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Propositions
1. To mitigate greenhouse energy prediction, uncertainty addressing weather
forecast error is more urgent than parametric error.
(This thesis)
2. For research to continue to offer insights into improving greenhouse economic
performance, dynamic energy prices should be included.
(This thesis)

3. The progressing frontier of science makes contemporary research ever more
complex.

4. The reconceptualization of a mathematical method does not lack novelty but is a
crucial validation of alternative representations of the same problem.

5. Perpetuating large scale livestock farming is a tacet acceptance of global
anthropocide.

6. Popular interaction with technology will become entirely ritualistic with the
technologically literate rising to a new priesthood.
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Summary

The global energy sector is responsible for a considerable contribution to climate
change through carbon emissions. In response to this, energy intensive sectors
and industries worldwide are attempting to improve their energy efficiency and
transition to sustainable sources of energy. In the context of the Netherlands the
greenhouse horticultural sector is a large consumer of energy, which is provided
to the greenhouse in the form of electrical power and natural gas. Given the
pressures of climate change and the need for greenhouses to be economically
feasible and competitive, the efficient use of energy and the economic acquisition
of energy is a priority.

The strategy for energy usage and acquisition within a greenhouse is supported
by computer simulations that predicts the future performance of the greenhouse
if a certain management strategy were to be followed. Using these computer
simulations it is possible to test multiple theoretical strategies before they are
applied to the greenhouse. These strategies describe potential ways that the
technical aspects of the greenhouse are operated, how the crop within the
greenhouse might be managed and how the energy requirements of the
greenhouse might be met.

This approach can produce efficient management strategies from computer
simulations that rely on mathematical models of the greenhouse and forecasted
weather and energy price data. This use of computer models does however
present a problem, if the models are inaccurate the simulations they are used for
are incorrect and the resulting management strategies may be flawed.

Accordingly, the work included in this thesis focusses on how inaccuracies in the
models and data used for greenhouse simulations affect the accuracy of those
predictions. Furthermore, how does that influence the resulting management
strategies and where are the opportunities for improvement. These
improvements may be made by reducing specific inaccuracies or by
incorporating inaccuracies into the strategy making process.

From the perspective of energy management, efficiency in a greenhouse can be
improved by either improving the accuracy of the amount of energy being
acquired or by acquiring that energy at a better price. While it has been



previously outlined how accuracy may be improved, a possible avenue for
acquiring energy at a better price is to incorporate any inherent capacity to store
energy within the greenhouse. In doing so cheap energy can be bought and stored
in some form for usage in high price periods. Existing greenhouse strategies
incorporate the greenhouse hot water buffer as a capacity to store surplus heat
energy. There are however, other energy capacities within the greenhouse, for
example if the crop within the greenhouse can store surplus sugars in its
assimilate pool. As such this thesis also focuses on identifying the potential of
incorporating the assimilate pool into the process of deriving greenhouse
management strategies. A further example explored in this thesis being, the use
of the Combined Heat and Power generator (CHP) within the greenhouse to use
available gas reserves to generate power to offset high price periods or if the
greenhouse can offset power demand by anticipating periods of higher outside
radiation using weather forecasts.

Chapter 1 opens this thesis with a general introduction to the field of greenhouse
horticulture globally and the current state of the field within the Netherlands.
This chapter also elaborates on the current energy climate within the sector and
the potential for energy efficiency given the pressures of energy prices,
globalization and climate change.

Chapter 2 investigates how the uncertainty present in weather forecasts affects
the accuracy of greenhouse power and gas demand predictions, while using a
rule-based greenhouse control method. Furthermore, this chapter explores how
this prediction uncertainty affects the economics of the proposed greenhouse
management strategy through a power market uncertainty analysis. This chapter
suggests that the inclusion of multiple electrical power markets is key to
accurately analysing the financial performance of a greenhouse. Furthermore,
the inclusion of weather forecast errors led to a consistent over prediction of
greenhouse energy demand.

Chapter 3 presents an uncertainty analysis of how errors in the model
parameters influence the uncertainty of the predicted greenhouse energy
demand when using a rule-based greenhouse controller. The conclusions of this
chapter recognise the importance of lamp lighting model parameters in the
creation of prediction uncertainty in greenhouse power and gas demand.
Furthermore, this chapter concluded that prediction uncertainty also arises from
larger groups of parameters propagating uncertainty within the model.



Chapter 4 presents an uncertainty analysis of how error in the weather forecasts
and model parameters both influence the uncertainty of the predicted
greenhouse energy demand for a greenhouse model using a rule-based control
method. This chapter finds that weather forecasts have the greatest impact on
energy prediction uncertainty and that improvements in forecast errors create
diminishing returns in reductions of the prediction error.

Chapter 5 investigates how fluctuating electrical power prices influence the
management strategy proposed by an optimally controlled greenhouse.
Furthermore, this study investigates the potential of using the CHP, forecasted
outdoor radiation and the crop’s assimilate pool, as a mechanism to buffer
fluctuations in electrical power prices. This study concludes that the optimiser
manages these fluctuating prices by selling power generated by the CHP at high
price times and by reducing the amount of power that is bought externally. This
study also found that to bridge times of high power prices, the gas price was the
crucial factor when compared to the crop’s assimilate pool and the available
radiation. This is due to the link between the gas price and the use of gas to
generate power from the greenhouse’s CHP. However future research might
explore a number of areas in which crop models might be improved to explore
the effectiveness of using the crop as an energy buffer.

Chapter 6 includes a general discussion of the work done as a part of this thesis.
This chapter discusses the premises, methods and conclusions of all the chapters
included in this thesis and the thesis overall. Furthermore, this discussion
includes an assessment of the limitations of the thesis, as well as its potential
impact on industry, the scientific community and broader society.
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Chapter 1.
General introduction
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Modern climate change poses a serious existential threat to the quality of human
life and stability of our planet’s ecosystems. There is now a large body of
scientific, empirical and experimental evidence that links human activity to our
changing climate. While many aspects of human behaviour are linked to climate
change, a sector of human industry thatis a large contributor is the energy sector,
and in particular the fossil fuel reliant areas of that sector. This sector’s carbon
emissions contribute to approximately two thirds of global greenhouse gas
emissions (Core et al., 2014) which are a key driver in climate change.

This link between climate change, emissions and energy supply have stimulated
a transition in the energy sector towards methods of electrical power generation
that are not dependant on fossil fuels (Organisation for Economic Co-operation
and Development. International Energy Agency, 2012). These methods of
renewable electrical power generation are often dependant on the weather.
Common examples of this being wind or solar power. These sources are unable
to guarantee a power supply to an instant demand due to the variability of the
weather unlike their fossil fuel-based predecessors. In terms of power security
this creates a conflict between the desire to increase the share of renewable
power production in the power mix and this issue of weather-based reliability
(Smith et al,, 2022). This issue is further compounded by a consistent increase in
the globe’s yearly power demand (M. Cook, 2021). This increase in global
demand creates greater competition for a finite amount of renewable energy
infrastructure while also exposing more of the world economy to an unreliable
weather dependant energy supply. To address the problem of providing sufficient
renewable electric power generation, production and construction of renewable
power sources is being increased and incentivized by government.

There is also a need for changes in consumer behaviour as well as the
construction of new infrastructure. For example, periods of sudden high
electrical power demand are often met with quick access fossil fuel energy (Pina
et al,, 2012). In response to this supply side incentives have been created to
encourage power consumers to move their consumption away from times of
peak power demand (Gellings & Chamberlin, 1987).

In the Netherlands, all the previous issues and proposed solutions are present.
However, the position of Dutch energy security is made more precarious by a
historic reliance on domestic gas from the Groningen gas fields (Scheepers et al,,
2022). Which has led to the use of a large amount of natural gas reliant
infrastructure. The Groningen gas fields have been closed and large sections of
what was gas reliant infrastructure are planned to be electrified (Rijksoverheid,

12



2019). This additional transition exacerbates the already challenging magnitude
of power demand and primes the Netherlands for alternative alterations and
solutions across all sectors of the Dutch economy.

