4 aims to improve the forecasts
through (a) updating the previously published forecasts using local weather mea-
surements and (b) compensating the effect of the deterministic part in (4.4).

In Figure 4.8, one can observe that the standard deviation of the forecast error
for τf = 0 is decreased from 0.96 ◦C to 0.49 ◦C. The decrease of the standard
deviation for small values of τf was hypothesised to improve the performance of
the controlled greenhouse system. The uncertainty analyses presented in Figure 4.9,
Figure 4.10 and Figure 4.11, however, show no considerable difference between the
simulations with CEMPC and CEMPC+KF. Also, the simulation results in Table 4.5
do not show a considerable difference between the simulations using CEMPC and
CEMPC+KF, for the cases that were tested. Although the trajectories optimised by
the CEMPC+KF approach seem to violate constraints to a lesser extent, the data
over the various simulations is not unambiguous.

The Kalman filter also compensates the effect of the deterministic part in (4.4).
The mean forecast error over various forecasts is E(e) = ξ · (1−Ψ)

−1, which can be
derived from (4.4) using E (w̄) = 0. The mean forecast error over various forecasts
is represented by µ in Figure 4.8. By comparing both panels in Figure 4.8, one
can observe that the mean forecast error for τf < 150 is compensated, but that the
forecast error for τf ≥ 150 is still considerable. The latter effect is hypothesised to
be due to the measurement covariance matrix R, the value of which may be chosen
even lower to reflect a higher accuracy of the local weather measurements. Also,
the mean forecast error µ deviates in the order of 1 ◦C whereas the contribution of
the stochastic part is in the order of 4 ◦C. The influence of the mean forecast error
was marginal compared to the stochastic element.

One of the reasons that the effect of the Kalman filter is low is because of the
quality of the forecasts. The forecasts by the KNMI have a low mean forecast error
and a low forecast error for low values of the lead time. This is, partly, due to
the small distance between point for which the historical forecasts were provided
and the point at which the historical observations were obtained. The effect of the
Kalman filter will be larger if the forecasts are provided for a location far from the
greenhouse, see Doeswijk (2007). The distance between the measurement station
collecting the historical observations and the grid point in the weather forecasts
was approximately 9 km. An increased distances between the point of observation
and the point for which the forecasts are provided will decrease the accuracy of the
forecasts, and potentially increase the mean forecast error (Doeswijk, 2007).

4.4.3 Performance Loss

The third simulation study, presented in Subsection 4.3.3, shows that the loss in
performance, in terms of operational return, for a non-zero weather forecast error
is small. For the simulations with CEMPC and CEMPC+KF, the performance loss
is at most 0.02em−2 for the 7 days simulated, i.e. (-2 %) with respect to the
performance bound, as can be observed from Table 4.5. The performance loss in
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practice is, however, hypothesised to be larger due to constraint violations, see
Table 4.4. This, however, does not imply that the effect of the forecast error on
the greenhouse system is small. The CEMPC controller is characterised by a high
update rate of the receding horizon optimal controller (15 min−1). Because of
this high update rate, the effect of the uncertainty in the forecast error can, thus,
be measured at the states of the system after 15 min, which allows the receding
horizon algorithm to mitigate the effect of the uncertainty through feedback. The
performance of a system controlled with a lower update rate will be lower than
the performance specified here. Also, the feedback from the system, via xt in (4.2),
does not include any error which is unrealistic. The simulation studies presented
here are based on forecasts from the KNMI, which are sufficiently accurate for
this purpose, as mentioned the weather is forecasted at a location 9 km from the
weather observation station. Also, the KNMI updates the weather forecasts every
6 h with the new output of the HARMONIE-AROME Cy40 numerical weather model
(Bengtsson et al., 2017).

From Table 4.5, one can observe that for the simulations with RMPC+KF the
performance loss was at most 0.04em−2 for the 7 days simulated, i.e. (-4 %) with
respect to the performance bound. By including multiple scenario’s the controller
becomes more conservative (Saltık et al., 2018) as the constraints in (4.2) have
to be satisfied for all the Nsc scenario’s. The latter resulted in a higher ventilation
sum and higher gas use throughout the interval for the RMPC+KF controller as can
be observed in Table 4.5. The conservatism induced by the scenario’s considered in
the RMPC+KF controller did not significantly affect the operational return. Due to
the increased gas use, the carbon footprint did increase significantly. The optimised
control trajectories of the RMPC+KF controller ensure a lower degree of constraint
violation as can be observed in Table 4.4. Because of the considerably different
degrees of constraint violation for the simulations the performance of the CEMPC
and RMPC+KF simulations should not be compared directly.

The uncertainty analyses show a considerable sensitivity for some of the ele-
ments in the first time instance of the optimised control trajectories, the resulting
effect on the performance of the controlled greenhouse system is low. The latter
observation is a result of the chosen objective function which is based on a weight-
ing of the inputs according to l in (4.1). For example, in the case of Figure 4.9, CO2

injection uCO2 varies throughout the region constraint by U, i.e. highly sensitive,
its contribution to the operational return J through l in (4.2), however, is zero. A
high sensitivity to the forecast error might result in frequently changing control
strategy if the forecast error is also varying (e.g. through updates by the weather
service, updates from a Kalman filter). In the case of, e.g., the level of operation
of the CHP uchp this might not be desirable from a maintenance perspective, as
switching the CHP on and off might be affect its durability (van Beveren et al.,
2019). The latter is an additional reason to opt for a RMPC+KF controller as its
trajectories will be, generally, less sensitive to changes in one of the scenario’s.

The model of the system that was used in this research describes the operation of
the greenhouse with only fast time scales, see Chapter 3. If slow time scales are also
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included, for example through the inclusion of a long-term energy storage or the
development process of the crop, a longer prediction horizon will be required, e.g.
weeks (van Straten & van Henten, 2010). A longer prediction horizon will require
long-term weather forecasts, which typically are more uncertain as compared to
the short-term weather forecasts used here.

4.4.4 Implementation

When implementing the proposed approach presented in this chapter, the weather
forecasts will arrive from a weather forecasting service such as the KNMI. In this
chapter, however, a stochastic weather forecast error model was employed to
(a) be able to generate forecasts based on a set of measured weather and (b) to
extend this to multiple forecasts generated on one set of measured weather for
the RMPC approach. When employing an approach that neglects the uncertainty
in the forecast error and only requires one forecast, i.e. CEMPC or CEMPC+KF,
one can use the weather forecasts arriving from a weather forecasting service.
When the RMPC approach is employed, the scenario’s might result from the various
perturbations used in an ensemble prediction system such as presented in Frogner et
al. (2019). Both approaches will remove the need for a stochastic weather forecast
error model and the corresponding downsides mentioned in Subsection 4.4.1.

The RMPC approach in this research used Nsc = 3 scenario’s, the inclusion of
additional scenario’s was computationally not viable in our implementation. With
this configuration a more robust operation of the controlled greenhouse system
was observed, see Subsection 4.4.3. Further research on robust performance of
the greenhouse system, e.g. through including more scenario’s or including other
control approaches (Saltık et al., 2018), should be performed to support these
observations.

The results presented here apply to the greenhouse design and the climate type
employed in this study. The parameters used for the greenhouse climate mainly
originate from the model presented in van van Beveren et al. (2015b), the crop
parameters originate from Vanthoor (2011). The results presented are also based
on the Dutch climate, which is classified by the Köppen-Geiger climate classification
system as a temperate climate without a dry season and warm summers (Beck
et al., 2018). The description of the forecast error and its stochastic properties is
different for other locations with other climate types or when different weather
forecasting service are used. The ideas proposed in this chapter will, however,
transfer to climates with a different classification as well.

4.5 Conclusions & Recommendations

The aim of this research was to quantify the loss in performance of the system due
to weather forecast errors. Through simulation of three 7-day intervals, spread
throughout the growing season, we observed a loss in performance of at most 2 %
with respect to maximal attainable performance. The 15 min update rate of the
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receding horizon optimal controller, in combination with the low forecast error in
the forecasts by the Royal Netherlands Meteorological Institute contribute signifi-
cantly to maintaining performance close to the maximal attainable performance. A
high update rate is, thus, required for receding horizon optimal control algorithms
which are affected by a weather forecast errors to maintain performance. Due to
the inability of the weather forecast error model to correlate various forecast for
the same time instance, the employed forecasts are hypothesised to result in an
overestimation of the loss in performance. The model of the greenhouse system
employed in this research does not include slow time scales, hence a short predic-
tion horizon is sufficient. This, however, considerably limits the required length of
the weather forecast and reducing the magnitude of the uncertainty.

The Kalman filter employed to improve the forecasts did not contribute con-
siderably to the performance of the closed loop as compared to a configuration
without Kalman filter. The Kalman filters contribution is hypothesised to be larger
for weather forecasts with a lower quality, i.e. an increased mean forecast error.

4.6 Appendix: Control Sensitivity Results

Figure 4.13 and Figure 4.14 present additional histograms, similar as those pre-
sented in Subsection 4.3.2, for March 12 at 00:00h and June 12 at 12:00h, respec-
tively.
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Figure 4.13. Histograms of the value of various elements in u∗d(0|i), for various
realisations of the forecast error. The prevailing weather and state of the system
using in these simulations represent the actual system at March 12, 00:00h. For
both the unfiltered forecasts CEMPC and the filtered forecasts CEMPC+KF, 80
simulations have been performed. The value of the (left-to-right, top-to-bottom)
level of operation of the CHP uchp, level of operation of the boiler uboi, electricity
exchange with the grid ueby − uese, CO2 injection uCO2, energy flux to the heat
buffer usto, ventilation rate uven, screen deployment uscr and leaf harvest ulea are
presented. The value at the first time instance of the respective elements for the
simulation with zero forecast error is represented by the red line.
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Figure 4.14. Histograms of the value of various elements in u∗d(0|i), for various
realisations of the forecast error. The prevailing weather and state of the system
using in these simulations represent the actual system at June 12, 12:00h. For
both the unfiltered forecasts CEMPC and the filtered forecasts CEMPC+KF, 80
simulations have been performed. The value of the (left-to-right, top-to-bottom)
level of operation of the CHP uchp, level of operation of the boiler uboi, electricity
exchange with the grid ueby − uese, CO2 injection uCO2, energy flux to the heat
buffer usto, ventilation rate uven, screen deployment uscr and leaf harvest ulea are
presented. The value at the first time instance of the respective elements for the
simulation with zero forecast error is represented by the red line.
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Chapter 5

Fruit Development Modelling and Performance
Analysis of Automatic Greenhouse Control

Abstract
This chapter presents a receding horizon optimal control (RHOC) method with an
economic objective function for balancing the cost of resources (resource use ×
cost) with income through yield (yield× product price). This chapter focuses on the
two elements that determine the income through yield in the economic objective
function. The first element considered in this chapter is the modelling of yield and
associated fruit development. A new, computationally viable, approach to model
the income through yield is proposed and its prediction accuracy with respect to the
original model is evaluated. The new approach employs a model that predicts at
each time step, the future income through yield based on the assimilates partitioned
to the fruits at the current time step. Simulations show that the assumptions made
to arrive at the model for the new approach do not significantly affect the accuracy
of the predictions. The second element considered in this chapter is the product
price and the uncertainty inherent in its forecasts. Historical product price data
are used to generate artificial product price forecasts. An uncertainty analysis, in
combination with the artificial product price forecasts, showed that the product
price forecast error does not considerably affect the optimised control strategy.
Season-wide simulations with RHOC suggest that the product price forecast error
does not considerably affect the performance of the controlled greenhouse system.

This chapter is based on:
Kuijpers, W. J., Antunes, D. J., Hemming, S., van Henten, E. J., & van de Molengraft,
M. J. (2021a). Fruit Development Modeling and Price Forecast Uncertainty in
Automatic Greenhouse Control. Submitted, 1–22
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5.1 Introduction

The Netherlands is one of the biggest exporters of vegetables in the world, which,
however, comes at a price. In 2018, the Dutch horticultural industry consumed
100.5 PJ of energy, of which only 7.4 PJ was produced in a sustainable manner.
This use of energy resulted in a CO2 emission of 5.7 Mt (Velden & Smit, 2019).
The Dutch horticultural industry signed an agreement with the Dutch government
to decrease the CO2 emission and its environmental footprint. Among other
innovations, automatic control of the greenhouse is likely to contribute to achieving
the goals set in the Dutch agreement and may lead to a more sustainable cultivation
worldwide (van Straten & van Henten, 2010).

Various applications of automatic control to the greenhouse system have been
presented in the literature. In Chapter 3 and Tap (2000), Ramírez-Arias et al.
(2012), van Beveren et al. (2015b), Seginer et al. (2018) and Xu et al. (2018)
RHOC was used to control the greenhouse system. In RHOC, the control strategy
computed by the controller is the result of an objective function optimisation over
a future time interval. The objective function can represent various aims, e.g.
economic return or maximisation of yield. In greenhouse climate control based
on RHOC with an economic objective function, the cost of resources (resource
use × cost) is balanced with the income through yield (yield × product price).
The research described in this chapter focuses on two elements of the economic
objective function. The first element considered in this chapter is the modelling
of yield and associated fruit development. A new approach to model the income
through yield is proposed and its prediction accuracy with respect to the original
model is evaluated. The second element considered in this chapter is the product
price and the uncertainty inherent in its forecasts. Both contributions will shortly
be introduced in the next two sections.

5.1.1 Fruit Development Modelling

To be able to optimise the control trajectories for the greenhouse, a model is
required to predict the effect of the control inputs on the income through yield.
The control inputs typically affect yield through the realisation of the greenhouse
climate. Yield is the result of fruit development. Here, we compare various
approaches to model fruit development for RHOC.

The fast timescales of the greenhouse climate dynamics (order of tens of min-
utes) are considerably different from the timescales of the crop development
dynamics (order of weeks) (van Straten & van Henten, 2010). The inputs to a
system characterised by a slow timescale affect the output of the system over an
extended time interval. Thus, to be able to balance resource use, which mainly
results from processes with fast timescale, and income through yield, which mainly
results from processes with slow timescales, a long prediction horizon is required.
An extended prediction horizon leads to more decision variables and thus to an
increased computational complexity of the optimisation problem. Consequently,
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forecasts for product price and e.g. prevailing weather will have to be extended,
increasing the uncertainty.

A control approach that considers both timescales is referred to as an integrated
approach in van (van Straten & van Henten, 2010). In the literature, various
integrated control approaches for the greenhouse system have been presented. In
Seginer and Ioslovich (1998), a long prediction horizon was used in combination
with a model with a single state. A long prediction horizon in combination with
more elaborate models is seldomly used due to its computational complexity.
In van Henten (1994), a two-timescale approach was presented to manage the
computational complexity of the optimisation problem in a lettuce greenhouse
system. The first step of this two-timescale approach aims to optimise the crop
state and co-state trajectories throughout a large part of the growing season,
focusing on the slow timescales. The second step aims to optimise the control
inputs using the computed seasonal trajectories for crop state and co-state. In
Tap (2000), the approach was applied to a tomato greenhouse both in simulation
as well as in a physical experiment in a greenhouse. In Xu et al. (2018), the
two-timescale approach was applied to a simulated lettuce greenhouse. The two-
timescale approach is a computationally feasible integrated control approach. The
required expression for the (quasi-)steady state of the greenhouse climate is a
potential drawback of the latter approach. An analytical expression for the (quasi-
)steady state cannot always be derived for non-linear systems (Pavlov, Hunnekens,
Wouw, & Nijmeijer, 2013). Other expressions for the (quasi-)steady state such as
tabular data may to lead discontinuities in the optimisation problem (Betts, 1998).

Fruit development is one of the mechanisms which is characterised by a slow
timescale. The time from fruit set to fruit harvest is referred to as the fruit growth
period (Koning, 1994). Upon partitioning of an assimilate to a fruit, it might take
up to the fruit growth period, i.e. approximately 52 d (Koning, 1994), before the
respective fruit has ripened enough for harvest. Therefore, instead of calculating
the income through yield based on fruit harvest, Chapter 3 and Seginer et al.
(2018) considered a different approach, in which the income through yield is based
on the assimilates partitioned to the fruits. To account for the inherent delay
in fruit development, Chapter 3 sold the assimilates partitioned at the current
time instance for the product price 30 days later. The latter approaches, however,
use simplified models of fruit development and, thus, suffer from a decreased
accuracy in predicting income through yield compared to more elaborate models
as presented in (Koning, 1994; Vanthoor, 2011). On the other hand, the simplified
models do allow for the application of RHOC with a short prediction horizon
(e.g. 3 d) as presented in Chapter 3. The integration of these models results
in a computationally simple optimisation problem and reduces the need for the
application of the two-time scale approach to handle the development of fruit. Here,
RHOC with a prediction horizon considerably smaller than the fruit growth period
is referred to as SRHOC. Controllers based on RHOC with a short prediction horizon
will, in general, require less computational resources compared to controllers with
a long prediction horizon.
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The contribution of this chapter to the modelling of fruit development is two-
fold:

• A new fruit development model is proposed, which is based on a generalisa-
tion of the work presented in Chapter 3 and Seginer et al. (2018). The new
model provides a more accurate description of fruit development than the
aforementioned works and enables the use of SRHOC.

• The new model is compared in simulation to that of Chapter 3 to evaluate
the effect of the improved accuracy on the performance of the greenhouse
system. With this comparison, the suggested performance increase upon
implementation of RHOC, as stated in Chapter 3, can be refined to a more
realistic value.

5.1.2 Product Price Forecasts

The approach underlying the new fruit development model, as well as any other
aforementioned approach, requires a forecast of the product price at the time
the fruit is harvested. The product price, nowadays, is determined through price
agreements between growers and purchasers, mediated through the auction house
(Bunte, Bolhuis, Bont, Jukema, & Kuiper, 2009). The product price is based on
the evolution of market supply and demand. The evolution of market supply and
demand are partially based on a seasonal effect, i.e. in summer more tomatoes
are produced and supplied to the market. Because of the many (unpredictable)
effects influencing market supply and demand, accurate forecasts of the product
price do not exist. van Henten (1994) analysed four years of historical market
price data for lettuce, the analysis showed that the product price can be predicted
using temporal correlations in the data. Most growers, however, do not use
product price forecasting services but rely on relevant experience from previous
seasons. A product price forecast will, thus, seldomly match the actual realisation
of the product price, introducing a product price forecast error whose value is
uncertain. The uncertainty in the product price forecast error and its consequences
on the performance of a controlled greenhouse system have not been addressed in
literature.

This chapter contributes to our understanding of the effect of product price
forecast errors through:

• An analysis of historical product price data to find average seasonal trends in
the product price.

• An evaluation of the effect of the product price forecast error on the perfor-
mance of the controlled greenhouse system, using artificial product price
forecasts based on the average seasonal trends in the product price and the
new fruit development model.
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5.1.3 Chapter Structure

The remainder of the chapter is organised as follows, Section 5.2 presents the
greenhouse control problem, the proposed fruit development model and the ar-
tificial price forecasts. The various simulation studies and corresponding results
are presented in Section 5.3. The results of the simulation studies are discussed
in context of the above contributions in Section 5.4. Concluding remarks and
indications for future research are presented in Section 5.5.

5.2 Materials & Methods

The research presented here builds upon the greenhouse control problem as pre-
sented in Chapter 3. Relevant parts of this control problem are presented in
Subsection 5.2.1. In Subsection 5.2.2, the approach of Chapter 3 and Seginer et al.
(2018) is generalised to arrive at a fundamentally different way to model fruit
development which enables the use of SRHOC. Subsection 5.2.3 details modifica-
tions to the model by Vanthoor (2011) according to the specifications set out in
Subsection 5.2.2. The resulting fruit development model enables the use of SRHOC
while providing a more accurate description of fruit development as compared to
the approach of Chapter 3 and Seginer et al. (2018). The analysis of the histor-
ical product price data and the synthesis of artificial product price forecasts are
presented in Subsection 5.2.4.

5.2.1 Greenhouse Control Problem

The controlled greenhouse system is graphically represented by the block diagram
in Figure 5.1. The model of the greenhouse system is composed of the energy
management system ΣE , greenhouse climate system model and lighting system
model ΣG and crop growth and transpiration model ΣC . For the sake of clarity,
the fruit development model ΣFD, a key model component for the purpose of this
chapter, is depicted as a separate block. The inputs to the fruit development model
are the greenhouse climate yg and the assimilates partitioned to the fruit buffer
yB ∈ R1. The greenhouse system is modelled with a state-space representation
with states xd ∈ Rnx , controllable inputs ud ∈ Rnu and uncontrollable exogenous
inputs d ∈ Rnd . Further details on the model used in this chapter can be found in
Chapter 3. The simulation studies presented here are based on a greenhouse with
high-pressure sodium (HPS) lamps.

In the simulation studies presented in this chapter, the control inputs of the
greenhouse system ud resulted from an optimisation problem solved by controller
ΣM , denoted by u∗d. The controller aimed to optimise the operational return
J ∈ R (em−2), over a finite receding horizon. This horizon starts at time instance
k and subsequent time instances in the horizon are denoted by j ∈ {0, . . . , N},

1The notation and naming of the signals in the model by Vanthoor (2011), can be found in the
respective entry in the Nomenclature.
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Controller Energy
Management

Greenhouse
        Climate

Crop Growth &
   Transpiration

Fruit 
Development

Figure 5.1. Block diagram representation of the greenhouse control system. The
system is composed of controller ΣM , energy management system ΣE , greenhouse
climate system model and lighting system model ΣG, crop growth and transpiration
model ΣC and fruit development model ΣFD. The control inputs to the greenhouse
system are denoted by ud. The elements of ud input to ΣC encompass the harvest
of fruits and leaves. The controllable inputs to the greenhouse climate model, e.g.
ventilation, screen deployment, heating, CO2 injection are denoted by ug. The
uncontrollable inputs to the greenhouse climate model are denoted by d, the outside
weather. Variables yg and yc denote the effect of the greenhouse climate on the crop
(temperature, CO2 concentration, radiation and relative humidity) and the effect
of the crop on the greenhouse (assimilation and transpiration), respectively. The
assimilates partitioned to the fruit buffer are represented by yB .

where N is the length of the prediction horizon. The operational return constitutes
a purely economic objective function in which the inputs are multiplied with
cost/return of a unit input c(t) ∈ Rnu , i.e. ck(t)uk(t) represents the contribution
of input k ∈ {1, . . . , nu} to the operational return and is expressed in monetary
units. The input vector ud includes elements with a negative contribution to the
return (costs) such as through gas use or electricity use, ud also includes elements
with a positive contribution (profit) such as fruit harvest. The overall cost, referred
to as the operational return ld(·) : Rnu × Rnu → R, is ld (ud, c) = cTud. Although
the weights c, except for the product price cfrt ∈ R, were chosen constant, they
can, in general, vary with time. Here, product price forecasts published at time
instance i with lead time j, forecasting a future time instance j + i, are denoted
by ĉfrt(j|i) ∈ R. Note, that the product price forecast for a specific time instance
may change as the lead time decrease, i.e. ĉfrt(j|i) is not necessarily equal to
ĉfrt(j − k|i+ k) for k > 0. Whenever the product price forecast is part of weight
vector c, the latter is denoted by ĉ(j|i) ∈ Rnu .

The discrete-time states of the greenhouse system xd ∈ Rnx affect the optimisa-
tion of the controllable inputs ud through the constraints. The controllable inputs
to the greenhouse system ud can be updated every 15 minutes, τl = 15 · 60 = 900 s
and are held constant in between samples. For the sake of computational efficiency,
these inputs are discretised using a zero-order hold with sampling time τl. The



5

5.2 Materials & Methods 113

optimisation problem aims to find u∗d by maximising the operational return within
the feasible region outlined by the constraints

u∗d = arg max
ud(·|i)

N∑
j=0

ld (ud(j|i), ĉ(j|i))

subject to xd(j + 1|i) = F (xd(j|i), ud(j|i), d(j|i)) ,
(xd(j|i), ud(j|i)) ∈ X× U,

θl ≤ h (xd(j|i), ud(j|i)) ≤ θu, ∀ j ∈ {0, . . . , N} ,
xd(0|i) = xt

(5.1)
The state of the system at the present time is represented by xt ∈ Rnx . Vector xd(j|i)
is the predicted2 state at future time instance j + i computed at time instance i.
The inputs to the greenhouse at time instance j + i predicted at time instance i are
represented by ud(j|i). The forecast of the uncontrollable inputs to the greenhouse
d(j|i) ∈ Rnd encompasses the relevant weather variables i.e. global radiation,
outside air temperature, outside air CO2 concentration, outside air humidity and
wind speed. The dynamical model F (·) : Rnx × Rnu × Rnd → Rnx represents ΣE ,
ΣG, ΣC and ΣFD and provides a mapping from inputs and states to the states τl
into the future. Further details on model F can be found in Chapter 3. It is implicit
in (4.2) that the controller is assumed to have full state information.

The optimisation problem in (5.1) was solved using the nonlinear optimisation
software package IPOPT (Wächter & Biegler, 2006), with linear solver MA57 from
HSL (HSL, 2019). The IPOPT solver was interfaced using CasADI (Andersson et al.,
2019). To improve the efficiency of the IPOPT solver, CasADI provides it with
Hessian and Lagrangian information of (5.1). The latter information requires the
functions that describe F and ld in (5.1) to be twice continuously differentiable in
order for the Hessian to be defined at any unconstrained point.

The research presented in this chapter focuses on the model for the income
through yield lfrt(·) : Rnu × Rnu → R. This subsection continues with a more
detailed description of the income through yield. For multiple-harvest crops such
as tomatoes, income through yield is obtained multiple times throughout the
prediction horizon horizon. For tomato, the income through yield is therefore often
included in the running objective function (Ramírez-Arias et al., 2012; Seginer
et al., 2018). The operational return can thus be decomposed according to

ld (ud, c) = lfrt (ud, c)− lres (ud, c) (5.2)

where lres(·) : Rnu × Rnu → R represents the cost of resources, i.e. the amount of
resources used multiplied with the cost per resource. Fruits, like tomatoes, require
a certain amount of time to ripen. The time from fruit set to fruit harvest is referred
to as the fruit growth period (FGP), which ranges from 30 to 52 d (Koning, 1994)

2the notation ·(j|i) denotes the variable ·(j + i) predicted at time instant i.
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and is affected by temperature, and by light through photosynthesis. The cost of
resources lres (ud, c) is balanced once the fruit is sold, which can, thus, take up to
52 d. For example, by turning on the artificial lighting, the resource costs increase as
a result of increased gas use or electricity use, these costs will only be fully balanced
when all the fruits that consist of assimilates that were affected by this change in
control strategy have been harvested and sold. Given this FGP, one approach to
implementing this optimisation problem would be to use a prediction horizon of
52 days. Given the continuous nature of the investments in new assimilates using
resources, this, however, would already be an approximation of the solution of the
control problem for the whole production period. Yet even this horizon of 52 d is
not feasible for most numerical solvers.

5.2.2 Fruit Development Modelling

In this subsection, a fundamentally different approach to fruit development mod-
elling is presented. This subsection starts with an introduction of the new approach
and a comparison with respect to the approach used in most literature. Afterwards,
the models in Chapter 3 and Seginer et al. (2018), here referred to as time-shift
model (tsm), are presented as examples of fruit development models that can be
used with the approach. The specifications for fruit development models that can
be used with the approach are presented at the end of this subsection.

Let t denote a continuous timescale. On timescale t, let t1 denote the specific
time instant at which the optimisation algorithm is solved. In literature, the income
through yield is typically described based on a prediction of the fruit harvest
yF ∈ R. This prediction describes the amount of assimilates that will be harvested
at a time instant t2. Let yB denote the assimilates partitioned to the fruit buffer,
see Figure 5.1. The part of the assimilates that are partitioned at the current
time instant and that is eventually harvested is yI = yB − yM ∈ R in which
yM ∈ R denotes the assimilates used for maintenance respiration, these do not
contribute to the eventual fruit weight. As the output of the fruit development
model is characterised by a slow timescale, the fruit harvest at t2, i.e. yF (t2), is the
result of yI over a relatively long period of time, i.e. yF (t2) is a function of input
yI (ti)∀ti ∈ [t2 − FGP, t2] through convolution

yF (t2) =

∫ FGP

0

Ξ (t2 − τ) yI(τ)dτ. (5.3)

In (5.3), Ξ(·) : R → R denotes the impulse response function of any linear time-
invariant fruit development model. Note that, Ξ (t2 − τ) = 0 ∀τ > FGP , hence
the upper limit of the convolution integral was changed to FGP . For the sake of
explanation, the fruit development model is assumed to be linear and time-invariant
and thus having a unique impulse response, the implications of this assumption are
discussed later. As yF (t2) is the result of input yB over the interval [t2 − FGP, t2],
the optimisation problem in (5.1) requires a prediction horizon N the length of
which exceeds FGP.
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The underlying principle of the fundamentally different approach to fruit devel-
opment modelling is as follows. Let y̌F (t|t1) ∈ R denote the isolated contribution
of yB (t1) to the fruit harvest yF (t), hence

y̌F (t|t1) = lim
||∆t||→0

Ξ (t− t1) yI (t1) ∆t (5.4)

Note that y̌F (t|t1) is a function of only yB at t1. Figure 5.2 illustrates this step
by visualising y̌F (t|t1) as part of yF . The proposed approach models the income
through yield as a function of the isolated contribution of the assimilates partitioned
at time instance t1, y̌F (t|t1), multiplied by the product price forecast as

lfrt (t1) =

∫ FGP

0

y̌F (τ |t1) · ĉ (τ |t1) dτ. (5.5)

Figure 5.2. Illustration of the assimilates partitioned to the fruit buffer yB (top), and
resulting fruit harvest yF (bottom). The dashed line in the bottom graph indicated
by y̌F (t|t1) indicates the fruit harvest due to assimilates partitioned at t1, i.e. yB (t1)
as indicated in the top graph.