Within the Netherlands a sector that consumes a large amount of energy is the
greenhouse horticulture sector which required 110 P] of electrical power and 55
million MWhrs of natural gas in 2020 (Statistics Netherlands [Internet], 2021)
and is responsible for producing a substantial amount of greenhouse gases as a
result (Xue et al, 2021). This reliance on external carbon intensive energy
sources to run an industrial greenhouse has left the sector exposed to changes in
energy availability and the corresponding fluctuations in prices. This
vulnerability of the sector has become apparent given rapid rises in the gas (TTF)
(Investing.com [Internet], 2021) and electrical power (APX day-ahead)
(EnergieMarktInformatie.com [Internet], 2021) market prices over the years
2021-2022 as can be seen in Fig. 1.1.
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Fig. 1.1: TTF gas prices and APX day-ahead electrical power prices for
2021.

Historically the sectors response to fluctuating and higher power prices was to
use its access to contractually fixed price natural gas to sell power generated
using gas powered generators within the greenhouse back to the grid instead of
growing crops. While effective, this approach can diminish productivity and
relies on the availability and affordability of increasingly scarce natural gas. This
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issue combined with increasing external pressure to reduce the carbon footprint
of the sector has stimulated significant research and development of tools to
improve the energy efficiency and minimise the climate impact of greenhouses.
As such the work within this thesis is aimed to investigate how the greenhouse’s
energy demand might be managed such that the greenhouse’s energy efficiency
is improved, and the greenhouse’s climate impact can be reduced. For the
purposes of clarity this thesis focusses on energy improvements in specific areas
of the greenhouse operation. As such the following section demarcated what
aspects of the greenhouse system that are considered in this thesis.

1.1. The greenhouse system

The following section outlines the definition of the greenhouse system
considered in this thesis, its components and how they interrelate. The
greenhouse system that is studied in this thesis reflects a conventional Dutch
Venlo style greenhouse. The general layout of this greenhouse system is
demarcated in the following section. Multiple greenhouse models and
configurations are used in this thesis, as such the reader is encouraged to read
the system description in each chapter for a detailed overview of the greenhouse
system used in that chapter. For ease of explanation the general greenhouse
system described here is divided into sections which are detailed below and in
Fig. 1.2. These sections contain the transient dynamics of the climate within the
greenhouse, which includes for example the air temperature, vapour density and
#/ concentration.
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Crop —climate feedback states :

+ Transpiration
+ CO, assimilation
Climate states :
Weather : « Indoor airtemperature
+ Outdoor air temperature « Indoor air vapour Crop states :
+ Outdoor windspeed concentration - Structural dry weight
- Solar radiation « Indoor air CO, - Crop assimilate buf fer level
+ Outdoor air vapour trati G concentration « Harvested leaves
+ Outdoor air CO, concentration climate
Greenhouse controls :
™ - Window ventilation
- Lamp lighting

- Insulation screening
« Heat buffer usage o e
Energy assett | . Boiler usage
actuation - CHP usage

- COy injection

Greenhouse costs and revenue :
« Fruit revenue

- Power cost [ revenue

- Gas cost

Fig. 1.2 - The layout of the general greenhouse model considered in this thesis,
displaying the 5 main high-level components of the greenhouse and their
interrelation. The greenhouse climate (blue) is influenced by the weather, crop
and input from the greenhouse energy system. The tomato crop (green) is
influenced by the greenhouse climate. The greenhouse controls (purple) respond
to the greenhouse climate, economics and weather. The greenhouse energy
(yellow) is derived from the greenhouse controls through the actuation of energy
assets. The greenhouse economics (red) are related to the yield from the tomato
crop and the greenhouses energy balance.

While the indoor climate within the greenhouse is influenced by the external
weather conditions, the studied greenhouse includes a set of equipment that
allow the greenhouse climate to be controlled. In the case of the greenhouse air
temperature, this includes ventilation through the windows for cooling, and
heating that is conserved with an insulating screen or heat buffer and supplied
from the boiler or Combined Heat and Power generator (CHP) via heating pipes
within the greenhouse. The light levels within the greenhouse is supplemented
with High Pressure Sodium (HPS) lamps within the greenhouse chamber. The
#/  levels within the greenhouse chamber are also supplemented using the
exhaust of the CHP and boiler as well as pure #/ that is imported externally.
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The economics of the greenhouse that are considered include the revenues that
are generated via the selling of the crops and electrical power that is generated
within the greenhouse. The costs that are considered relate to the externally
bought gas and electrical power required to operate the greenhouse. This thesis
uses the market prices derives from the Amsterdam Power Exchange (APX) day-
ahead market as well as the imbalance market to offer a more realistic costing of
a Dutch greenhouse’s electrical power demand.

The crop grown within this greenhouse is a generic tomato crop that is not
specific to any cultivar and whose growth is described in terms of the structural
biomass the plant has as well as the non-structural biomass or photo-assimilates
the plant has produced and stored. Furthermore, the weight of mature fruits that
are harvested are key outputs for the calculation of the greenhouse’s revenue.

It should be noted that the greenhouse system considered in this thesis does not
include the crop root system or the water and nutrition supply. Another aspect
that is not included in the scope of this thesis is disease or plant health.
Furthermore, while this thesis does focus on the energy efficiency of the
greenhouse, the energy mix such as the use of renewable resources like solar
power and wind power will not explicitly be considered. Instead, this thesis
considers the greenhouse gas and power demand and their corresponding
markets.

1.2. Energy efficiency in greenhouse
horticultural literature

The extensive literature surrounding energy efficiency in greenhouses can be
broadly divided into research into the introduction of new equipment and
materials for the greenhouse and research into improved strategies to control
the greenhouse through advanced control methods.

Previous research regarding the use of new technologies can be further
subdivided by the efficient operation of new equipment reducing energy demand
and equipment being used for the reclamation of previously lost energy. An
example of the research of contemporary equipment with a greater energy
efficiency is the use of Light Emitting Diode (LED) lamps over traditional HPS
lamps as investigated in (Katzin, 2021). Previous studies have investigated
energy reclamation in greenhouses through the use of water buffers to store
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surplus heat energy for later use (Seginer, van Straten, et al., 2017b; van Beveren
etal, 2019, 2020). A further example of an energy retention technology covered
in literature is the potential of energy screens. These screens trap heat within
the greenhouse chamber which otherwise would have been lost to the outside
(Dieleman & Kempkes, 2006).

Presently most greenhouses are controlled using a set of heuristic rules to
control the greenhouse climate (Ali & Abdalla, 1993; Kuijpers, Katzin, et al,,
2021). These rules dictated the desired climate within the greenhouse and how
the various equipment within the greenhouse should react if certain climate
indicators exceed some threshold values that show a notable deviation from the
desired climate. This desired climate is defined as a series of climate setpoints.

A further way research has aimed to improve the energy efficiency of
greenhouses is to improve the managerial strategies used to operate the
greenhouse. Most commonly this is done by either introducing a more advanced
control algorithm, using an optimiser to derive management strategies, deriving
new climate setpoints or by exploiting some as yet underutilised energy buffer
within the greenhouse to give some managerial flexibility.

A significant body of research exists that aims to manage the control input of the
greenhouse in a way that tracks predefined climate setpoints with ever greater
accuracy. Doing so reduces managerial errors and can improve the operational
efficiency of the greenhouse. These studies have done this by conceiving of new
ways to control the greenhouse to meet target climate setpoints with greater
precision than previous methods. While the original and most common form of
controller used in industry is still the rule-based controller, researchers have also
proposed the use of alternative controllers. These include Proportional, Integral,
Derivative (PID) controllers (Hu et al., 2011; Pawlowski et al,, 2016; Zeng et al,,
2012) as well as Open and Closed loop feedback controllers (Henten et al., 2008;
Pasgianos et al., 2003). The aforementioned forms of greenhouse control are
reactive as they respond to the status of the greenhouse in real time.

Researchers have also proposed control algorithms that are predictive whereby
a model is used to predict the future behaviour of a greenhouse if a certain
management strategy were to be adopted to meet a series of climate setpoints.
In doing this it is possible to iteratively test multiple possible control strategies
and find one that provides the best energy efficiency and overall greenhouse
performance. This performance is often assessed using some predefined
measure which can included variables such as the total mass of produce or the
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finances of the greenhouse operation. Examples of this type of controller are
Model Predictive Control (MPC) (Blasco et al., 2007; L. Chen et al., 2018; W. Chen
& You, 2020; Ramirez-Arias et al., 2005) and Receding horizon optimal control
(RHOC) (Gonzalez et al,, 2014; Tap et al., 1996; van Straten et al.,, 2002; van
Willigenburg et al., 2000). Other examples of control methods that have been
proposed to improve the operational efficiency of greenhouses also include
Fuzzy controllers (Atia & El-madany, 2016; Iliev et al., 2014; Marquez-Vera et al.,
2016; Mohamed, 2015; Su et al., 2017a) and Artificial neural network of Genetic
algorithm-based controllers (Faouzi & Bibi-Triki, 2016; Guzman-Cruz et al,,
2010; Hasni et al., 2011; Pohlheim & Heiner, 1999; Seginer, 1997).

In addition to previous literature investigating the optimisation of the control of
the greenhouse climate such that it accurately tracks the climate setpoints there
is a body of literature that covers the generation of new climate setpoints
(Henten & Bontsema, 2009; Seginer, 2011). For example, previous research has
defined setpoints for the efficient management of air humidity (Kérner & Challa,
2003) and heating control (Hwang et al, 1990; Lacroix & Kok, 1999).
Furthermore, previous studies have defined setpoints-based on greenhouse
economics (Su etal,, 2021) and setpoints that considers the maximisation of crop
production (Korner, 2003). These studies also increase the scope of greenhouse
management to include the interaction between climate management, economic
performance and the crop within the greenhouse.

In summation, a significant amount of research has been done to improve the
energy efficiency of greenhouses. However, given the scale of the pressures on
the sector both from the potential scarcity of energy and the climate impact of
greenhouse energy usage there is still a societal need for further improvements.
To achieve this there are a number of specific areas of opportunity in which
further energy efficiencies might be sought. These areas include the potential to
reduce error in predictions of greenhouse energy demand through uncertainty
analysis (section 1.2.1). Another avenue is to explore improvements that can be
made by incorporating energy markets into greenhouse economics and energy
demand analysis (section 1.2.2). The third area investigated how the
incorporation of the greenhouse crop as an energy buffer might improve
greenhouse energy management (section 1.2.3).
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1.2.1. Uncertainty analysis in greenhouse
horticultural research

A number of the greenhouse control methods discussed above rely on
predictions of the future indoor climate of the greenhouse if a certain
management strategy were to be adopted. This is done using a computerised
mathematical model of the greenhouse and the forecasted weather and energy
prices. However, if there are any errors within these models of the greenhouse or
the data used in the simulations then any strategies derived from their
predictions would be inaccurate. This distribution of errors in the prediction,
resulting from a distribution of errors in the model or data, is known as
prediction uncertainty and is assessed using an uncertainty analysis.

Previous research has performed uncertainty analyses that investigated the
impact of parametric uncertainty in relation to greenhouses. A number of these
studies focus on the impact of crop model parameterisation on the prediction
uncertainty of crop yield (Cooman & Schrevens, 2006; Lopez-Cruz et al., 2013,
2020) and dehumidification usage (Schrevens et al., 2008). There are however
no studies that analyse the parameters relating to the greenhouse climate and
energy model in the context of electrical power and gas demand.

There is also research relating to the role of errors within the weather forecast
on the uncertainty in the prediction of greenhouse heating demand (Sigrimis et
al,, 2001; Vogler-Finck et al.,, 2017). While other studies have assessed the impact
of forecast error on the performance of greenhouses that are controlled using an
optimal controller (Doeswijk et al., 2006; Tap et al,, 1996). The aforementioned
studies concluded that the inclusion of weather forecast errors degraded the
performance of the greenhouse. However, there is a gap in literature to assess the
impact of forecast error on the energy demand of the greenhouse. Specifically
considering the influence on gas and power demand as well as on the economics
of the greenhouse.

As such there is a gap in the existing literature to analyse the impact of both
weather forecast-based and model parameter-based error on greenhouse model
prediction uncertainty. In particular the prediction of the economics of the
greenhouse and the gas and electrical power demand.
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1.2.2. Energy resource pricing in greenhouse
horticultural literature

The prices of gas and electrical power are key inputs in determining a
greenhouse management strategy that is efficient in an economical and resource
sense. Energy resources the greenhouse needs are traded for on the open market.
More specifically the price of resources can guide when energy intensive
equipment is operated or when energy should be acquired and stored for use in
a later period, perhaps when prices are higher. As such the dynamics of energy
prices should be as realistic as possible to produce an efficient and representative
management strategy. However much of previous research into greenhouse
management on an economic basis has used fixed value energy prices (Golzar et
al,, 2021; Kuijpers, 2021; Maga et al,, 2012; Vadiee & Martin, 2012). While there
have been studies that use dynamic prices (van Beveren et al,, 2019) there is a
little else in the existing literature where the performance of the greenhouse is
assessed using dynamic prices. Specifically in the case of electrical power, prices
from multiple markets should be incorporated as this is what is done in practice.
By increasing the detail of the resource pricing used in greenhouse horticultural
research the resulting recommendations for energy efficient operation are more
accurate and reliable. This is because these recommendations will be based on
more realistic representations of how energy is managed in the horticulture
sector.

1.2.3. Crop assisted energy management in
Greenhouses

Previous research (Elings et al.,, 2005; Korner, 2003; Kdrner & van Straten, 2008)
has proposed using the inherent robustness of the greenhouse crop to manage
fluctuation in available heat energy from both the outdoor environment and the
greenhouse heating system. The underlying principle of this approach is known
as temperature integration, in which the response of a crop to temperature
fluctuations is averaged over a period of time. Allowing the crop to tolerate
fluctuation in temperature.

The aforementioned research has investigated the management of surplus heat
energy but not surplus electrical energy. Previous research has introduced a
concept that could be applied to storing both surplus heat and electrical energy.
This opportunity comes in the form of the crop’s ability to store surplus sugars
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internally in what is called the assimilate pool (Heuvelink, 1996; Jones et al,,
1991). The assimilate pool serves as a temporary reservoir for carbohydrates
that are produced during photosynthesis and are later utilized to maintain and
grow the plant. The rates at which this pool is filled or emptied is influenced by
the greenhouse climate and as such it could be employed as an energy buffer.
Furthermore, as these sugars are generated by photosynthesis, a process that is
dependent on both heat and light it is possible to use the assimilate pool to store
both surplus electrical energy through artificial lighting and heat energy through
hot water-based heating.

The impact of assimilate pool modelling on the performance of an optimally
controlled greenhouse was investigated in Seginer (2022). This study found that
the inclusion of an assimilate pool in the crop model is important for prediction
accuracy and optimal controller performance. But this study does not consider
how errors in the modelling of the assimilate pool might effect prediction
accuracy or if the assimilate pool might be used as ana energy buffer. As such
there is a gap in previous research as to the possible impact of using the
assimilate pool as an energy buffer for the purpose of energy management.

1.3. Aims

As previously discussed, there has been a concerted effort to improve the energy
performance of greenhouses in previous research, and a number of opportunities
for future research have been identified above. In response to these gaps this
thesis contains two overarching aims. The first is to investigate the improvement
in greenhouse energy management that can be made by accounting for uncertainty
introduced from model parameters, weather forecasts and fluctuating energy
prices. The second aim is to assess how the inclusion of the crop’s assimilate pool
as an energy buffer, the use of the CHP or the radiation forecast might offer
opportunities to manage the impact of fluctuating power prices. These aims can
be more precisely articulated as a series of technical challenges to be overcome
and a number of opportunities to address those challenges.
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1.4. Technical challenges

1) Possible errors in predictive models

The future power demand of the greenhouse is traded for on the open market,
based on the anticipated future demand of the greenhouse. The accuracy of this
anticipated demand is dependent on the accuracy of the computer model used to
make that prediction. Subsequently errors in these models can lead to energy
management strategies that are economically suboptimal through the
introduction of prediction uncertainty. This may lead to additional power being
generated, or incorrectly bought power may be sold by the grower on more
volatile short term markets. However, the potential of the model error to affect
the accuracy of greenhouse energy demand prediction and the interaction
between the greenhouse and the energy markets remains unknown.