Even though the integral in (5.5) is also over the interval [0, FGP ], lfrt in (5.5)
is only a function of yB (t1). As this approach to model the income through yield is
only a function of the input yB at t1 it does not require a prediction horizon which
exceeds the FGP.

The income through yield in (5.5) represents the general form of the approach,
i.e. Ξ(·) denotes the impulse response function of any linear time-invariant fruit
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development model. The tsm used in Chapter 3 can be written in the form of (5.5),
it predicts the economic contribution of the assimilates partitioned to the fruit
buffer yB by assuming that these will be harvested after a fixed time ttsm ∈ R≥0,
i.e.

lfrt (tk) =

∫ FGP

0

δ (τ − ttsm) · yI (tk) · ĉfrt (τ |tk) dτ, (5.6)

where δ(·) : R→ R denotes the Dirac delta function. The impulse response function
of the tsm is Ξ(t) = δ (t− ttsm), which represents a pure delay. The combination of
the Dirac delta function and the integral is included to show the similarity between
(5.6) and (5.5). The tsm is a fruit development model that can be employed in the
proposed approach.

The assumption that underlies the tsm and the explanation at the start of this
subsection is that the fruit harvest yF can be described as the sum of the contribu-
tions of the individual assimilates partitioned at the respective time instances. In
other words, the impulse response function Ξ(·) in (5.3) exists. This is referred
to as the principle of superposition and requires the fruit development model to
be a linear time-invariant model. The tsm consists of a single delay operator and
is therefore a linear time-invariant model. In the next subsection, the model by
Vanthoor (2011) is modified to arrive at a linear time-invariant model, such that it
can be used in SRHOC, while providing a more accurate description than the tsm.

5.2.3 Modified Vanthoor Model

Before discussing the modifications and assumptions to the model by Vanthoor
(2011) to arrive at a linear time-invariant model, first a short introduction of
model is presented. Fruit development was modelled by Vanthoor (2011) using
a fixed boxcar train structure (Rabbinge & Ward, 1989) based on D distinct fruit
development stages. Each stage i contains an assimilate buffer xfrt{i} which
represents the assimilates of fruits in development stage i and buffer Nfruit{i}
which represents the number of fruits in development stage i. The fruit development
model by Vanthoor is represented by a block diagram in the top panel of Figure 5.3.
Note that, for the sake of clarity, Figure 5.3 focuses on the assimilate buffers in the
model, the fruit number buffersNfruit{i} are not shown. The assimilates partitioned
to the fruits yB are distributed over the development stages through gains Θj . The
assimilates flow through the subsequent stages until the fruit is harvested after
stage D. The gains Γi control the flow from buffer to buffer. The gains Θi and
Γi are non-linear functions of Nfruit{i} and the 24 h average temperature T 24

can,
for the sake of clarity these dependencies are not shown in Figure 5.3 and in the
following elaboration. The fruit development model by Vanthoor in state space
representation is given by



5

5.2 Materials & Methods 117




ẋfrt{1}(t)

...
ẋfrt{D−1}(t)
ẋfrt{D}(t)

 =


−Γ1 . . . 0 0

... . . .
...

...
0 . . . −ΓD−1 0
0 . . . ΓD−1 −ΓD



xfrt{1}(t)

...
xfrt{D−1}(t)
xfrt{D}(t)



−


yM{1}

...
yM{D−1}
yM{D}

+


Θ1

...
ΘD−1

ΘD

 yB
lfrt(t) = ΓDxfrt{D}(t)cfrt(t)

, (5.7)

where yM{i} ∈ RD represents the maintenance respiration of stage i. As this
model provides a relation between the assimilates partitioned to the fruits and the
income through yield lfrt, it can be substituted for ΣFD in Figure 5.1 and for lfrt
in (5.2). The Vanthoor model in (5.7) is, because of non-linear functions Θi and Γi,
non-linear and can therefore not be substituted for Ξ in (5.4). In the remainder of
this subsection, the modifications to the model in (5.7) are presented, to arrive at a
linear time-invariant model such that it can be used in (5.5) and thus in SRHOC.

The fixed boxcar train approach in (Rabbinge & Ward, 1989), applied to fruit
development by Vanthoor (2011), is an approach to represent a time delay re-
sponse of a system. In Vanthoor (2011), this delay was modelled as a function
of the development stage the assimilates are partitioned to and the 24 h average
temperature T 24

can according to

tFi = FGP
(
T 24
can

)
· (1− (i− 1) + 0.5

D
. (5.8)

Assimilates partitioned to a higher development stage will be harvested sooner,
hence a shorter delay tFi is induced. This is supported by the observation that the
model in (5.7) is a chain of integrators and that the eigenvalues of the state matrix
in (5.7) correspond to the delay times tFi . Instead of using a fixed boxcar train
approach, we propose to directly time-shift the assimilates partitioned to stage i by
time delay tFi . The fruit harvest can therefore be described as a set of D parallel
delays

lfrt (tk) =

D∑
j=1

(
Θj · yB (tk)− yM{j} (tk)

)
· ĉfrt

(
tFj |tk

)
. (5.9)

Note that, as opposed to the description of the tsm in (5.6), the combination of the
Dirac delta function and convolution integral was omitted in (5.9). The modified
Vanthoor model (mVt) in (5.9) models the fruit harvest, as a result of input yB,
at D distinct time instances tFj at which an amount of Θj · yB (tk) − yM{j} (tk)
is harvested for i ∈ {1, . . . ,D}. The impulse response functions of the tsm in
(5.6) and the modified Vanthoor model (mVt) are presented in Figure 5.4. From
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Figure 5.3. (top) A block diagram representation of the fruit development model by
Vanthoor (2011). The assimilates that are partitioned to the fruits yB flow to various
development stages, the distribution over the development stages is controlled
by factors Θi ∀i ∈ {1, . . . ,D}. The assimilates required for fruit maintenance
respiration yM{i} are withdrawn from each fruit buffer xfrt{i}. The assimilates
flow from buffer to buffer controlled by Γi. To arrive at the resulting crop price,
the harvested assimilates yF are multiplied by the forecasted product price ĉfrt.
(bottom) a block diagram representation of the modification to the fruit development
model by Vanthoor, the block with ĉfrt

(
tFi

)
represents a multiplication of the input

with the product price ĉfrt a period of length tFi into the future.

Figure 5.4, one can observe how the assimilates are partitioned over the various
fruit development stages through gains Θj . The mVt is represented as a block
diagram at the bottom of Figure 5.3. The integrators in the development stages
were replaced by blocks where the assimilates, previously input to the integrator,
are multiplied by the time-shifted price forecast ĉfrt. One can observe in the
bottom panel of Figure 5.3 and from (5.9) that, according to this model, lfrt
can be negative for time instances where the amount of assimilates needed for
maintenance respiration exceeds that of the assimilates partitioned to the fruit
buffers. The negative values of lfrt are compensated by positive value at other
time instances in the prediction horizon. Two important assumptions are made
to arrive at (5.9), these two assumptions are discussed in the remainder of this
subsection. Note that these two assumptions resulting in the model in (5.9) are
added to the assumptions on the fruit development process that resulted in the
model by Vanthoor.
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Figure 5.4. Impulse response functions of (left) the tsm in (5.6) with ttsm = 30 d
and (right) the mVt in (5.9) with T 24

can = 22 ◦C. Both functions are characterised as
a set of impulses.

The first assumption is that the 24 h average temperature T 24
can remains constant

throughout the fruit growth period FGP. The model in (5.9) depends on T 24
can

through tFj . In (5.9), the value of T 24
can at tk is used to calculate lfrt and is therefore

assumed to remain constant for a period of tFj . The assimilates partitioned at tk
are thus assumed to be unaffected by the temperature after partitioning. According
to the model in (5.7), the effect of an interval with low T 24

can can be compensated
by an interval with a high T 24

can. Therefore, if the average temperature during the
FGP is equal to the temperature at the time of partitioning, a good prediction is
obtained. In case the temperature throughout the FGP would be different, the
resulting error in tFj due to changes around e.g. T 24

can = 21 ◦C is 2.2 d ◦C−1. Note
that the evolution of ĉfrt is important in evaluating the effect of this assumption,
i.e. if ĉfrt is e.g. constant throughout the course of those 2.2 d, an error of 1 ◦C
around T 24

can = 21 ◦C yields the same estimate for lfrt. At the bottom of Figure 5.5,
a season long trajectory for T 24

can is presented for a simulation with HPS lighting in
Chapter 3. From Figure 5.5, one can observe that in this simulation T 24

can is constant
throughout most of the year.

The second assumption is that the assimilate buffers xfrt in (5.7) and Nfruit{i}
have achieved a steady-state x̄frt ∈ RD. As a result of this assumption the non-
linear functions Θi and Γi are independent of the states of (5.7). In the top panel
of Figure 5.5 the resulting state trajectories of xfd are shown for a growing season-
wide simulation with the model in (5.7) and the inputs yB and T 24

can from the
simulation with HPS lighting in Chapter 3. The generative growth starts at the 11th

of January; hence the buffers are empty. One can observe that the buffers achieve a
steady state in April, three months after the start of generative growth. The model
is therefore considered to provide meaningful predictions roughly 3 months after
the start of the productive phase.
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Figure 5.5. Inputs and output of the fruit development model by Vanthoor (2011)
with D = 8 using yB and T 24

can from a season-wide simulation of an optimally
controlled greenhouse with HPS lighting in Chapter 3 (top) assimilate content of
xfrt{i} and the calculated steady-state x̄frt{i} (middle) the assimilates partitioned
to the fruit buffers yB and fruit harvest yF (bottom) the realised T 24

can. One can
observe that the assimilate buffers xfrt{i} achieve the corresponding steady state
x̄frt{i} around April. The realised T 24

can is relatively close to constant throughout the
period in which the states are at a steady state value.

5.2.4 Product Price and Artificial Price Forecasts

In the Netherlands, tomatoes are sold through the daily market and through long-
term contracts (Bunte et al., 2009). The research presented in this chapter is
valid for tomatoes sold through the daily market. The product price on the daily
market is determined through price agreements between growers and purchasers,
mediated through the auction house (Bunte et al., 2009). This price is based on
the evolution of market supply and demand. Because of the many (unpredictable)
effects influencing market supply and demand, accurate long-term forecasts of the
product price do not exist.
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As product price forecasts were not available to use, artificial product price
forecasts were created to be able to analyse the effect of the product price forecast
errors on the performance of the optimally controlled greenhouse system. These
forecasts are based on what is considered to be relevant experience of the grower,
i.e. experience based on the product price evolution in previous years. The
relevant experience of the grower consists of the average evolution of the product
price throughout the growing season and the average deviation thereof. This
subsection continues with an analysis of the historical product prices to obtain
these two trends, i.e. the average yearly product price evolution and corresponding
deviations thereof.

Figure 5.6 presents the historical product price data cfrt (GFactueel, 2020)
during five years plotted with respect to the day of the year. One can observe a
yearly oscillation which results from the dependency of the price on supply and
demand. In summer the supply is high, hence the product price drops accordingly.
A fast Fourier transform was used to identify this yearly oscillation, see Figure 5.7.
One can also observe a half-yearly oscillation and a quarter-yearly oscillation. The
contribution of these three frequencies was used to represent the average yearly
trend µfft(t) : R→ R, defined as

µfft(t) = α+ Σ3
i=1βi sin (ωit+ φi) , (5.10)

where the values for α, βi and φi result from the fast Fourier transform, results
for the magnitude are presented in Figure 5.7. The frequency of the first periodic
was ω1 = 2π · 365−1, ω2 = 2ω1 and ω3 = 4ω1. The resulting average yearly trend
µfft is presented in Figure 5.6. The standard deviation per day of the year was
determined by equating the largest difference between cfrt and µfft for that day
of the year to 3σ. The fast Fourier transform of these deviations also revealed three
prominent frequencies, a half-yearly, quarter-yearly and bi-monthly oscillation. In
order to model the standard deviation σfft, a similar structure as (5.10) is used.
The resulting 3σ-bounds are represented by the dashed lines in Figure 5.6.

In this chapter, two different types of artificial forecasts were used to analyse
the effect of the product price forecast error. The first type of artificial forecasts
represents the experience of the grower, a realistic product price forecast. This first
type is based on the belief of the grower that the price will, from the current product
price c̄frt ∈ R, converge back to µfft. This forecast is based on the average yearly
trend µfft and c̄frt, the only information available to the grower. The forecasted
evolution of the product price was modelled using a smoothed if-else function
S : R3 → R, proposed by Vanthoor (2011)

S
(
sv, s

l
k, ss

)
=

1

1 + es
l
k(sv−ss)

, (5.11)

where slk ∈ R and ss ∈ R represent the slope and the switching value of the
smoothed if-else. The lead time of the forecast was substituted for sv ∈ R in
(5.11).The smoothed if-else function was chosen because of the fact that its param-
eters have a clear interpretation and that it provides a smooth description, which is
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desirable for the optimisation algorithm. The first set of artificial forecasts, used in
the simulation study presented in Subsection 5.3.3, can be represented as

ĉfrt(j|t) = µfft(t) + c̄frt · S
(
j, slk, ss

)
, (5.12)

where j represents the lead time of the price forecast. As j → 0 in (5.12),
S
(
j, slk, ss

)
→ 1 and ĉfrt(j|t) = µfft(t) + c̄frt. For j → ∞, S

(
j, slk, ss

)
→ 0 and

ĉfrt(j|t) = µfft(t). The value for the slope slk and switching value ls were randomly
selected upon generation of the forecast. A set of price forecasts ĉfrt which was
generated using (5.12) and random slk and ss, is presented in the right panel of
Figure 5.8.

A second set of artificial forecasts was designed to evaluate the effect of the
product price forecast uncertainty on the control strategy. The forecast error in this
second set of artificial forecasts aimed to explore the effect of the forecast error
on the optimised control strategy. This product price forecast error was assumed
to be zero at the current time instance but assumed to converge to 3σfft for
increasing lead time. The latter represents the increasing uncertainty for product
price forecasts far into the future. The artificial forecasts in the second set are
equal to µfft(t) for l = 0 and converge to the positive or negative 3σ bound for
increasing j. This set of artificial forecasts, used in the simulation study presented
in Subsection 5.3.2, can be represented as

ĉfrt(j|t) = µfft(t)± 3σfft(t) · S
(
j,−slk, ss

)
. (5.13)

As j → 0, S
(
j,−slk, ss

)
→ 0 and ĉfrt(l|t) = µfft(t). For j →∞, S

(
j,−slk, ss

)
→ 1

and ĉfrt(l|t) = µfft(t) ± 3σfft(t). Values for the slope slk and switching value ls
as well as whether the contribution of 3σfft(t) is added or subtracted from µfft(t)
were randomly selected. A set of price forecasts which was generated using (5.13)
and random slk and ss is presented in the left panel of Figure 5.8.