2) Variability in the weather forecasts

Weather forecasts form a key component of the power trading process as they
indicate the availability of natural energy. This is used to define how much
heating and lighting is required, and how much power needs to be subsequently
bought. Weather forecasts contain error and as such represent the uncertainty of
future weather. These errors within the weather forecasts lead to inaccurate and
uncertain predictions of power demand. Which can lead to subsequently
inaccurate power trading, which has to be corrected via trading on short-term
more volatile power markets which exposes the grower to potentially financial
losses. Given this, the potential impact of weather forecast-based uncertainty on
energy prediction and trading requires further research.

3) The volatility of electrical power and gas prices

Issues with improving greenhouse energy efficiency are not only limited to the
models that are used to make predictions. The volatility in energy markets make
optimising greenhouse energy usage more challenging. This volatility is further
complicated by the reality that multiple electrical power markets which span
different future periods of time are used in practice. This significantly more
complex arrangement for electrical power acquisition in particular is not
reflected in the literature but is key to assessing the true financial cost of
greenhouse operations.
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1.5. Opportunities

Given these challenges there are corresponding opportunities to address them,
both within the current greenhouse paradigm and from other areas of academia.

Opportunities from within the contemporary greenhouse paradigm
1) The availability of data streams

The growing digitisation of the greenhouse sector has led to a greater availability
of data which describe the status of the greenhouse and crop. Furthermore, data
is available on the status of the weather, and the power market prices in the form
of weather forecasts and historic data from multiple power markets. This
increasing availability of accurate and comprehensive greenhouse data offers an
opportunity for the analysis of the accuracy of models as well as the impact of
inaccuracies within data streams on model performance.

2) Managerial flexibility from the greenhouse crop

Within the field of crop physiology there is a concept of a crop assimilate pool or
crop buffer, this buffer represents the stored sugars in the plant that were
generated via photosynthesis in surplus to the immediate requirements of the
plant. There is an opportunity to incorporate this buffer in the control of a
greenhouse in which the sugars generated by the plant can be deposited in this
buffer when externally sourced energy is available and withdrawn from the
buffer when viable externally sourced energy is scarce. Thus, giving more
flexibility in how a greenhouse is managed in how and when externally sourced
energy is acquired.

Opportunities from outside the contemporary greenhouse paradigm
3) Uncertainty analysis methods

In other fields of research there is a body of statistical methods that can be used
to better understand the uncertainty in greenhouse model predictions. These
methods permit the quantification of prediction uncertainty that introduced
from errors found in model parameters and input data. Moreover, they
demonstrate how these sources compare and interact with each other and
contribute to prediction uncertainty. By applying these methods, prediction
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uncertainty can be reduced through targeted improvements of the accuracy of
input data and model parameters.

4) Optimization methods

Optimization methods that may help improve operational efficiency by
mitigating the costs of undesired future events and developments regarding
weather and energy availability. The potential of this opportunity is further
expanded by employing the natural flexibility of the crop to buffer power price
fluctuations.

1.6. Approach

The research aims presented in this thesis is addressed in a series of chapters.
These chapters pursue the aims of the thesis by address the challenges detailed
above using the aforementioned opportunities:

o Chapter 1 investigates how errors within weather forecasts affect
greenhouse power trading. As such this chapter approaches challenge 2
and 3 through opportunities 1 and 3.

o Chapter 2 assesses the impact of parametric error on greenhouse energy
demand prediction using an uncertainty analysis, this approach
challenges 1 through opportunities 3.

o Chapter 3 performs an uncertainty analysis on the combined impact of
parametric and weather forecast error on energy demand prediction.
This chapter approaches challenges 2 through opportunities 1 and 3.

o Chapter 4 assesses if an optimal control method, the crop’s assimilate
pool, CHP and radiation forecasts can be used to buffer fluctuating
electrical power prices, approaching challenge 3 through opportunities
1, 2 and 4.

24



25



26



Chapter 2.
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Highlights

e  The study shows that weather forecasts create energy demand uncertainty.

e Adata-based sensitivity analysis was done for input data weather variables.

e The greenhouse power costs are calculated using imbalance and day-ahead
markets.

e As the weather forecasts lengthen, the energy prediction error and power costs
increase.

e The radiation forecast has the greatest impact on the predicted power error.

Abstract

Currently the Dutch greenhouse horticultural sector has a high energy demand.
The present use of weather forecasts can exacerbate this high energy
consumption by contributing to suboptimal prediction and trading of the
greenhouse’s power demand. This study investigates the role of weather forecast
errors on energy prediction power and trading uncertainty in greenhouse
horticulture. This was done using an uncertainty analysis and computer model
of a tomato producing Venlo style greenhouse in Bleiswijk, The Netherlands. This
greenhouse model was used to predict the greenhouse’s gas and electrical power
demand. The study concluded that errors in the weather forecast of outdoor
radiation, temperature and wind speed caused an overestimation of greenhouse
energy demand. A sensitivity analysis showed that the radiation forecast error
had the greatest impact on predicted greenhouse power demand errors with a
mean relative error of @@ P Predicted gas demand errors were most dependent
on the outside wind speed forecast mean relative error p @t P and temperature
forecast error p ® P 8A power trading uncertainty analysis was done to
investigate the impact of predicted energy demand errors on the cost of buying
power on the Dutch imbalance and Amsterdam Power Exchange day-ahead
market. This cost analysis found that the volume of initial power trading was
greater than corrective trading. Additionally, the higher volatility in short term
power prices resulted in higher corrective power costs per unit of power than if
the power demand had been initially predicted with more accuracy.
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2.1. Introduction

The Netherlands has a large greenhouse sector of approximately p muv E A
(Statistics Netherlands [Internet], 2021), with a power demand of p p @t tn 2020.
This power annually costs the grower @& 7O (van der Velden & Smit, 2021)
on average making cost effective energy buying a priority. An industrial
greenhouse is a highly complex system, and the grower may require frequent
advice to achieve efficient management. This advice is used to supplement and
computerise human expertise by predicting the greenhouse’s future behaviour
and offering appropriate climate management advice as shown in Fig. 2.1.
Computer models and data streams are used to generate the advice and form part
of a decision support system (DSS). The advice that this study focusses on is how
much energy should be bought to operate the greenhouse. The external sources
of energy being considered in this study are the gas and electrical power required
by the greenhouse.

Weather | - .
forecast > - reenhouse
Energy price Decision support energy
forecast system advice
O
) Grower
Climate &
crop sensor
data
4—‘ Climate
managment
Greenhouse

Fig. 2.1 - A flow diagram of how a greenhouse decision support system
connects sensor data, forecast data and the grower, and how advice on
greenhouse energy consumption may be applied in the greenhouse.

The predictive accuracy of a DSS is important as it allows the accurate planning
and trading of power on the power markets (Wang et al, 2015). This
greenhouse’s future energy demand is predicted using the weather forecast and
predicted energy prices (van Beveren et al.,, 2020). However, errors within the
weather forecasts may affect the accuracy of predictions and the efficiency of
subsequent energy trading.

In the Netherlands the greenhouse’s predicted power demand is initially bought
using the APX (Amsterdam Power Exchange) day-ahead power market. The day-
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ahead market allows bidders to submit an order for power at an hourly rate,
which will be delivered the next day. Any errors in this initial purchase are
resolved by using corrective power trading on the APX intra-day market or
imbalance market. The intra-day market allows the continuous trading of power
on an hourly rate, and the imbalance price is used to reflect the immediate value
of power given the current ratio of supply and demand on the grid.

In previous greenhouse studies weather forecasts have been included in various
forms. Some studies have used actual forecast data (Sigrimis etal., 2001; Su etal,,
2021), and others include simplified forms of forecasts such as a lazy-man
forecast (Tap et al., 1996; van Ooteghem, 2010). Some studies create synthetic
forecasts using models (Seginer, van Beveren, et al., 2018; Su et al., 2017a).

Several studies that have focused on greenhouse energy management have
included weather forecasts. Among these some address reducing the
greenhouse’s heating demand (Chalabi et al., 1996; Su et al,, 2021) or heating
costs (Gutman et al., 1993). Keesman et al., (2003) investigates the reduction of
ventilation costs in a potato storage facility using a receding horizon optimal
controller and weather forecasts. However in these studies and several other
studies it is assumed that the errors in weather forecasts have a negligible effect
on the prediction accuracy of greenhouse models (Seginer et al.,, 2006; Seginer &
McClendon, 1992).

The potential impact of weather forecast errors on greenhouse prediction
uncertainty has been partially addressed. Vogler-Finck et al., (2017) use a simple
linear model and a recursive least squares approach to predict the heat demand
of a Danish greenhouses using short term weather forecasts. Vogler-Finck
concluded that the inclusion of real weather forecasts significantly improved the
online prediction of heat load over using simplified weather forecasts. Tap et al.,
(1996), studied the greenhouse’s #/ and heating demand and simulated the
financial performances of a greenhouse model being controlled with a receding
horizon optimal controller. Tap et al., (1996) found a drop in the performance of
a greenhouse when forecast errors were introduced, and that the performance
worsened for longer forecasts. Doeswijk et al., (2006) also found that weather
forecast errors increase the heating costs of operating a climate controlled
storehouse. Sigrimis et al., (2001) offer a nuanced perspective by concluding that
while the inclusion of weather forecasts can improve performance, the presence
of weather forecast errors increased the costs of heating and that this cost only
worsened with longer forecasts.
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As shown above the error within weather forecasts previous research has
analysed in the context of greenhouse heating control and economic
optimisation. However, there is a knowledge gap as there are limited studies
about the effects of weather forecast error on power demand prediction and the
subsequent consequences for power trading.

Several studies optimised the cost of the of the greenhouse’s energy usage
(Golzar et al., 2021; Seginer et al., 2017; Vadiee & Martin, 2012; van Beveren et
al, 2019; van Henten & Bontsema, 2009; Vanthoor et al., 2012) and several
studies have included weather forecasts (Doeswijk et al., 2006; Gutman et al.,
1993; Keesman et al., 2003; Sigrimis et al.,, 2001; Tap et al., 1996). However, many
studies are limited in how realistic they are when compared to what is done in
practice as the economics of the greenhouse were often significantly simplified.
For example a fixed power price is often used (Golzar et al., 2021; Kuijpers,
Katzin, et al,, 2021; Vadiee & Martin, 2012; Vanthoor et al.,, 2012). van Beveren et
al, (2019) did include a fluctuating price by optimising the use of the
greenhouse’s energy equipment using the imbalance price. However as
discussed above, this is not what is done in practice.

Many studies have optimised the economics of a greenhouse by using simplified
market prices to assess the greenhouse’s economic performance. As a result,
there is an additional knowledge gap as little information is available on the
potential costs of power trading using fluctuating prices and multiple markets as
is done in the greenhouse horticulture sector.

The objective of this paper is to determine the impact of weather forecast error
on greenhouse energy demand prediction and power trading. In addition, this
study investigated which forecast variables have the greatest impact on power
prediction error and how this impact changes depending on the weather forecast
prediction horizon length.

By identifying the roles of the error in weather forecast variables, improvements
can be made to the most error prone variables through the targeted application
of improved sensors or by using combinations of multiple forecasts. This in turn
can improve the accuracy of energy demand prediction and the economic
efficiency of power trading.

In the subsequent sections the greenhouse model is briefly described. This is

followed by an uncertainty analysis that describes the error in the weather
forecast and how that propagates into uncertainty in the energy demand
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prediction. Next the uncertainty in the energy demand prediction was used to
calculate the costs of power trading when trading on the APX day-ahead and
imbalance markets. A local sensitivity analysis was then done to assess which
weather forecast variable’s errors are having the greatest impact on prediction
uncertainty. The results are then interpreted to focus on the impact weather
forecast errors have on energy prediction and trading. Moreover, this study aims
to assess how this impact changes when using weather forecasts of differing
prediction horizon lengths.

This paper makes a novel contribution to the field of greenhouse horticultural
modelling by investigating the propagation of weather forecast error into
predicted greenhouse energy demand and power trading. The novelty of this
work consists of the following features:

e This study takes a detailed approach to assessing the costs of buying the
greenhouse’s power demand. This demand is calculated initially using
the APX day-ahead power market price, which is a realistic
representation of the initial and largest round of trading done by
growers in practice in the Netherlands. Then the cost of the mispredicted
power is calculated using the imbalance market price to represent the
costs of short-term corrective trading.

e The application of this input data-based uncertainty analysis in the
greenhouse horticulture domain is novel and in particular the
application of a weather forecast-based uncertainty analysis within the
greenhouse domain.

e Unlike previous sensitivity analysis methods in the greenhouse
modelling domain which focused on the sensitivity of parameters, this
study uses an input data discrete sensitivity analysis which is applied on
the weather variables to determine the largest contributors to the
energy prediction uncertainty.

2.2. Materials and methods

2.2.1. Model definition

The greenhouse model used in this study is composed of modules (Fig. 2.2) which
are described in the following subsections. This study uses the greenhouse model
KASPRO (de Zwart, 1996; Dieleman et al., 2005; Elings et al., 2006; Luo, de Zwart,
et al, 2005; Luo, Stanghellini, et al., 2005) which is extensively calibrated to
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represent a commercial Venlo type Dutch greenhouse. For clarity of explanation
the KASPRO model is described as being divided into modules which simulate
the operation of the indoor greenhouse climate, energy system and rule-based
controller. The energy asset control action is the response of the controller to
activate the greenhouse energy assets (CHP, Boiler, lamps, screens, and
ventilation). The climate control action defines the heating, lighting and #/
input to the greenhouse climate from the energy assets.

KASPR Energy demand
e Electrcity
demand

Greenhouse e Gas demand

A J

energy module

Energy asset
control action

limate variables
Air temperature
Inside vapour
concentration

* [nside ambient

radiation

LI ] O

control
acfion

Greenhouse
climate module

Input weather

(Forecasts)

e Qutside temperature |

e Qutside windspeed :

e Solar radiation I
I
I
I
I

(Actual) Rule based
¢ Qutside vapour controller

density \ |* Window ventilation
¢ Boiler/ CHP <
acfivation

e Lamp lighting
* Insulation screening

A

Fig. 2.2 - This figure shows the relations of the modules within the KASPRO
greenhouse model and the role of weather data.

2.2.2. Greenhouse climate module

The climate module models the indoor climate of the top and main
compartments of the greenhouse and includes 16 state variables, including the
indoor air temperature, carbon dioxide concentration, and vapour pressure. The
greenhouse climate module (Fig. 2.2) receives input data from the outside
weather and the energy input to the climate from the energy module. Fig. 2.3
shows the relative position of the elements in the greenhouse and their relation
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to the top and main compartments. This includes the air above and below the
thermal screen, at the greenhouse cover and crop canopy level, as well as in six
layers of soil. The elements displayed in this figure are not to scale. The transfer
of water vapour, #/ and energy between elements of the greenhouse are
governed by the processes of radiative and latent heat exchange, conduction,
convection, ventilation, and condensation.