5.2.5 Weather Data

In the simulation studies presented here, the realisation of the weather applied to
the system d originated from an experiment described in Kempkes et al. (2014),
where various energy-saving options in greenhouses were investigated in a Venlow
Energy kas located in Bleiswijk, The Netherlands. The data, which consist of outside
air temperature Tout (◦C), outside absolute air humidity Hout (g m−3), outside air
CO2 concentration CO2,out (g m−3), wind speed vwind (m s−1) and global radiation
Qsun (W m−2), are measured at 5 min interval, during the years 2011 to 2014. In
the simulation studies here, only year 2014 was used.

5.3 Results

In the first simulation study, the three fruit development models presented in
Section 5.2, i.e. the tsm, the model by Vanthoor (2011) and the mVt are compared
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Figure 5.6. Historical product price data cfrt (GFactueel, 2020) of five years plotted
with respect to the day of the year. Also the average yearly trend µfft and the lower
and upper 3σ-bounds are plotted.

Figure 5.7. Fast Fourier transform of the historical product price data. The frequency
is expressed in y−1, the peak at 1, thus, represents the yearly oscillation in the product
price.

in an open-loop simulation. The results obtained from simulating the three models
are compared in Subsection 5.3.1. Subsection 5.3.2 presents a simulation study to
assess the effect of the product price forecast error uncertainty on the optimised
control trajectory resulting from (5.1). The simulation study presented in Sub-
section 5.3.3, presents a season-wide simulation in which the tsm and mVt fruit
development models are used in closed-loop, i.e. with the models integrated in
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Figure 5.8. The averaged product price µfft and corresponding 3σ bounds through-
out the interval from March 15th to June 9th, (left) the forecasts ĉfrt, used in the
sensitivity analysis, resulting from (5.13) with random slk and ss, (right) the forecasts
ĉfrt, used in the season-wide simulations, resulting from (5.12) with random slk and
ss.

(5.1). The latter simulation study aims to evaluate the effect of the product price
forecast error on the performance of the greenhouse system.

5.3.1 Fruit Development Model Comparison

In this simulation study, the three fruit development models presented in Sec-
tion 5.2: the tsm in (5.6), the model by Vanthoor (2011) in (5.7) denoted by Vt,
and the mVt in (5.9), were provided with the same inputs in order to compare the
resulting predictions. The differences between the predictions of the tsm and the
mVt show to what extend the prediction accuracy of an SRHOC approach can be
improved with respect to the tsm approach. The differences between the mVt and
the model by Vanthoor show the effect of the assumptions and modifications in
Subsection 5.2.3.

The inputs provided to the fruit development model yB and T 24
can, originated

from the simulations with HPS lighting in Chapter 3, these are depicted in Fig-
ure 5.5. The value of the fixed time-shift delay in the tsm ttsm was set to 30 d,
similar to Chapter 3. The value of D in both the model by Vanthoor and the mVt
was set to 8. The models were compared based on their output, the prediction of
fruit harvest. Note, however, that the tsm and mVt both predict the fruit harvest
due to assimilate partitioning at a particular time instance. To be able to compare
the prediction of fruit harvest, the impulse response functions of the latter two
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models were substituted for Ξ in (5.3), resulting in a prediction of fruit harvest.
Based on the prediction of fruit harvest, the income through yield was calculated.
The product price data used in the latter analysis originated either from the aver-
age yearly trend µfft in (5.10) or the product price data from an arbitrary year
between 2015 and 2020. The predictions of the mVt are meaningful when the fruit
development dynamics have achieved a steady-state value. The results presented
below, for all models, are solely based on the period after the 1st of April.

Table 5.1 presents the predicted cumulative fruit yield over the simulation
interval, expressed in dry matter. One can observe that the predictions by the
mVt are close to that of the Vt, a difference of 0.01 kg m−2. The calculation of the
income through yield, however, does not only require a good cumulative prediction,
but due to the time-varying product price, the prediction of when fruit is harvested
is also relevant. Therefore, Table 5.1 also presents the RMSE of tsm and mVt with
respect to Vt, normalised to the RMSE of the tsm. One can observe from the results
on the normalised RMSE, that the mVt performs considerably better than the tsm.
This is supported by the predicted fruit harvest yF as shown in Figure 5.9. For
the sake of clarity, the data for fruit harvest by mVt and the tsm in Figure 5.9
were filtered by means of moving average filters with window sizes of 1 d and
3 d, respectively. Even though the harvest prediction by the TSM is considerably
different from the predictions by Vt, the average value is, however, close to the fruit
harvest predictions by Vt, which is supported by the data in Table 5.1. One can
conclude that the predictions of fruit harvest by the mVt are considerably better
than the tsm and that the predictions of the mVt are close to the predictions by the
Vt.

Table 5.1. The prediction of cumulative fruit yield over the simulation interval and
the RMSE of tsm and mVt with respect to Vt, resulting from the simulations. The
RMSE presented is normalised with respect to the RSME of the simulations with
the tsm model. The prediction of cumulative yield over the simulation interval is
expressed in dry matter. Similar results are presented for the income through yield
based on the average yearly trend µfft and the product price data from an arbitrary
year between 2015 and 2020.∫

yF (t)dt RMSE
∫
yF (t)µfft(t)dt RMSE

∫
yF (t)cfrt(t)dt RMSE

[kg m−2] [-] [em−2] [-] [em−2] [-]

tsm 2.03 1 18.90 1 19.46 1
mVt 2.15 0.29 19.84 0.73 20.52 0.74
Vt 2.14 0 19.79 0 20.49 0

Figure 5.10 and Figure 5.11 present the income through yield corresponding
to the fruit harvest predictions presented in Figure 5.9. The predictions of income
through yield in Figure 5.10 are based on the average yearly trend µfft(t) in
the product price and the predictions in Figure 5.11 are based on data from an
arbitrary year from the historical product price data between 2015 and 2020. One
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can observe that, due to the smooth and slowly varying product price in Figure 5.10,
the accuracy of the mVt as compared to the Vt increased. The latter observation is
supported by the corresponding RMSE in Table 5.1. The corresponding normalised
RMSE for prediction of income through yield was higher for the mVt as compared
to the fruit harvest prediction, but, as one can observe from Figure 5.10, the
predictions of income through yield by the tsm also improved. Figure 5.11 and
Table 5.1 also show the predictions of income through yield based on data from
an arbitrary year between 2015 and 2020. One can conclude that the predictions
of income through yield of the mVt are similar to that of the Vt, a slowly varying
product price results in better predictions of the income through yield.

Figure 5.9. Predicted fruit harvest yF by the Vanthoor model (Vt), the modified
Vanthoor model (mVt) and the time-shift model (tsm). For the sake of clarity, the
plotted data for mVt and tsm is filtered by means of moving average filters with
window sizes of 1 d and 3 d, respectively. Only the data for mVt after the 1st of April
is shown.

5.3.2 Uncertainty Analysis

The simulation study presented in this subsection aims to evaluate the effect of the
product price forecast error on the control strategy u∗d which results from (5.1).
The effect of the product price forecast error may depend on product price, the
prevailing weather and the state of the system. To this extent, three time instances,
spread throughout the growing season, were selected for this analysis:

• 11th of January. At this day: the prevailing weather represents winter weather,
the crop has just entered the productive phase and the product price is high.
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Figure 5.10. Predicted income through yield lfrt by the Vanthoor model (Vt), the
modified Vanthoor model (mVt) and the time-shift model (tsm). For the sake of
clarity, the plotted data for mVt and tsm is filtered by means of moving average filters
with window sizes of 1 d and 3 d, respectively. Only the data for mVt after the 1st of
April is shown. The product price cfrt is based on the average yearly trend µfft

• 10th of June. At this day: the prevailing weather represents summer weather,
the crop is well into its productive phase and the product price is close to its
lowest point, see Figure 5.6, the 161st day of the year.

• 29th of July. At this day: the prevailing weather represents summer weather,
the crop is well into its productive phase and the product price increases
rapidly in the middle of the fruit growth period, see Figure 5.6, the 210th day
of the year.

At every time instance, the control strategy was optimised using (5.1), for 120
different product price forecasts. The mVt model in (5.9) was employed as fruit
development model. The product price forecasts originated from (5.13) with
randomly selected values for the slope, the switching value and randomly selected
convergence to the upper or lower bound.

Figure 5.12, Figure 5.13 and Figure 5.14 show the results of the uncertainty
analysis for the 11th of January, the 10th of June and the 29th of July, respectively.
For every time instance, the set of product price forecasts is presented in the top
left graph. Histograms for the accumulated CO2 injection uCO2, accumulated
gas use s and difference in the 24 h average temperature on the first day of the
prediction horizon are presented in the remaining graphs. These indicators were
chosen as these affect fruit development either through temperature and/or CO2

concentration. The latter affects fruit development through photosynthesis. The
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Figure 5.11. Predicted income through yield lfrt by the Vanthoor model (Vt), the
modified Vanthoor model (mVt) and the time-shift model (tsm). For the sake of
clarity, the plotted data for mVt and tsm is filtered by means of moving average
filters with windows size of 1 d and 3 d, respectively. Only the data for mVt after the
1st of April is shown. The product price cfrt is based on the data of an arbitrary year
between 2015 and 2020.

product price forecasts in the top left graph were colour-coded based on the
switching value, ss in (5.13), and whether they predict an increasing product price
or a decreasing product price. The histogram entries were coloured accordingly.
Note that, for the uncertainty analysis at January 11th the optimisation algorithm
did not converge for 4 out of the 120 simulations, Figure 5.12 only shows the 116
simulations in which the solver did converge.

Overall, one can observe that the product price forecast error did not consid-
erably affect the control trajectories of the system. The temperature difference
constituted during the first day is significantly at all time instances, this however, is
hypothesised to be due to a mismatch in the initial condition of the system. For
the temperature difference a clear distinction between increasing and decreasing
product price forecasts can be observed at the 11th of January and more clearly
at the 10th of June. In general, a lower temperature strategy resulted from the
optimisations with rising forecasts. A lower temperature results in a longer fruit
growth period. The fruit harvest in these simulations is, thus, prolonged to benefit
from the higher prices that were forecasted. The accumulated gas use and CO2

injection do not show similar differences due to increasing and decreasing product
price forecasts. The magnitude of the forecast error, here ±0.25e kg−1 for the
length of one to two months is large compared to practice. The forecasts converge
to the 3σ bounds, which represent a confidence bound of > 99 %. One can conclude
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from the figures that the change in the control strategy is small compared to the
magnitude of the uncertainty simulated here. The temperature difference during
the first day might result from the controller temporarily decreasing the tempera-
ture to benefit from the high product price by increasing the fruit growth period. If
the temperature is, however, only decreased temporarily, the first assumption in
Subsection 5.2.3 does not hold.

Figure 5.12. Results of the uncertainty analysis at January 11th. Histograms are
presented for (top right) the accumulated CO2 injection uCO2 and (bottom left)
accumulated gas use s during the first day of the prediction horizon for various price
forecasts. A histogram of the difference in the 24 h average temperature between
the start and end of the first day ∆T 24

can is presented in the bottom right. The entries
in the histograms are coloured based on the evolution of the price forecast ĉfrt as
presented in the top left graph.

5.3.3 Seasonal Simulation

The simulation study presented in this subsection encompasses closed-loop sim-
ulations in which the control strategy resulted from (5.1) in combination with
either the tsm or mVt fruit development model. For each of the configurations,
two season-wide simulations were run, i.e. one with the product price forecasts
according to (5.12) and one in which the forecast matches the average yearly trend.
The aim of this simulation study was two-fold. Firstly, the simulations were used
to evaluate the differences between the fruit development models in closed-loop
simulation. Secondly, by comparing the results of the simulations with the product
price forecasts and the average yearly trend, an indication can be obtained on
how different product price forecasts affect the performance of the controlled
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Figure 5.13. Results of the uncertainty analysis at June 10th. Histograms are
presented for (top right) the accumulated CO2 injection uCO2 and (bottom left)
accumulated gas use s during the first day of the prediction horizon for various price
forecasts. A histogram of the difference in the 24 h average temperature between
the start and end of the first day ∆T 24

can is presented in the bottom right. The entries
in the histograms are coloured based on the evolution of the price forecast ĉfrt as
presented in the top left graph.

greenhouse system. This subsection is structured in line with these two aims.
The model by Vanthoor in (5.7) cannot be used in the approach proposed

in this chapter and closed-loop simulation in which the control strategy is based
on the model by Vanthoor are, therefore, not included. The results presented
in this subsection are based on only data after the 1st of April, i.e. when the
fruit development dynamics have attained a steady state. In order to obtain a
realistic prediction of fruit harvest and income through yield, the optimised control
strategies are applied to the Vanthoor model. The value of D in both the model by
Vanthoor and the mVt was set to 8.

The optimised trajectories for the inputs of the fruit development model from
simulations with the product price forecast from (5.12) are presented in Figure 5.15.
The price at the current time instant c̄frt is based on data from an arbitrary year
within the data by GFactueel (2020). One can observe a higher 24 h average
temperature T 24

can in the control strategy based on the control strategy based on
the mVt, i.e. the average temperature over the interval is 22.0 ◦C compared to
21.7 ◦C for the control strategy based on the tsm. Also, an increase in the amount
of assimilates partitioned to the fruits can be observed, i.e. the total amount of
assimilates partitioned to the fruits in the control strategy based on the mVt is
4.70 kg m−2 compared to 4.49 kg m−2.
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Figure 5.14. Results of the uncertainty analysis at July 29th. Histograms are
presented for (top right) the accumulated CO2 injection uCO2 and (bottom left)
accumulated gas use s during the first day of the prediction horizon for various price
forecasts. A histogram of the difference in the 24 h average temperature between
the start and end of the first day ∆T 24

can is presented in the bottom right. The entries
in the histograms are coloured based on the evolution of the price forecast ĉfrt as
presented in the top left graph.