Greenhouse
cover (Cov)
/

Top compartment

(Top)
N A A Thermal or
Upper heating pipe shade screen
(Upp) : (Scr)
Main
compartment
(Air)
.................................................................... — Crop canopy
Lower heating level (Can)
pipe (Low)

Soil and subsaoil
layers (FIr)
Fig. 2.3 - This figure shows a cross section of the modelled Venlo type
greenhouse. The figure describes the location of the greenhouse elements
(screens, covers and pipes) within the greenhouse compartments as
described in the KASPRO greenhouse model. The elements in this figure are
not to scale but shows their relative positions in the greenhouse and
abbreviations.

This study focusses on the states in the model describing the indoor air
temperature and water vapor pressure in the main compartment in the form of
differential equations (Eqgs. 2.1 - 2.2). The insight gained from the model’s indoor
air#/ state (de Zwart, 1996) was not used in this paper as the relevant outdoor
#/ data was unavailable. The implications of this limitation are examined using
a sensitivity analysis described in appendix A.

The main compartment temperature (Eq. 2.1) (de Zwart, 1996) is scaled by a
fraction of air density (v ¢ Ié;pecific heat capacity of air (Ayx ¢ @nd the volume of
air (Gi ¢ Jhis is then multiplied by the net energy being transferred between the
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regions of the greenhouse, composed of the heat gained from the artificial lights
(0, i 1 angl solar radiation (03 g7 13 aipper and lower heating pipes
((spp !F(E,c‘j' x 1 @pd the canopy air ( . Also included are the heat lost to
the floor (, EO@FO@ compartment (( | ¢ o4fishade screen (, g o Hgkermal
cover ((1 g o#lhrsl the outside ((1 eo/& 0

(2.1)
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Within the model the main compartment vapour pressure state (Eq. 2.2) (de
Zwart, 1996) is defined as a fraction of the water molar mass (- ( , the gas
constant (2 , the volume of air (& 3 gnd the main compartment air temperature
(44 3-oThis was then multiplied by the sum of the vapour released from the
canopy 6 and lost to the top compartment, screen, cover and outside

(61 e ol oPraolbi € o060
A®sec
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(2.2)

For the purposes of this study a representative greenhouse design was specified.
This greenhouse is a Venlo type greenhouse producing tomato in Bleiswijk,
Netherlands. The greenhouse has the following physical parameters:

Table 2.1: Parameters of the simulated greenhouse structure

Property Value  Units Property Value Units
Footingarea 2.4 EA Window size 25x |

1.2
Total height 6.5 i Upper heating 0.027 |

pipe diameter

Number of 1200 Lower heating 0.051 |

8

windows pipe diameter
Numberof 1 ~ Number of lower 1.25 OEDPA
chambers heating pipe per d

floor area
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Gutter 6 |
height

Cladding 27000 | ¢
area

2.2.3. Greenhouse energy module

Number of
upper heating
pipe per floor
area

0.625

OEDA

The greenhouse energy module receives the data describing the use of energy
system components from the rule-based controller. The energy module describes
the amount of pipe heating, lamp lighting and injected 60
greenhouse climate as well as the required gas and power to operate the

input into the

components of the energy system. These components include a shading and
energy screens. Heating was supplied via a lower and upper heating rail pipe
system from a boiler, combined heat and power generator (CHP) and heat storage
tank. Lighting was supplied from two arrays of SON-T 1000W HPS (High Pressure
Sodium) lamps. The greenhouse energy system components properties are listed
in table 2.2.
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Table 2.2: Properties of the greenhouse energy system components

relating to the capacity of the components, and efficiency of energy

assets

Property Value Units
Lower heating pipe 51 mm
diameter

CHP power rating 43 7d
CHP thermal capacity 60 7d
Artificial light intensity 0.648 iTad xE
Upper heating pipe 27 i
diameter

CHP heating efficiency 47 =)
Boiler thermal capacity 170 7 3
Heat tank volume 1000 | o
Boiler heating efficiency 94 =)
CHP electrical efficiency 37 %



2.2.4. Rule-based controller

The rule-based controller module receives data from the outside weather and the
indoor greenhouse climate and outputs the usage of greenhouse energy assets to
meet predefined indoor climate conditions (Luo, de Zwart, et al., 2005). The use
of energy assets was defined as the immediate fraction of window aperture,
fraction of lamp lighting levels and fraction of insulation screen coverage. The
controller also dictates the temperature of the greenhouse heating system via the
control of the CHP and boiler.

The controller resembles an industrial grade controller which operates from a
considerable library of threshold-based rules. The threshold values were defined
by climate profiles which detail desired climate conditions as a series of setpoints
over time, as well as the time, outside weather and the actual indoor climate.
The climate profile used in this study has a relative humidity set point of 85%
and a requirement to light the greenhouse for 18 hours a day ending at 20:00.
The temperature climate profile has setpoints of p (# between sunset and
sunrise, ¢ f¢#¢ one hour after sunrise, p G one hour before sunset. For
consistency over the simulations the climate set point scheme was kept the same
for all weather forecast prediction horizon lengths.

2.2.5. Model assumptions

The greenhouse climate and energy system model were implemented with some
simplifications and assumptions. Key simplifications and assumptions are listed
below:

e The greenhouse compartments are homogeneous spaces, with no spatial
microclimate variation within them.

e The effects of shadow screens, covers, ventilation windows and artificial
lighting on state variables are uniform within their related regions of the
greenhouse.

e The flow of water through the heating system was assumed to be constant
over time.

o KASPRO (de Zwart, 1996; Dieleman et al.,, 2005; Elings et al., 2006; Luo, de
Zwart, et al., 2005; Luo, Stanghellini, et al., 2005) is an extensively calibrated
model and it is assumed that this calibration makes it a sufficiently
representative predictor.

e It is assumed that the predictions made using the weather recordings
represent a ground truth to be compared with the weather forecasts. This is
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necessary as it is not possible to record the performance of a real greenhouse
that operates using forecasts with no error as no such forecasts exist.

2.2.6. Power market data

The cost of power trading in this study was calculated using the Netherlands APX
day-ahead and the imbalance market price for power over the same period as the
forecast data. The APX day-ahead market was chosen as it represents the prices
upon which the majority of initial energy trading is done for growers. The APX
price data is applied in an uncertainty analysis along with weather forecast data.
This is done to represent a medium-term energy planning scenario over multiple
days. To calculate the costs of corrective power trading that is done based on the
mispredicted power demand the imbalance market price is used. The imbalance
price was chosen over the intra-day market due to the lack of availability of intra-
day market data. In this study it is assumed that the volumes of power traded by
the grower do not affect the market price.

2.2.7. Recorded and forecasted weather data

A dataset of hourly weather forecasts and weather recordings is used in this
study. The dataset includes hourly forecast and recording variables of the outside
temperature 3 , wind speed & J and global solar radiation @ 3

The forecasts have a five-day length and were generated at: 06:00, 09:00, 12:00,
15:00 and 17:00 over a two-month period (13 Oct 2019 - 16 Dec 2019), resulting
in 292 five-day forecasts in total. The forecasts were generated by the weather
forecast company Meteoconsult and was sourced from an operational
greenhouse and is comparative to what information is available to growers.

The forecasts of outside vapour concentration "Q0h were not included in the
original dataset. In place of these forecasts, recordings were retrieved from a
nearby KNMI (Koninklijk Nederlands Meteorologisch Instituut) meteorological
station for the same period of time were used in place of a forecast. The outdoor
Ot concentration for both the weather forecast and recordings was assumed to
be constant at 410ppm, the impact of this assumption is examined in appendix
A.

In addition, the cloudiness index (CI) was fixed to the average of the period (CI =
0.7). A sensitivity analysis found that this assumption has little impact on the
study’s result, the results of which can be seen in appendix A. The sky
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temperature (Luo, de Zwart, et al., 2005) and levels of diffused radiation (Orgill
& Hollands, 1977) were computed using the available climate variables. Any
missing entries in the datasets were filled with the value at the previous time
instance, this was done for simplicity.

2.2.8. Uncertainty analysis method

This study uses a method that is described in four sections. These sections
describe the method used to compose the weather forecasts, and to explain the
uncertainty in the weather forecast, energy prediction and power trading
respectively. The steps of the method, their relations, key variables, and sections
are shown in Fig. 2.4. This study analyses the effect of using weather forecasts of
increasing length 0 , from 1 to 5 days long at daily intervals. This study defines
uncertainty analysis as the analysis of a distribution of errors.

| Import weatherdata |
2.8.1:Composeweather Q6) =QGE+1)
forecast series (uF)
[
¥ i
2.8.2: Weather forecast 2.8.3 : Energy demand 2.84: Powertrading
uncertainty analysis : uncertainty analysis uncertainty analysis :
— Calculate weather forecast - Simulate greenhouse || — Calculate inital trade cost
error (&F) energy demand (Y) (cp)
~ Calculate energy demand — Calculate corrective trade
error (ef) cost (CY)
Y
I5i > ime? DO
Yes
| end |

Fig. 2.4 - The steps for the analysis method used in this study and the
corresponding sections of the manuscript. Each step in the figure includes
title of the step, the corresponding section of the manuscript and the key
variable from that step. This method is iterated through each forecast
prediction horizon length |'f using the index
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2.2.8.1. Compose weather forecast series

This study uses series of weather forecasts with a horizon length in hours 0
,where 0 ¢ tr @ &w dp ¢ TThese horizon lengths are indexed through
using Q p8Q , where Q¢ U. For each weather forecast horizon length and
forecast starting time, a series of consecutive forecasts 6 was used. This series
of forecasts spanned the time period of the entire dataset. Due to 5-day forecasts
being recalculated daily, it is possible to concatenate forecasts with periods
shorter than 5 days. This was done by truncating the weather forecasts from their
starting sample to the given horizon length.

2.2.8.2. Weather forecast uncertainty analysis

To investigate the role of weather forecast uncertainty on greenhouse energy
prediction uncertainty, a sample-based uncertainty propagation method is
adapted and applied (van der Meer et al, 2018). In this study time in is
discretised using hourly time steps and each time interval is defined by its length
in hours, 0 "Q and starting point 'ORQ, where ‘Qis the day of the year, and "Qis
the time index, defined in this study as the hours in the day. The hourly forecast
error - 'ORQ at each time instance is defined as the difference between the

weather recording ((q}( 0 'OFfQ and forecasts ((’,;%O.,Q ofQ
Rie SEE Gl SEE G e SIE. (2.3)

These errors were then summed Rf as this represented the quantity of error
made over a forecast period, such that,

RS BLLREe SFE. (2.4)

2.2.8.3. Energy demand uncertainty analysis

The energy prediction error is calculated as the difference between predictions
calculated using weather forecasts and predictions made with weather
recordings for the same period. The energy demand predictions @ from the
model includes the gas demand &o (¢ ° 3 S JQP) and power demand & (@ O
6 JQ ) where & & & . The greenhouse energy demand &g is
calculated using the KASPRO model over a period 0 "Q with inputs equal to the
forecasted weather data O . This results in predicted energy demand as a
function of forecasted data,
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ofe $FE 9 & SIE . (2.5)

Then the energy demand 9 is calculated using the recorded weather data
O as input,
e sE 9 & $IE . (2.6)
The hourly prediction error - is calculated by comparing the weather

forecast and weather recording-based energy predictions. Where
R ¢ $HE 9% $FE 97 ¢ $IE. (2.7)

To avoid having the prediction errors cancel each other out the positive and
negative error are summed for each forecast period 1 E to represent the

accumulated over-prediction R84 and accumulated under-prediction R
respectively. Such that,

R 4% Bé I;:)mO SiE nR? ¢ $FE,and (2.8)
RR,$ Bé ';:)ﬁzo“ﬁ R $HE. (2.9)

The initially predicted energy demand 9 and mispredicted energy demand
R are summed to allow a direct comparison of the quantity of error made

over a forecast period, where,

ofs BLEole SFE. (2.10)
8$ BLEM . SIE,and (2.11)

2.2.8.4. Power trading uncertainty analysis

This study investigates the financial consequences of power demand

misprediction. These consequences are dependent on the volume of

misprediction and the price of power on the markets it is being traded on. The

hourly APX day-ahead market price 0  was used to calculate the power cost
0 of the initially predicted energy demand & , where,

# SHE 0 $HE D@ $FE. (2.12)
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The cost of the corrective bidding 6 of the mispredicted energy - is

calculated using the imbalance market price 0 and
# e SFE 0 $FE O ¢ $FES (2.13)

To analyse and display the distribution of costs the matrices are concatenated
into a vector. It should be noted that the power that can be generated and sold
from the combined heat and power generator (CHP) is not considered in this
study. This analysis does not consider the cost of gas demand as it is often fixed
by contract unless a maximum supply rate is exceeded, which is assumed to be
the case.

2.2.9. Sensitivity analysis of energy demand
predictions

To understand which weather variable’s forecast has the greatest effect on the
predicted power and gas demand 9 a local discrete sensitivity analysis was
performed. This sensitivity analysis was done on the forecast and recorded
weather variables which include, outdoor temperature, global radiation and
wind speed. The first order error 39 of each weather forecast variables are
calculated CF . Each weather forecast variable is in turn used to replace the
corresponding recorded weather variable and applied to calculate the energy
demand predictions with the remaining recorded weather variables O . The
index E is the index of each weather forecast variable and Eis the index of the
remaining weather variables. Such that

39 $FE 90 $rE 90 S$HE $HE | (2.14)

where all the weather forecast variables were made equal to the recorded
variables, except index E

G CGrE B8 (2.15)

The second order error interactions 39 is calculated by replacing pairs of

weather forecast variables O | to assess their combined influence. Where,

39 $FE 90 $FE 90 $HEM ; $HE , (2.16)
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where & GFE THE 1. (2.17)

Where [ andl are the indexes of all pairs of weather forecast variables. To allow
comparison between predicted gas and power demand the percentile prediction
error R, was then calculated for the first and second order errors, accordingly

- 1 plt ¢

it B 39 $iE 2.18

Dp $ Bli 9 82 $iE ‘P ( )
Ep

This percentile prediction error was then used to calculate the first and second
sensitivity indices "Y"Qvhich is defined as the average absolute percentage error,

3) R $s (2.19)

2.3. Results

The results describe the effect of weather forecast uncertainty on energy use
predictions and are split into four sections. The first section assesses the
uncertainty in weather forecast variables. The second section shows the effect of
the weather forecast error on greenhouse model prediction uncertainty and how
it changes with the length of the weather forecast prediction horizon. The third
section includes a power trading uncertainty analysis using multiple markets and
weather forecast prediction horizon lengths. The last section investigates the
interrelations between the input weather data and energy predictions using a
discrete sensitivity analysis.
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2.3.1. Weather forecast uncertainty
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Fig. 2.5 - Boxplots of the total weather forecast errors (Eq. 2.4) made over
the forecast prediction horizon forecast length |- . Where the encircled
point is the mean, the box is the 1st, the whiskers are the 27 standard
deviations, and the open circles are the outliers.

Fig. 2.5 presents the total weather forecast errors (Eq. 2.4) within each forecast
variable for an increasing forecast horizon length. For all the forecast variables
the mean error becomes more negative, and the variance increases as the horizon
increases. This means that on average the forecast consistently underestimates
the available outside temperature, global radiation and wind speed.
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2.3.2. Greenhouse gas and power demand
uncertainty

Accumulated gas Accumulated gas Accumulated power Accumulated power
107 over-prediction boxplot .10 under-prediction boxplat 1200 over-prediction boxplot under-prediction boxplot
10 [ 1 ] [ ]
| ot 1 | | of y 1
o 1 | | | | @
| L 1 (o} |
al J : | 000 T S S |
gk » |
| ©
7 | | | | I
800 -200
| 2 E e
€ e E = -300
® L o £ £
E 5 E | ESDD é
= Tt Z 00}
Z4r = = 5
=] s | 2 2
= = = =
3 00 -500
4t
25 | | | I
| 200 F 4 -600
1 5t |
| -700 |
0 | 0
= 6 5 = -800 =
& 2 R 8 ¢ & ¥ R 8 ¢ & % R o & 2 R B8 &
Forecast horizon length (hrs) Forecast horizon length (hrs) Forecast horizon length (hrs) Forecast horizon length (hrs)

Fig. 2.6 - Boxplot distributions of the accumulated over and under
prediction (Egs. 2.8-2.9) of gas and power demand when using forecasts of
different forecast prediction horizon lengths. Where the encircled point is
the mean, the box is the 1st and the whiskers are the 2" standard
deviations (outliers omitted for clarity).