The inputs of the fruit development model presented in Figure 5.15 were input
to Vt, resulting trajectories for the simulations with tsm and mVt are shown in
Figure 5.16. From Figure 5.16, one can observe a higher fruit harvest and income
through yield in the simulations with the mVt as compared to those with the tsm.
Similar results were obtained with the simulations based on the average yearly
trend. The resulting resource cost lres, income through yield lfrt and operational
return J that have been obtained during the simulations are presented in Table 5.2.
One can observe that the mVt realised a higher income through yield and higher
resource cost, the resulting operational return for the simulations with mVt was
lower than the tsm. The latter was unexpected as the mVt is hypothesised to
describe the behaviour of the actual fruit development model (the Vanthoor model)
in a better way. Boundary effects at the end of the observed interval might be the
cause. Concluding, the differences in operational return are low, but the control
strategy employed in the simulation with the mVt model is considerably different
from the simulation with the tsm model.

Upon comparing the rows in Table 5.2, conclusions can be drawn on the effect
of different product price forecasts. The difference in operational return between
the two forecasts was 0.04em−2, less than 1 % of the total performance realised
in this interval. Even though the product price forecasts resulting from (5.12)
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converged to the average yearly trend for long lead times, the forecasted value is
considerably different depending on the product price at the current time instant
c̄frt.

Table 5.2. Total values over the interval for the cost of resources lres, the income
through yield lfrt, the operational return J and carbon footprint p2. The columns
indicate the fruit development model which is used in the closed-loop simulation, i.e.
tsm or mVt. The rows indicate the type of product price forecast that is used, i.e. the
average yearly trend or product price forecasts ĉfrt that originate from (5.12)

tsm mVt

lres lfrt J lres lfrt J
[em−2] [em−2] [em−2] [em−2] [em−2] [em−2]

forecast 3.16 27.11 23.95 5.32 28.63 23.31
average 2.28 26.18 23.91 5.28 28.55 23.27

Figure 5.15. Optimised trajectories for (top) assimilates partitioned to the fruits
yB and (bottom) 24 h average temperature T 24

can using the time-shift model (tsm)
and the modified Vanthoor model (mVt) in the optimisation algorithm. The product
price forecasts ĉfrt originate from (5.12), the price at the current time instant results
from GFactueel (2020).
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Figure 5.16. Outputs of the original Vanthoor fruit development model using the
inputs as presented in Figure 5.15 for (top) predicted harvest yF and (bottom)
income through fruit yield lfrt. The trajectories result from simulations with the
inputs from the simulations with the tsm and mVt. The signals presented here have
been filtered by a moving average filter with a window of a day for the sake of clarity.

5.4 Discussion

In this section, the results obtained from the simulation studies presented in
Section 5.3 are discussed in the context set out in Section 5.1. In Subsection 5.4.1,
the performance of the mVt development model is compared to the model by
Vanthoor (2011) and the tsm. In Subsection 5.4.2, limits to the applicability of the
proposed approach are discussed. In Subsection 5.4.3, the suggested performance
increase upon implementation of RHOC, as stated in Chapter 3, is evaluated within
the context of the employed fruit development model. The performance decrease
due to price forecast errors is discussed in Subsection 5.4.4.

5.4.1 SRHOC with Fruit Development

This research proposes modifications to the fruit development model by Vanthoor
(2011) to arrive at a fruit development model that provides a more accurate
description of fruit development than the tsm and which enables the use of SRHOC.
In this subsection, the differences between the tsm model and the mVt model are
discussed first. Afterwards, the differences between the mVt model and the model
by Vanthoor (2011) are discussed.

One can observe from Table 5.1 that the predictions of fruit harvest and income
through yield of the mVt were closer, to the original model by Vanthoor (2011)
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than the tsm. The largest difference can be observed in the prediction of fruit
harvest yF , the RMSE of the mVt with respect to the model by Vanthoor, is 29 %
of the respective RMSE of the tsm. The effect of prediction errors at individual
time instances were mitigated through the slowly varying product price as can
be observed in Table 5.1. Concluding, the mVt outperforms the tsm model in
prediction accuracy with respect to the Vanthoor model. The prediction of fruit
harvest due to assimilate partitioning by the mVt is more dispersed throughout the
FGP compared to the tsm, as can be observed in Figure 5.4. Consequently, the mVt
was less sensitive to short fluctuations in the product price forecast.

In Table 5.1 and Figure 5.9, one can observe that the predictions of fruit harvest
and income through yield of the mVt were close to the predictions by the model
by Vanthoor. This suggests that the effect of the two assumptions presented in
Subsection 5.2.3 was not significant in the simulation. Note, however, that it is
not possible to simulate the performance of the system upon integration of the
model by Vanthoor into (5.1). It is, therefore, not possible to compare the mVt
model to the model by Vanthoor in closed-loop simulation. By using the mVt
instead of the model by Vanthoor, the prediction horizon can be decreased from
over 52 d to 3 d. This 94 % reduction in the number of decision variables in the
optimisation problem in (5.1) results in approximately 94 % less constraints, due to
the multiple-shooting approach, and a reduction in the Hessian and Lagrangian
sizes of 99 %. Concluding, the loss in accuracy due to the presented assumptions
and modifications is suggested to be minor in the context of the application in
mind, i.e. automatic control of the greenhouse system, when compared to what is
enabled by the approach, i.e. SRHOC.

5.4.2 Applicability

In this subsection, limits to the applicability of the proposed fruit development
model in combination with SRHOC are presented.

Due to the second assumption presented in Subsection 5.2.3, the dynamics in
the fruit development system are assumed to be in a steady state. The proposed
fruit development model therefore only provides meaningful predictions if the fruit
development dynamics in the real system also achieved this steady state. According
to the original fruit development model by Vanthoor (2011), the dynamics in the
fruit development system achieve a steady state after two and a half months of
generative growth, see Figure 5.5. Concluding, the proposed fruit development
model provides meaningful predictions after approximately two and half months of
generative growth. The latter assumption is added to the assumption of the model
presented in Chapter 3, i.e. that the crop has fully developed its leaf area. The
latter two assumptions require an experienced and high-tech grower to maintain
this steady state through climate control and crop management, i.e. leaf and fruit
harvest. To what extent deviations from this steady state affect the prediction
accuracy should be the topic of further research.

The SRHOC approach presented in Subsection 5.2.2 is based on the fact that the
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prediction of fruit harvest yF is not required in the optimisation problem in (5.1).
If, however, the calculation of the objective function or the constraints depends
on the prediction of fruit harvest, the SRHOC cannot be used. For example, a
constraint limiting the harvest yF per day cannot be included in the proposed
approach. Also, if the assimilates are buffered for a long period of time, as is the
case in for example lettuce, and the value of the buffer affects the system, objective
function or constraints, the proposed approach cannot be employed. Also, the
model assumes that the fruit is sold immediately when the fruit growth period has
passed, which is not the case in truss tomatoes, as in the latter, ripe fruits are not
harvested until all fruits of the truss have achieved a certain level of ripeness.

In case the fruits are sold as part of long-term contracts, the value of a single
assimilate can be based on the agreed value. Note, however, that if for a contract a
certain amount of product has to be produced, one should include this constraint in
the optimisation algorithm in(5.1). This constraint, based on cumulative production
would, however, introduce a pure integrator, hence an extended prediction horizon
is needed.

Upon implementation of the proposed fruit development model, attention
has to be paid to the optimised trajectories for the greenhouse air temperature.
The results presented in the uncertainty analysis, more specifically Figure 5.13,
potentially indicate the controller purposefully invalidating the assumptions set out
in Subsection 5.2.3. If the optimised trajectories for the greenhouse air temperature
temporarily increase, a shorter FGP is obtained during that time interval. This
mechanism can be used by the controller to shift fruit harvest to time intervals
with more beneficial product prices. This control strategy, however, invalidates the
assumption in Subsection 5.2.3, leading to sub-optimal performance. Note that this
does not occur with the tsm model, the latter does not model ttsm as a function of
temperature. The effect in the mVt model might be mitigated through increasing
the time interval over which the average temperature is calculated, in this way a
temporary increase in the average temperature will use more resources, making
this strategy less rewarding. If, however, the temperature interval extends beyond
3 d, the prediction horizon has to be extended accordingly.

5.4.3 Effect of Time-shift Model on Performance

In Chapter 3, an increase in performance of 10 % was observed when comparing
optimal control with respect to the current state-of-the-practice represented by
Vermeulen (2016). The simulation studies in the latter research employ the tsm as
fruit development model.

The open-loop simulations with the tsm presented in Subsection 5.3.1, show
that the predictions of fruit harvest are inaccurate with respect to the mVt and the
Vt, see Figure 5.9 and the RMSE in Table 5.1. Because of shape of the impulse
response, see Figure 5.4, the tsm resembles an unrealistic sensitivity with respect
to the product price forecast ttsm into the future as compared to practice. The
effect of this unrealistic sensitivity was also observed in Chapter 3 upon changes in
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the product price ttsm into the future. The modified Vanthoor model provides a
more realistic sensitivity with respect to future product price forecasts due to its
impulse response shape, see Figure 5.4, which includes the effect of assimilates
being partitioned to different stages of development. The results presented in
Chapter 3 have been obtained for a product price that is constant throughout a
large part of the season. Consequently, the drawbacks of the tsm were noticeable in
that simulation study, the conclusions stated in Chapter 3, however, remain valid.

A comparison between the total operational return during an interval of 4.5
months with the tsm and mVt in closed-loop, however, did not reveal considerable
differences. Unexpectedly, the operational return realised by the controller that
employs the tsm model in this period is higher than that realised by the controller
that employs the mVt model. The resulting inputs to the fruit development model
of both simulations were applied to the Vanthoor model afterwards. The seems
to contradict the results obtained as part of the simulation study presented in
Subsection 5.3.1, in which the predictions by the mVt model were closer to the
predictions of the Vt model as compared to the tsm model. The latter, however, does
not guarantee performance in case the model is integrated into (5.1). This indicates
that the performance of the controlled greenhouse system is not considerably
affected by using the tsm.

5.4.4 Effect of Product Price Forecast Errors

The simulation studies presented in this research suggest that the effect of the
product price forecast error on the performance of the controlled greenhouse system
is small. This statement is supported by the results of two simulation studies. The
uncertainty analysis presented in Subsection 5.3.2 shows that the difference in the
control strategy is minor compared to the magnitude of the forecast errors used.
The magnitude of the forecast error used in the latter simulation study was close to
±0.25e kg−1 for the length of a month. According to the historical data, > 99 %
of all product price forecast errors lie between these ±0.25e kg−1 bounds. As the
forecast error, employed in the uncertainty analysis in Subsection 5.3.2 converges
to this these bounds, for some forecasts already within 15 d, the forecast error is
significantly different from what is envisioned to be forecasted in practice.

The simulations with the two fruit development models in closed-loop also
show that the effect of different product price forecasts is small, i.e. a difference
of 0.04em−2 was obtained in the simulations of both fruit development models.
Note, however, that the product price forecasts employed in the simulations both
have a forecast error with respect to the actual evolution of the product price. The
product price forecast error in the latter situation has to be calculated with respect
to the data from GFactueel (2020), as this data was substituted for c̄frt in (5.12).
In this research, the performance of the controlled greenhouse system could not
be simulated using the product price from GFactueel (2020), due to the inability
of the designed implementation to handle tabular data. The algorithm in (5.1)
symbolically calculates the Hessian and Langrangian, this is not possible if a data
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sequence, like the product price from GFactueel (2020), is input (Betts, 1998).
Note, however, that the simulation study presented in Subsection 5.3.3 shows that
the effect of different forecasts does not considerably affect the performance of
the controlled greenhouse system. As both price forecasts have a different forecast
error, the similar performance of the controlled greenhouse system obtained in
the simulations suggests a low sensitivity of the performance with respect to the
forecast error.

Both simulation studies, discussed here, suggest the performance decrease due
to product price forecast error to be not considerable. Further research is, however,
required to support this observation.

5.5 Conclusion & Recommendations

One of the main contributions of this chapter is the development of a fruit devel-
opment model which can be used in combination with a, computationally viable,
short receding horizon optimal controller. Open-loop simulations with the proposed
model show an accuracy in predicting fruit harvest similar to the original model
by Vanthoor (2011). The proposed fruit development model, however, can be
used with SRHOC, i.e. a prediction horizon of 3 d suffices compared to the 52 d
required upon implementation of the original model. The use of the proposed fruit
development model is limited because of the assumption that the fruit development
dynamics have achieved a steady state, simulations suggest this happens 3 months
after the start of generative growth.

Using the aforementioned fruit development model and artificial product price
forecasts the effect of the product price forecast error on the control actions and the
performance of the greenhouse has been evaluated. An uncertainty analysis reveals
that the product price forecast error does not significantly affect the optimised
control trajectories. Season-wide simulations support the hypothesis that the
product price forecast error does not considerably affect the performance of the
controlled greenhouse system.
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Chapter 6

Conclusions, Discussions, Recommendations

This chapter summarises and discusses the main conclusions of the thesis. In
Section 6.1 the most important conclusions from the research presented in this
thesis are restated. Afterwards, Section 6.2 discusses the assumptions underlying
the conclusions. Recommendations for future work are presented in Section 6.3.

6.1 Conclusions

In order to sustain a growing population and the planet, the agricultural sector
has to intensify the food production in a sustainable way. This thesis focuses on a
sustainable intensification of the horticultural sector through the development of a
greenhouse climate control system. The greenhouse climate control system aims
to support the grower through automatically controlling the cultivation towards
an improved economical return. The research presented in Chapter 2 to Chapter 5
suggests that the greenhouse climate control system proposed in this research
improves the cultivation of a fully grown crop in the order of 8 % to 10 % in
performance, compared to the state-of-the-practice and measured as the difference
between income through yield and the costs for resources. The simulation studies
also suggest that a more sustainable cultivation can be achieved, as the optimally
controlled greenhouse achieves a cultivation in which emission of CO2 equivalents
per unit of yield is 1.69 kg kg−1 as opposed to 1.94 kg kg−1 for the state-of-the-
practice, a 13 % decrease. The simulation studies, suggesting this performance
increase, are based on perfect weather forecasts, perfect product price forecasts, a
perfect system model and full state information. The simulation studies presented
in Chapter 4 and Chapter 5 suggest that the performance increase remains at 8 %
due to weather forecasts errors and product price forecast errors. The additional
assumptions related to the suggested performance increase are discussed in more
detail in Section 6.2. This section continues with more detailed conclusions with



6

140 Conclusions, Discussions, Recommendations

respect to the contributions.

6.1.1 Model Selection

(Contribution 1:) Chapter 2 presents a common structure in tomato crop growth
models that is based on physiological processes. The standardised interfaces be-
tween these physiological processes and general assimilate balance equations are
presented. Using four existing models and relying on their common structure,
27 model combinations have been created through interchanging components of
existing models, in a systematic approach. Not all the resulting model combina-
tions provide meaningful predictions, on the other hand, one model combination
outperforms the existing models based on predicted yield in two out of the four
growing seasons evaluated. The model combinations that do not provide meaning-
ful predictions have one or more components that are not modular.

(Contribution 2:) Chapter 3 describes the adaptation and the interconnection
of models that describe the economical, environmental, physical and physiological
aspects of a cultivation with a fully grown crop. The operation of the resulting model
is validated through a comparison with data representing the state-of-the-practice in
a season-wide simulation using a rule-based controller. The results of the validation
deemed the model suitable for use in subsequent contributions. Chapter 5 presents
a fundamentally different approach to fruit development modelling, which allows
for the inclusion of a fruit development model in the greenhouse system model
without introducing slow time constants. The validity of the greenhouse system
model after validation and the effect of the removed slow time constants on the
performance of the controlled greenhouse system are discussed in Section 6.2.

6.1.2 Optimal Control Design

(Contribution 3:) Chapter 3 presents the application of RHOC to greenhouse
climate control system. Simulation studies with the greenhouse system model,
suggest that the greenhouse climate control system proposed in this research,
improves the cultivation of a fully grown crop by 10 % in performance, i.e. from
58.96em−2 to 65.14em−2, compared to the state-of-the-practice and measured
as the difference between income through yield and the costs for resources. The
simulation studies also suggest a more sustainable cultivation, as the optimally
controlled greenhouse achieves a cultivation in which emission of CO2 equivalents
per unit of yield is 1.69 kg kg−1 compared to 1.94 kg kg−1 for the state-of-the-
practice, a decrease of 13 %. The latter performance is obtained, however, with
perfect weather forecasts (see Contribution 5), perfect product price forecasts
(see Contribution 6), a perfect system model, a Dutch outside climate, full state
information and it is limited to the cultivation of a fully grown crop. The effect of
these assumptions is discussed in Section 6.2.
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6.1.3 Simulation Studies

(Contribution 4:) Chapter 3 presents a simulation study which combines the
control-oriented greenhouse system model and the optimal control algorithm in
order to compare the operation of a greenhouse with HPS lighting to that of a
greenhouse with LED lighting. An increase of 9 % in the operational return is
observed for the simulation with LED lighting as compared to the simulation with
HPS lighting, from 65.14em−2 to 71.24em−2. The electricity that is saved due to
the more energy-efficient conversion in the LED lighting results in a 30 % decrease
in carbon footprint. This results in a decrease in the emission of CO2 equivalents
per unit of yield. In fact, the simulations show that HPS lighting emits 1.69 kg kg−1

as opposed to 1.14 kg kg−1 for the simulation with LED lighting. These results are
based on differences in conversion from electrical energy to PAR and NIR between
LED lighting and HPS lighting.

(Contribution 5:) Chapter 4 presents a stochastic weather forecast error model
that describes the uncertainty in the weather forecasts. Simulation studies suggest
that the performance of the optimally controlled greenhouse system decreases with
2 % with respect to the maximally obtainable performance due to weather forecast
errors. The latter results have been obtained with a greenhouse control system
that (a) is updated every 15 minutes with the accurate full state information, (b)
uses published forecasts which are updated by the weather service every 6 hours
and (c) uses published forecasts with a quality similar to the weather forecasting
service used. Due to the inability of the stochastic weather forecast error model
to correlate various forecasts for the same time instance, the latter performance
decrease might be overestimated.

(Contribution 6:) Chapter 5 presents artificial product price forecasts which
represent the relevant experience of the grower in forecasting the product price.
Simulation studies suggest that the performance of the optimally controlled green-
house system is not considerably affected by the presence of product price forecast
errors.

6.2 Discussions

In this section the assumptions underlying the conclusions are discussed. Even
though the assumptions and their corresponding effect have been discussed in the
various chapters, this section provides a more general discussion on some of them.
Validity of greenhouse system model. The conclusions associated to the contribu-
tions 2 to 6 are based on simulations with the greenhouse system model. Through
the greenhouse system model, specific assumptions underlie the aforementioned
conclusions. These assumptions will be discussed here.

The greenhouse system model presented in Chapter 3 does not represent an
actual greenhouse on which measurements can be performed. The components of
the model (e.g. CHP, boiler, CO2 injection system) and the parameterisation thereof
are, thus, based on the systems that are modelled in the respective publications.
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The results, nevertheless, can still provide relevant general information on the
operation of a greenhouse. A similar line of thought applies to the data that repre-
sent the state-of-the-practice (Vermeulen, 2016) which also does not represent an
actual greenhouse, but instead provides budgets for just-above-average greenhouse
operation. Consequently, the validation of the greenhouse system model, validates
the model on the level of the greenhouse system instead of validating e.g. the
parameterisation of the crop model. Consequently, the model is deemed validated
on the level of the greenhouse system, i.e. it provides a description of the perfor-
mance indicators that matches the data that represents the state-of-the-practice.
Predictions of variables at a level lower than the greenhouse system level, such
as the prediction of assimilation or the ventilation rate are not validated in this
research but were validated by the original authors in the respective publications.
As the validation of the greenhouse system model is based solely on the perfor-
mance indicators, the conclusions stated in Section 6.1 are presented in terms of
the validated performance indicators.

The validity of the greenhouse system model and, through the use of the model
in the simulation studies, the conclusions associated to the contributions 2 to 6
in Section 6.1 are limited to a cultivation with a fully grown crop. A fully grown
crop in this research is characterised by being in the generative phase and having
a constant leaf area which is regulated through leaf harvest. Note that this is not
only a result of a certain crop development stage based on time, but also a result of
the cultivation management by the grower, i.e. fruit and leaf harvest.

The model is validated using a rule-based controller. In the simulation study
used to validate the model, the input and state-space might have not been fully
explored because of the rule-based controller. The RHOC, on the other hand, is
based on an optimisation algorithm which requires an accurate description of the
model in a potentially larger part of the input and state-space. The validity of
the, in the validation study, unexplored part has been tested through extensive
simulations with the model. During these simulations it was seen to that potential
imperfections in the description of the models did not lead to unrealistic situations
in the greenhouse when optimally controlled. During the simulation studies, no
unrealistic situations have occurred.

The validity of the conclusions associated to Contribution 6 in Section 6.1 is
further limited through the assumption that the fruit development dynamics have
achieved a steady-state. Based on simulations with the greenhouse system model
and RHOC, the fruit development dynamics as modelled by Vanthoor (2011) are
found to achieve a steady-state, approximately 3 months after the start of the gener-
ative phase. Note, however, that this assumption, the fruit development dynamics
have achieved a steady-state, is not only based on time but also on cultivation
management by the grower, i.e. fruit and leaf harvest.

Slow timescales of the system. In the research presented in this thesis, both parts
of the system, i.e. the crop and the greenhouse, are considered but the focus is on
the fast timescales of the system. The proposed RHOC employs a relatively short
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prediction horizon compared to the slow time constants in the system (van Straten
& van Henten, 2010). The assumptions that are required to be able to apply RHOC
to the system while maintaining performance guarantees are discussed here.

The slow time scales of the system are mostly associated with the crop devel-
opment in literature (van Henten & Bontsema, 2009; van Straten & van Henten,
2010). The assumptions in the context of crop development are threefold.

1. The crop is assumed to be in its productive phase, i.e. assimilates are parti-
tioned to the fruit buffers (Vanthoor, 2011). In its vegetative phase, a crop
does not partition assimilates to the fruits, a controller with a short prediction
horizon will, in that case, not use resources as the associated costs are not
balanced by income through yield within the prediction horizon.

2. The crop is assumed to have attained a steady-state, this assumption is
included in the discussion on the validity of greenhouse system model.

3. The weight (or developmental stage) of the stem and the roots is assumed to
not affect the objective function. The stem and roots assimilate buffer present
in the model by Vanthoor (2011), which represents an integrator with a slow
time constant, was removed accordingly. The assimilates which would have
been partitioned to the stem and the roots are subtracted from the available
assimilate pool, but are not added to a buffer.

The first two assumptions limit the validity of this model throughout the growing
season, i.e. the control approach assumes a fully grown crop. In the context of the
model by Vanthoor (2011), the third assumption does not affect the accuracy, nor
the validity of the presented results, as the weight (or developmental stage) of the
stem and the roots is modelled to not affect the partitioning of the assimilates. A
consequence of the fact that the crop is assumed to have attained a steady-state is
that the objective function cannot be affected by the value of buffered assimilates,
e.g. a fruit buffer, the implications are included in the discussion on the validity of
the approach w.r.t. other crops/harvest types. Not only crop or fruit development
might cause slow time constants in the greenhouse system. Other possible compo-
nents of a greenhouse system, such as a long-term energy storage by means of an
aquifer (van Ooteghem, 2007), can also lead to a slow time constant. The presence
of a component with a slow time constant will remove the performance guarantees
upon implementation of RHOC and will therefore invalidate the conclusions of this
research.

Validity of the approach w.r.t. other crops/harvest types. As stated in the
discussion on the slow timescales of the system, the proposed approach requires that
the objective function is not affected by the value of a buffer characterised by a
slow time constant. Here, the implications of this assumption in the context of
harvest are discussed.

In the case of tomato presented in this research, the fruit is assumed to be
immediately harvested after a fixed time in Chapter 3 or after the time delay,
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which results from a specific development stage, in Chapter 5. Even though fruit
is buffered in Chapter 3, by means of buffer Cfrt, the controller will harvest the
available assimilates as soon as possible, as the value of Cfrt negatively affects
the objective function because of maintenance respiration. The value of Cfrt is
offset to represent a fixed amount of fruit that is ripening and thus not harvested.
Throughout literature, the harvest of tomatoes is more frequently modelled as
a continuous rate variable (Ramírez-Arias et al., 2012; Seginer et al., 2018).
Consequently, the conclusions associated to the contributions 2 to 6 are valid when
assimilates are harvested immediately after reaching the final stage of development.
The latter description of fruit harvest might not be suited to describe tomatoes
harvested in trusses as tomatoes that have ripened are not harvested immediately.

For some other vegetables, that are harvested as a whole, greenhouse climate
control through the application of the proposed RHOC might not result in sat-
isfactory results. The harvest of lettuce, for example, is typically described as a
terminal cost (van Henten, 1994; Xu, Du, & van Willigenburg, 2019a) based on
the value of a dry matter buffer, hence a (almost) pure integrator. Even if the
value of an individual assimilate could be obtained independently of buffers with
slow time constants, the objective function would still depend on the value of the
buffer through maintenance respiration. In the latter case, algorithms like the
two-timescale approach presented in van Henten (1994) and Tap (2000) should be
employed to be able to control the system with satisfactory results.
Performance increase through RHOC. The reported performance increase due to
the application of the proposed RHOC approach in the control of the greenhouse
climate results from a simulation study that is characterised by:

• perfect weather forecasts (see Contribution 5),

• perfect product price forecasts (see Contribution 6),

• a perfect system model (see discussion on the validity of greenhouse system
model),

• a greenhouse without horizontal variation in the greenhouse climate,

• prevailing Dutch outside climate,

• a fully grown crop (see discussion on the validity of greenhouse system model),

• accurate and full state information.

The prevailing Dutch outside climate, limits the validity of the reported perfor-
mance increase to the Dutch weather which is classified by the Köppen-Geiger
climate classification system as a temperate climate without a dry season and warm
summers (Beck et al., 2018). The conclusions of this research might therefore carry
over to similarly classified climates. The ideas proposed in this thesis, however,
might transfer to climates with a different classification as well.

The variables in the greenhouse system model are expressed per square meter,
m−2. This implies that the climate variables, as well as the state of the crop, are
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equal throughout the greenhouse. In practice, however, amongst others, the tem-
perature might vary considerably throughout the greenhouse, due to the (changing)
position of the sun w.r.t. the greenhouse, wind direction and greenhouse layout
(Esmeijer & Nijs, 2000; Campen & de Gelder, 2007). Feedback loops can be used
to control individual compartments with separate actuators and sensors, there
will, however, on compartment level also be variation in the climate (Balendonck,
Van Os, van der Schoor, Van Tuijl, & Keizer, 2010). This variation is also present in
conventional control, but there the rules set by the grower will include the effect
of these spatial differences. In the context of RHOC this will require additional
effort to, for example, ensure constraint satisfaction for the various temperatures
throughout the variation.

The assumption on the availability of accurate full state information might cause
an overestimation of the performance increase due to optimal control. In Bontsema,
van Henten, Gieling, and Swinkels (2011), the effect of greenhouse climate sensor
inaccuracies is estimated at a maximum of 0.3em−2 per year. This amounts to 5 %
of the expected performance increase of 6.18em−2 due to the application of RHOC
to greenhouse climate control suggested in this thesis. Potentially the inaccuracy of
the sensors could be improved through the application of state estimation (Hameed,
2010). The number of possible ways to measure the various states of the crop are,
however, limited and are often prone to measurement errors (Zhang et al., 2020).
It is unknown to what extent this uncertainty will affect the performance of the
controlled greenhouse system.

This discussion continues with a comparison between the 10 % performance
increase due to the application of optimal control to the greenhouse climate control
system suggested by this thesis and other published results in the literature. Tap
(2000) finds an 8 % increase in energy efficiency when comparing greenhouse
climate control based on optimal control to conventional control. The economical
model employed here indicates a 2 % performance increase, measured in opera-
tional return, due to an 8 % decrease in the use of gas and electricity. Tap (2000)
also suggests an average achievable gain in profit of 60 % by extrapolation of a four
day experimental study. In a rose greenhouse, van Beveren et al. (2015b) finds a
energy reduction of 21 % to 39 % for a greenhouse controlled by optimal control
with grower defined bounds. The economical model employed here indicates a
2 % to 4 % performance increase, measured in operational return, due to an 21 %
to 39 % decrease in the use of gas. In van Straten and van Willigenburg (2008)
a simplistic model is used to, amongst others, compare RHOC to a PI controller
with various set points, the reported losses in profit are in the order of 8 % to
14 % for real weather. The latter observation supports the observation here, as-
suming the performance of the grower is similar to a greenhouse controlled with
PI and varying set points. van Henten, Bontsema, and van Straten (1997) find a
improved net economic return which well exceeds 15 % when comparing optimal
control to a lettuce greenhouse operated by a grower. van Henten (1994) also
compares the optimal solution to climate setpoint tracking algorithm in which the
climate setpoint originates from the slow timescale controller, the setpoint tracking
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performs approximately 10 % less than the optimal controlled lettuce greenhouse.
In Hemming, de Zwart, Elings, Righini, and Petropoulou (2019) the application
of various artificial intelligence algorithms to control the climate in a cucumber
greenhouse is described. Here, one algorithm outperformed the reference, which
represented growers employing conventional control strategies, realising a 17 %
increase in net profit with respect to the reference.

Note that the realised performance increase here, operational return, is the
same metric as the one being optimised. The aim in the published researches above
was not exclusively to optimise the operational return. For example, van Beveren
et al. (2015b) aims to minimise energy usage. In summary, the order of magnitude
of the performance increase reported by the research presented in this thesis is
similar to that reported by other researches.

The constraints in the optimisation algorithm, related to the greenhouse climate
variables are chosen to prevent the system from attaining a configuration outside
the valid domain of the models. The choice of these constraints, however, is found
to significantly affect the performance of the system (van Beveren et al., 2015b).
In Seginer, van Straten, and van Beveren (2020), for example, the sensitivity with
respect to the grower’s return of the minimal temperature bound is −4.18 % K−1 at
12 ◦C. Consequently, the value of this bound considerably affects the performance
of the greenhouse system. To obtain a more realistic value for the performance
increase due to the application of RHOC to greenhouse climate control, this value
should reflect the value used in practice.

When evaluating the performance of the greenhouse in terms of operational
return, one should note that the operational return as it is defined here is affected
by (a set of) inputs through a limited set of processes. In the operational return, for
example, the income through yield is solely based on the weight of the harvested
tomatoes. In practice, the income through yield is also determined by the quality of
the fruit and also to the on-time delivery of the product. Ramírez-Arias et al. (2012)
find a clear trade-off between profit (based on fruit dry weight) and quality, where
typically a higher quality can be achieved for an overall lower profit. Also, note
that effects of fungi and pests are not included, potentially certain combinations of
inputs in the unconstrained space might lead to favourable climates for the growth
of fungi or pests, which might decrease production.

Potential energy savings through the application of LED lighting. This discus-
sion starts with a comparison between the performance increase suggested by this
thesis and other published results in the literature. The comparisons of LED lighting
and HPS lighting based on energy use in an operational greenhouse are scarce
in the literature. The published results on the potential energy savings through
the application of LED lighting are close to the results predicted here, Katzin et al.
(2021) predict energy savings of 10-25 % and Dieleman, de Visser, and Vermeulen
(2016) find a decrease in carbon footprint of 15 % upon integrating LED lighting.
These results, although in the same order, are obtained for systems with different
conversion efficiencies, which hinder a straightforward comparison.
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In the simulation study presented in Chapter 3, in which the potential en-
ergy savings were evaluated, the objective function of the RHOC represented the
grower’s return. If the objective function was to be expanded with a penalty on
the carbon footprint of the greenhouse system, potentially higher energy savings
can be expected. Through the mechanistic nature of the greenhouse system model,
the approach proposed in this thesis allows for the optimisation with a objective
function that combines economical and environmental factors.

Aside from increased conversion efficiencies, LED lighting might also affect the
cultivation through spectral effects. A study by Ouzounis et al. (2016) compares
the effect of different light spectra on several morphological and physiological
parameters. Through the mechanistic nature of the crop model employed in this
research, these effects can be included in the current model. Consequently, the
conclusions on the potential energy savings of LED lighting can be made more
accurate as compared to solely comparing the effect of different energy conversion
efficiencies.
Effect of weather forecast error uncertainty. The simulation studies presented
in Chapter 4 suggest a decrease of 2 % in performance due to the presence of
weather forecast errors. The latter number is based on artificial forecasts from
a autoregressive model which is parameterised using historical observations and
measurements from an actual weather forecasting service. The latter model is,
however, not able to correlate various forecast for the same time instance. This
will result in an overestimation of the 2 % decrease. As the simulation studies with
the weather forecasts included forecast errors, the resulting system trajectories
do not satisfy all constraints. The performance gain from invalidating constraints
was only partly compensated. As a result, the 2 % performance decrease might be
underestimated. A more detailed discussion of the effect of these assumptions is
presented in Chapter 4.

Willigenburg, Koning, Chalabi, Tchamitchian, and Van Straten (2005) suggest
that the effect of the weather forecast error on the performance of the system is
mitigated through frequent updating of the control law, here 15 min−1. The effect
is, however, also mitigated through the use of accurate full state information, see
the discussion on performance increase through RHOC. Consequently, the 2 % perfor-
mance decrease in the absence of full state information might be underestimated.

Due to the focus of the proposed approach on the fast timescale of the system,
long-term weather forecasts are not required. The weather forecasts employed
in this study have a length of 72 h and a maximum uncertainty (±3σ) of ±5 ◦C.
The uncertainty for weather forecast beyond this length will be higher, potentially
affecting the performance of the system to a larger extent.
Effect of product price forecast error uncertainty. The simulation studies pre-
sented in Chapter 5 suggest that the presence of the product price forecast error
does not considerably affect the performance of the controlled greenhouse sys-
tem. Due to the inability of the proposed approach to use sequences of data, the
suggested decrease results from a simulation with a product price based on the
average yearly trend and a smooth produce price forecast error. Even though the
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evolution of the product price forecast represents the relevant experience of the
grower, and is realistic in that sense, the evolution of the actual product price will
not follow the average yearly trend. Instead of comparing the performance of
the controlled system with product price forecast errors to a system without, the
approach here compares the performance difference for two product price forecasts.
As the performance of the controlled system does not significantly change upon
use of a different product forecast, the effect of the product price forecast error is
suggested to be not considerably. The magnitude of this assumption is hypothesised
to be related to the actual evolution of the product price and thus different for
every year.

The hypothesis that the product price can be predicted based on the average
yearly trend is supported by van Henten (1994) which analysed the market price
of lettuce of a period of four years.

6.3 Recommendations

In this section directions for future research are indicated. These are ordered
according to their presumed importance with respect to the conclusions presented
in this research.
Validation of the proposed approach. The results presented in this thesis rely on
the accuracy of the greenhouse system model in predicting the behaviour of an
actual greenhouse system. To obtain a larger confidence in the model, it should be
validated on a more detailed level, i.e. a validation based not only on performance
indicators but also intermediate variables in the model. Moreover, to determine the
actual benefits of greenhouse climate control with RHOC compared to conventional
control, experiments with the proposed climate controller in the loop, should be
performed.
Crop state feedback. The observed performance increase also relies on accurate
measurements, or accurate information, on the states of the model. Practical
measurement methods need to be non-destructive. In Campillo, García, Daza, and
Prieto (2010), for example, a non-destructive measurement method for the leaf
area index is presented for both cauliflower and vegetable crops using a top view
digital camera. A similar method is applied in Purcell (2000) to soybean crops.
One should, however, pay attention to the observability of the states of interest
with respect to the proposed measurement method. For tomato, the leaf area index
is maintained constant throughout a large part of the growing season, through leaf
harvest. Because of a constant leaf area index it is not possible to infer the internal
states of the crop from the leaf area index alone. To infer the states of a fully grown
crop different approaches are thus necessary, for example, by measuring the weight
of the crop (Tsafaras & De Koning, 2017).
Crop Growth Modelling. As discussed, the literature indicates that the constraint
functions in greenhouse climate control with RHOC significantly affect the perfor-
mance of the controlled greenhouse system. The extension of crop growth models
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with the effects of adversarial greenhouse climate conditions on crop growth is
desirable. This extends the domain of the model, allowing to relax the constraints
(further) away from the operational configurations of the system, which decreases
the sensitivity of the constraint functions with respect to the performance of the
controlled greenhouse system.
Non-linear stochastic optimal control. The greenhouse climate control problem
is intrinsically non-linear, stiff and uncertain and it therefore provides the field of
control with a challenging problem. Potential better guarantees for performance of
the controlled greenhouse system, with respect to e.g. forecast errors or uncertain
state information, can be obtained when using robust RHOC algorithms (Saltık
et al., 2018). Many of the currently available algorithms, however, can only
be used or only provide guarantees for linear, non-switching models or become
computationally infeasible combined with a greenhouse system model. There
are several means to arrive at controllers which can be employed in practice and
which can control a greenhouse with crops in the vegetative phase as well. One
approach is to further change the formulation of the control problem, along the lines
demonstrated in this thesis, to arrive at a more computationally viable description
of the control problem. Interesting possibilities are the use of roll-out strategies
or different sampling resolutions for long prediction horizons. Another approach
relies on developments in scalable robust RHOC algorithms which will potentially
enable robust control of these large optimisation problems. Yet another approach
to practical controllers is through the application of hierarchical/distributed control
techniques (van Henten, 1994; Tap, 2000; Farina, Zhang, & Scattolini, 2017).
Developments in these three fields combined will result in the design of robust
greenhouse climate control algorithms.
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Appendix A

Greenhouse System Model

The model used in this thesis builds upon the models and corresponding assump-
tions presented in Vanthoor (2011), van Beveren, Bontsema, Van Straten, and
van Henten (2015a), Seginer et al. (2018) and Katzin et al. (2021). In Chapter 3,
changes to these models are presented that have been made to arrive at a control-
oriented model. In this appendix, the models are presented as a whole, focusing on
the interconnections between the models. For the sake of brevity, the definitions of
the parameters and their values are presented in tables.

A.1 Energy Management System

The model for the energy management system was based on the model presented
by Seginer et al. (2018). The energy management system model ΣE was modelled
with a state-space representation with 1 state, xs, and two (vector) outputs: the
controllable inputs of the greenhouse climate system ug and the feedback to the
controller yE . The model is given by

ΣE :

 ẋs = fE (xs, ud)
ug = gE (xs, ud)
yE = xs

. (A.1)

The parameters used in this model are presented in Table A.1. The state equation
models the dynamics of the heat buffer

ẋs = fE (xs, ud) = usto −Ha (xs) , (A.2)

where usto
(
J m−2 s−1

)
is an element of ud, see Table 3.2. The description for the

heat loss from the buffer Ha

(
J m−2 s−1

)
that was used is different from that in

Seginer et al. (2018) and is given by

Ha = −α (xs − xs,off ) , (A.3)
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where xs (J m−2) represents the energy stored in the buffer, see Section 3.6.
The lowest energy content of the heat buffer is represented by a constant value
xs,off (J m−2). In the simulations, xs,off = 0 as its value is irrelevant if the bounds
on xs in Table 3.1 are chosen such that a buffer size equal to Seginer et al. (2018)
was obtained. The output ug to the greenhouse climate system is given by

ug = gE (xs, ud) =
[
uhea uCO2

uhps uled uscr uven
]T
. (A.4)

The amount of energy added to the greenhouse air through heating is represented
by uhea

(
J m−2 s−1

)
. An inequality was added to the constraints of the optimisation

problem to ensure that the value of uhea is between operational limits. The
operational limits of the heating were chosen 0 and 100

(
J m−2 s−1

)
, hence

0 ≤ uhea = ηHcuchp + ηHb
uboi − usto ≤ 100. (A.5)

The variables ηHc
and ηHb

represent the efficiency of the CHP and boiler in gen-
erating heat, see Table A.1. In Seginer et al. (2018), the output ratio of the CHP,
thermal:electrical:waste, was modelled according to the ratio 0.5:0.4:0.1. Accord-
ingly, the efficiency of the boiler was estimated at 0.9. The electricity generated in
the CHP

(
J m−2 s−1

)
is given by

Ec = ηEcuchp. (A.6)

The following equality was added to the constraints to ensure the supply of electrical
power matches the demand,

uhps + uled + uese − ueby − Ec = 0, (A.7)

where uese
(
J m−2 s−1

)
and ueby

(
J m−2 s−1

)
denote the amount of electrical en-

ergy sold and bought, respectively. An additional equality constraint was added to
ensure that the demand of CO2 is matched with the supply, i.e.

−∞ ≤ uCO2 − ucby − ηXcuchp − ηXb
uboi ≤ 0, (A.8)

the −∞-bound reflects the ability to have a surplus of CO2. The CO2 byproduct per
unit of CHP and boiler input, ηXc

(
g J−1

)
and ηXb

, respectively, are determined
by assuming that pure methane is burned. Thus, 1 mol of CH4 yields 1 mol of
CO2, hence burning 16.04 g of CH4 yields 44.01 g of CO2. Burning pure methane
gas with an energetic value of 31.65 MJ m−3 or 37.99 MJ kg−1, results in a CO2

byproduct per unit of input 7.22× 10−5 g J−1 for both the CHP and boiler.
The feedback signal to the controller encompasses the heat stored in the heat

buffer xs.

A.2 Greenhouse Climate System

The model for the greenhouse climate system was based on the models by van
Beveren et al. (2015a) and Katzin et al. (2021). The greenhouse climate system
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Table A.1. Parameters used in the energy management system model. The source
of the parameter’s value is denoted by the number in the square brackets. [1]
Section 3.6. [2] (Seginer, van Beveren, & van Straten, 2018),

value interpretation

α 3.96× 10−7 s−1 thermal insulation of heat buffer [1]
xs,off 1.67× 106 J energy in depleted heat buffer [1]
ηHc 0.5 J J−1 CHP input to heat efficiency [2]
ηEc 0.4 J J−1 CHP input to electrical energy efficiency [2]
ηHb

0.9 J J−1 Boiler input to heat efficiency [2]
ηXc

7.22× 10−5 g J−1 CO2 byproduct per unit of CHP input [2]
ηXc

7.22× 10−5 g J−1 CO2 byproduct per unit of boiler input [2]

model ΣG was modelled with a state-space representation with 3 states and two
(vector) outputs: the greenhouse climate yg and the feedback to the controller yG.
The greenhouse climate system model is characterised three inputs: the controllable
inputs ug, uncontrollable inputs d and crop respiration and transpiration yc. The
model is given by

ΣG :

 ẋG = fG (xG, ug, d, yc)
yg = gG (xG, ug, d, yc)
yG = xG

. (A.9)

The state equation models the dynamics of the greenhouse climate

ẋG =

 Ṫair
χ̇air
˙CO2,air

 =


1

ccap
(Qsrd −Qcov −Qtrans +Qlamps + uhea −Qven)

1

h
(φtrans − φcov − φvent)

1

h
(uCO2 − ψass − ψvent)

 .
(A.10)

The state of the greenhouse climate system xG encompasses greenhouse air tem-
perature Tair (◦C), greenhouse air humidity Hair

(
g m−3

)
and greenhouse air

CO2 concentration CO2,air

(
g m−3

)
. The value used for the thermal capacity of

the greenhouse ccap in the presented simulations was 30 000 J ◦C−1 m−2. This
value resulted from an identification based on reference trajectories, it, however, is
relatively high compared to other literature e.g. Vanthoor (2011). According to
Vanthoor (2011), the actual heat capacity of the air and crop will be approximately
12 000 J ◦C−1 m−2. Note, however, that the latter number only includes the crop
and dry greenhouse air. The height of the greenhouse is represented by h (m). The
parameters used in this model are presented in Table A.2.

This section continues with an elaboration of the models for the elements in the
state equations in (A.10).

The feedback signal to the controller is xG.
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A.2.1 Heat Balance

The energy added to the greenhouse air by incoming radiation Qsrd
(
W m−2

)
is

given by
Qsrd = τcov (1− (1− τscr)uscr)Qsun, (A.11)

in which Qsun
(
W m−2

)
represents the incoming radiation, an element in d. The

screen set uscr is an element in ug, see (A.4). The convective heat loss through the
cover Qcov

(
W m−2

)
is given by

Qcov =
1

(uscrαscr)
−1

+

(
αcov

Acov
Afloor

)−1 (Tair − Tout) , (A.12)

which is different from van Beveren et al. (2015a) as a screen was included,
see Subsection 3.2.4. The heat transfer coefficient of the shadow screen αscr was
determined using the values for the heat transfer coefficient with and without screen
in Seginer et al. (2018) assuming the cover and the screen conductances are in a
series configuration. The cover area Acov was calculated using the floor/cover ratio
from Vanthoor (2011) and the greenhouse area from van Beveren et al. (2015a).
The outside air temperature Tout (◦C) is part of the uncontrollable input vector d.
The energy added to the greenhouse air by artificial lighting Qlamps

(
W m−2

)
is

given by
Qlamps = Qhps +Qled = uhps + uled, (A.13)

this implies that all energy input to the lights contributes to the energy balance. The
effect of natural ventilation on the greenhouse air energy balance is represented by
Qven

(
W m−2

)
and given by

Qven = uvenρairCp,air(Tair − Tout), (A.14)

where uven
(
m3 m−2 s−1

)
is the ventilation rate and part of the controllable in-

put vector ug. Control input uven was bound by fvmin(d) and fvmax(d) which
represent the minimum and maximum ventilation rate, the latter depend on the
wind speed vwind

(
m s−1

)
in d and were based on a model by de Jong (1990).

The effect of transpiration on the greenhouse air energy balance is represented by
Qtrans

(
W m−2

)
and given by

Qtrans = Lφtrn, (A.15)

in which L
(
J kg−1

)
represents the energy needed to evaporate water. The amount

of vapour that is evaporated by the crop φtrn
(
g m−2 s−1

)
is an element in yc, see

Subsection A.3.2.

A.2.2 Air Humidity Balance

The ventilation rate uven
(
m3 m−2 s−1

)
affects the air humidity balance through

φvent
(
g m−2 s−1

)
given by

φven = uven(Hair −Hout), (A.16)
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where Hout

(
g m−3

)
is the outside air humidity, part of d. The condensation to the

cover φcov
(
g m−2 s−1

)
is given by

φcov = gC
(
0.2522e0.0485Tair (Tair − Tout)− (Hair,sat −Hair)

)
, (A.17)

with the condensation conductance gC
(
m s−1

)
given by

gc = pgc · S ((Tair − Tcov) ,−2, 1) · P (Tair − Tcov) . (A.18)

Function S : R3 → R represents the smoothed if-else function proposed by Vanthoor
(2011) and is given by

S
(
sv, s

l
k, ss

)
=

1

1 + es
l
k(s−ss)

, (A.19)

where slk and ss represent the slope and the switching value of the smoothed if-else,
respectively. In (A.19), slk and ss are constants. In (A.18), sv = (Tair − Tcov),
ss = 1 ◦C and slk = −2. In (A.18), P : R→ R represents a fourth-order polynomial

P (x) = 4.03× 10−5 ·x4 + 2.4× 10−3 ·x3 − 0.05 ·x2 + 0.49 ·x+ 0.30. (A.20)

The model for gc in (A.18) is different from van Beveren et al. (2015a), see
Subsection 3.2.4. The error introduced due to the approximation of gc in (A.18)
was at most 0.7 m s−1 in the interval −∞ < (Tair − Tcov) < 28 ◦C.

The relative humidity was bound using an inequality constraint between 0.10
and 0.95. In the calculation of the relative humidity, the saturation vapour pressure
was approximated by the Tetens equation.

A.2.3 Air CO2 Concentration

The exchange of CO2 with the outside air, due to ventilation, was modelled as

ψvent = uven (CO2,air − CO2,out) , (A.21)

where CO2,out

(
g m−3

)
is the outside air humidity, part of d. The assimilation of

CO2 by the crop is ψass
(
g m−2 s−1

)
and is part of vector yc, see Subsection A.3.1.

A.2.4 Radiation

The PAR inside the greenhouse as a result of the sun’s radiation RsunPAR

(
W m−2

)
is given by

RsunPAR
= τtotηsunPAR

Qsun, (A.22)

in which Qsun
(
W m−2

)
represents the incoming radiation, an element in d. The

parameters used to model the artificial lighting and the absorption by the crop
are presented in Table A.3. The NIR inside the greenhouse as a result of the sun’s
radiation RsunNIR

(
W m−2

)
is given by

RsunNIR
= τtotηsunNIR

Qsun. (A.23)
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Table A.2. Parameters used in the greenhouse climate system model. The source
of the parameter’s value is denoted by the number in the square brackets. [1]
Vanthoor (2011), [2] van Beveren, Bontsema, van Straten, and van Henten (2015b),
[3] van Beveren, Bontsema, Van Straten, and van Henten (2015a), [4] Seginer,
van Beveren, and van Straten (2018)

value interpretation

ccap 30 000 J ◦C−1 m−2 heat capacity of the greenhouse [1]
h 6.8 m heat capacity of the greenhouse [2]
τcov 0.7 m transmittance of the cover [3]
τscr 0.3 m transmittance of the shadow screen [3]
αcov 5 W m−2 ◦C−1 heat transfer coefficient of the cover [3]

αscr 9.3 W m−2 ◦C−1 heat transfer coefficient of the shadow
screen

[4]

Afloor 40 709 m2 greenhouse floor area [3]
Acov 52 514 m2 greenhouse cover area [1]
ρair 1.225 kg m−3 density of air [3]
Cp,air 4000 J kg−1 K−1 specific heat of air [3]

pgc 1.8× 10−3 m oC−
1
3 s−1 related to the properties of the

condensation surface
[3]

Mw 18.01× 10−3 kg mol−1 molar mass of water

The PAR and NIR inside the greenhouse as a result of the artificial lighting are
given by

RXY
= ηXY

uXXX . (A.24)

where X ∈ {led, hps} and Y ∈ {PAR,NIR}. The values for the conversion ef-
ficiencies ηXY

(
J J−1

)
used in this research are presented in Table A.3. In this

description of the model, a clear separation between the greenhouse climate system
model and the crop model is maintained. As a result, the respective crop light
absorption parameters are described as part of the crop model. Therefore, the
output of the greenhouse climate system yg encompasses the individual contribu-
tions from the sun and artificial lighting, as presented in (A.22), (A.23) and (A.24).
The absorption of the light is, therefore, described in Subsection A.3.1 and Subsec-
tion A.3.2. The photosynthetic photon flux density (PPFD) Pcrop

(
µmol m−2 s−1

)
as a result of the global radiation and the artificial lighting is given by

Pcrop = ξhpsτtotQsun + ξleduled + ξhpsuhps, (A.25)

in which the variables ξX
(
µmol J−1

)
for X ∈ {hps, led, sun} denote the amount

of photosynthetic photons per joule energy input.
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Table A.3. Parameters used in the greenhouse climate system model for modelling
the radiation, also the absorption parameters are presented here. The source of the
parameter’s value is denoted by the number in the square brackets. [1] Nelson and
Bugbee (2015), [2] Katzin, Marcelis, and van Mourik (2021), [3] Vanthoor (2011),
[4] Vermeulen (2016), [5] Kusuma, Pattison, and Bugbee (2020).

value interpretation

ηsunPAR
0.44 J J−1 amount of PAR per global radiation [1]

ηsunNIR
0.51 J J−1 amount of NIR per global radiation [1]

ηHPSPAR
0.35 J J−1 amount of PAR per HPS lighting radiation [2]

ηHPSNIR
0.22 J J−1 amount of NIR per HPS lighting radiation [2]

ηLEDPAR
0.55 J J−1 amount of PAR per LED lighting radiation [2]

ηLEDNIR
0.02 J J−1 amount of NIR per LED lighting radiation [2]

ξsun 2.3 µmol J−1 amount of photons per joule global radiation [3]

ξhps 1.85 µmol J−1 amount of photons per joule energy to the HPS
lighting

[4]

ξled 3 µmol J−1 amount of photons per joule energy to the LED
lighting

[5]

asunNIR
0.21 J J−1 crop absorption of NIR from global radiation [1]

asunPAR
0.89 J J−1 crop absorption of PAR from global radiation [1]

aHPSNIR
0.26 J J−1 crop absorption of NIR from HPS light [1]

aHPSPAR
0.87 J J−1 crop absorption of PAR from HPS light [1]

aLEDNIR
0.92 J J−1 crop absorption of NIR from LED light [1]

aLEDPAR
0.94 J J−1 crop absorption of PAR from LED light [1]

A.3 Crop Growth & Transpiration

The model for the crop growth was based on the model in Vanthoor (2011).
The model for crop transpiration was based on the model in van Beveren et al.
(2015a). The crop growth and transpiration model ΣC is modelled with a state-
space representation with 4 states and two (vector) outputs: the transpiration
and assimilation output yc and the feedback to the controller yC . The greenhouse
climate system model has one input: the greenhouse climate yg. The model is given
by

ΣC :

 ẋC = fC (xC , yg)
yc = gC (xC , yg)
yC = xC

(A.26)

The state equation in (A.26) models the growth of the crop, see Subsection A.3.1.
The transpiration of the crop is part of output vector yg, see Subsection A.3.2. The
parameters used in this model are presented in Table A.2.

The feedback signal to the controller is xC .
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A.3.1 Crop Growth

The state equation is given by

ẋC =


Cbuf
Cleaf
Cfrt
Tc24

 (A.27)

=


MCAirBuf −MCBufFrt −MCBufLea −MCBufStm −MCBufAir

MCBufLeaf −MCLeafAir − ulea
MCBufFrt −MCFrtAir − ufrt

τ−1
Tcan (Tair − Tc24)

 ,
(A.28)

The state xC encompasses the crop assimilate buffer Cbuf
(
g m−2

)
, leaf biomass

buffer Cleaf
(
g m−2

)
, fruit biomass buffer Cfrt

(
g m−2

)
and 24 h average of Tair,

Tc24 (◦C).
The photosynthesis rate MCAirBuf

(
g m−2 s−1

)
is a function of the greenhouse

air temperature Tair (◦C), greenhouse air CO2 concentration CO2,air

(
g m−2

)
,

crop leaf area index LAI
(
m2 m−2

)
, assimilate buffer content Cbuf

(
g m−2

)
and

PAR
(
µmol m−2 s−1

)
as given by

RPAR =
(
1− e−k·LAI

)
(asunPAR

RsunPAR
+ aledPAR

RledPAR
+ ahpsPAR

RhpsPAR
) .

(A.29)
The interested reader is referred to Vanthoor (2011) for a detailed model of the
photosynthesis rate MCAirBuf . Variable MCAirBuf is an element of output vector
yg and is equal to ψass

(
g m−2

)
in (A.10). The flow of assimilates from the

assimilate buffer to the plant parts is modelled by

MCBufX = h
MCBufOrg

CBuf
hTc24

gTc24
rgX , (A.30)

in which X ∈ {lea, stm}. The variables h in (A.30) represent inhibition functions
which inhibit the flow of assimilates from the buffer to the respective plant part,
the interested reader is referred to Vanthoor (2011) for a detailed description of
the various factors influencing partitioning. The rgX

(
g m−2 s−1

)
is the organ

growth rate coefficient at 20 ◦C. Variable gTc24 (−) represents the effect of Tc24 on
the growth rate. The flow of assimilates from the assimilate buffer to the fruits is
modelled by

MCBufFrt = h
MCBufOrg

CBuf
hTcanhTc24

gTc24
rgFrt. (A.31)

In the original model an inhibition function was added to the latter equation to
account for the switch to generative growth. In this research, however, the crop
was assumed to be generative and the inhibition function was removed.

The growth respiration MCBufAir
(
g m−2 s−1

)
was modelled as

MCBufAir =
∑
X

MCXAir =
∑
X

cXg
MCBufX (A.32)
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for X ∈ {lea, frt, stm}. The growth respiration coefficient of the specific plant
organ is represented by cXg (−). The maintenance respiration is modelled by

MCXAir = cXm
Q

0.1(Tc24−25)
10_m CX , (A.33)

for X ∈ {lea, frt}. The maintenance respiration coefficient of the specific plant
organ is given by cXm

. Variable Q10m
represents the Q10 value for temperature

effect on maintenance respiration.

A.3.2 Transpiration

The transpiration rate φtrn
(
g m−2 s−1

)
is modelled as

φtrn = ge (χcrop − χair) =
2LAI

(1 + ε)rb + rs
(χcrop − χair) , (A.34)

where ε is the ratio of latent to sensible heat content of saturated air. The water
vapour concentration at crop level χcrop is given by

χcrop = χair,sat + ε
rb

2LAI

Rtot
L

= 5.5638e0.0572Tair + ε
rb

2LAI

Rtot
L

. (A.35)

The transpiration conductance ge
(
m s−1

)
was modelled by

ge =
2LAI

(1 + ε)rb + rs
. (A.36)

The stomatal resistance rs
(
s m−1

)
was calculated using

rs =
(

82 + 570e−γ
Rtot
LAI

) (
1 + 0.023(Tair − 24.5)2

)
. (A.37)

The net radiation at crop level is given by Rtot = RPAR+RNIR
(
W m−2

)
in which

RNIR =
(
1− e−k·LAI

)
(asunNIR

RsunNIR
+ aledNIR

RledNIR
+ ahpsNIR

RhpsNIR
) .

(A.38)
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Table A.4. Parameters used in the crop growth and transpiration model. The source
of the parameter’s value is denoted by the number in the square brackets. [1] Nelson
and Bugbee (2015), [2] Vanthoor (2011), [3] van Beveren, Bontsema, Van Straten,
and van Henten (2015a)

value interpretation

rglea 0.10 mg m−2 s−1 leaf growth rate coefficient at 20 ◦C [2]
rgstm 0.08 mg m−2 s−1 stem growth rate coefficient at 20 ◦C [2]
rgfrt 0.33 mg m−2 s−1 fruit growth rate coefficient at 20 ◦C [2]
cleag 0.28 mg mg−1 leaf growth respiration coefficient [2]
cstmg

0.30 mg mg−1 stem growth respiration coefficient [2]
cfrtg 0.27 mg mg−1 fruit growth respiration coefficient [2]
cleam 3.47× 10−7 mg mg−1 s−1 leaf maintenance respiration coefficient [2]
cfrtm 1.16× 10−7 mg mg−1 s−1 fruit maintenance respiration coefficient [2]

Q10_m 2
Q10 value of temperature effect on
maintenance respiration

[2]

τTcan 86 400 s number of seconds in a day
SLA 26.6 m2 kg−1 specific leaf area [2]
γ 0.4 crop specific transpiration parameter [3]
rb 150 s m−1 boundary layer resistance [3]

kPAR 0.7
extinction coefficient of the canopy for
PAR

[2]

kNIR 0.27 s
extinction coefficient of the canopy for
NIR

[2]
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