The greenhouse gas and power demand were simulated using different weather
forecast prediction horizon lengths. Fig. 2.6 shows that as the forecast horizon
increases the variance and mean of the over and under-predicted power and gas
increases. In addition, the amount of over-predicted power and gas is greater
than the under-predicted amount in both mean and variation. Subsequently in
this case the greenhouse model tends to overestimate the power and gas
demand. This originates from the bias present in the weather forecasts, namely,
in the case of power demand, a negative bias in the global radiation forecast error
(Fig. 2.7), meaning too little natural light is being forecast. This result is also
reflected in the sensitivity results shown in section 2.3.4.
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2.3.3. Greenhouse power trading uncertainty
analysis
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Fig. 2.7 - A histogram of the market prices on the APX day-ahead and
imbalance power markets.

A comparison between the prices of the APX day-ahead and imbalance market is
shown in Fig. 2.7. The comparison shows that the day-ahead price has a higher
mean price than the imbalance price. However, the imbalance price has a far
longer tail than the day-ahead price where extreme prices can occur. In addition,
the day-ahead price is strictly positive during this period, and the imbalance
price ranges over both positive and negative values.
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Fig. 2.8 - A boxplot (left) of the initially predicted power demand (Eq. 2.10)
and the subsequently calculated corrective power demand (Eq. 2.11).
These power demands are described as the total per forecast period |'f The
mean and standard deviation for the initial and corrective demands (right)
are displayed for each forecast prediction horizon length. Where the box is
the 1st, and the whiskers are the 27 standard deviations.

Fig. 2.8 shows the total volume of the initial and corrective power demand prediction
of a forecast period (Egs. 2.10-2.11). The total volume of the initially predicted
demand is much greater than the corrective demand for all weather forecast
prediction horizon lengths. For both the initial and corrective demand the mean
increases, and the standard deviation decreases with the weather forecast
prediction horizon length. In addition, the initial and corrective demand has a
positive bias for all the forecast prediction horizon lengths. To better look at the
impact of misprediction on incurred costs only nonzero results are shown for the
power demand and costs (Egs. 2.12-2.13) displayed in Fig. 2.9.
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[ Icorrective bid cost
I (nital bid cost

.
|
|
|
|

e

o

i

D

Cosl(Eurosthﬂ)
o
———m— - T —— - -

S S

—
|
|
|
|
|

i
T

o - -
i ity S

x10°%

Inital power bid cost statistics

Mean cost
IS s -
o o o
w @ ~

(Euros m2 bt
a
=
B

-~
o
=)
N

Mean

Standard deviation

24|

hr

4Bhr

72hr
Forecast Horizon

1.458

96hr

%107

Corrective power bid cost statistics

120hr

85

24hr

48hr

T2hr

Forecast Horizon

96hr

120hr

Mean cost
(Euros m? hr")

@

~
n

- Mean

Standard deviation

3.9

3.8

3.7

Cost standard deviation

24hr

48hr

72hr
Forecast Horizon

96hr

6
120hr

107

b

Cost standard deviation
(Euros m 2y 1]

(Euros m? hrhy

Fig. 2.9 - A boxplot (left) of the initial power costs (Eq. 2.12) and the
subsequently calculated corrective power costs (Eq. 2.13). The mean and
standard deviation for the initial and corrective demands (right) are
displayed for each forecast prediction horizon length. Where the box is the
1st, and the whiskers are the 2"d standard deviations.

The comparative costs of the initial and corrective trading are shown in Fig. 2.9
and are derived from Eqs. 2.12 - 2.13. The initial bid is the larger in mean cost
than the corrective costs and increases in mean and standard deviations as the
forecast prediction lengths increase. The corrective costs have a greater variation
and increase in mean cost with the forecast prediction horizon lengths. The
standard deviation of the corrective costs does rise to a peak at a 72hr forecast
horizon before declining. The negative value of the corrective bid cost represents
the grower being paid as an incentive to purchase power on the imbalance
market. This can occur when there is a surplus of power on the grid.
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2.3.4. Sensitivity analysis of greenhouse gas
and power demand
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Fig. 2.10 - A heatmap of the local discrete sensitivities (Eq. 2.19) of the
predicted power and gas usage to weather forecast error.

The sensitivity analysis shown in Fig. 2.10 is done using a 48-hour weather
forecast. This analysis revealed that the power demand prediction error is most
related to the global radiation forecast error. The gas use prediction error is most
related to the temperature forecast error, then the wind forecast error and
marginally to the global radiation forecast error. Moreover the error in gas
prediction is highly sensitive to the second order interactions of errors in forecast
variables.

2.4. Discussion

This study investigates the role of weather forecast error on greenhouse energy
demand prediction and power trading. Additionally this study considers the
impact of each forecasted weather variable and how power trading is impacted
when using multiple markets. This study uses a method that is not validated as
part of this studies analysis but provides novel and relevant insight into the
management of energy in greenhouses.
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This study explores how weather forecast errors can result in the misprediction
of both gas and power demand in a greenhouse. In this specific study, the
prediction uncertainty suggests an overprediction of the gas and power demand
of the greenhouse. The overprediction of energy demand is linked to the notable
negative bias in the temperature and global radiation forecast errors (Figs. 2.5).
As a result, the amount of available natural heat and radiation is being
consistently underestimated and as a result excess gas and power is being bought
to meet this perceived deficit (Fig. 2.6). It should be noted that the overprediction
of the greenhouse energy demand in this study is case specific and it is entirely
possible for different weather forecasts to produce alternate patterns of
misprediction. However this study demonstrates that the effects of misprediction
can be large. The analysis also concludes that the cumulative amount of energy
being mispredicted increased with the weather forecast prediction horizon
length, corroborating the conclusions of (Tap et al., 1996). This is understandable
as longer forecasts should become progressively more uncertain. The
conclusions made on the volume of the predicted energy demand were made
using a winter dataset and have not been extrapolated to the whole year. This is
as the winter is the season of the highest use of artificial lighting in practice and
requires more power than the rest of the year.

The sensitivities of the energy predictions to weather forecast variables showed
that gas prediction is sensitive to wind and temperature forecast error while
power prediction is sensitive to the global radiation forecast error (Fig. 2.10).
This observation is due to the fact that the global radiation forecast directly
influences the need for supplementary artificial lighting and therefore the power
demand. Gas is used to provide heat and its demand depends on heat moving
through the greenhouse based on the temperature gradient between the inside
and outside temperature and the convective energy transported through the
greenhouse shell. The dependence of gas use prediction error on the temperature
forecast and not the global radiation forecast may be because the dataset used in
the study was from a Dutch winter where the ambient radiation levels are low. In
summer one would expect that both the outside radiation and temperature
would have a large effect on gas demand prediction as solar radiation is a key
source of natural heat in the greenhouse. These results were calculated using 48-
hour long weather forecasts and as such this assumption excludes how these
sensitivities might change over varying weather forecast prediction horizon
lengths. While this does provide an opening for future research this study has
shown that the broad trends and biases in the weather forecast error are
consistent for all horizon lengths. Consequently it is anticipated that the
conclusions of this analysis would be broadly consistent for all horizon lengths.
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The power trading uncertainty analysis included in this paper offers a number of
key insights into how weather forecast error might affect the power trading
process and economic efficiency of the greenhouse. Most prominently, the
corrective trading of mispredicted power can impact the economic performance
of the greenhouse. This impact arises from the fact that although the volume of
power being traded in corrective bidding is relatively smaller than the initial
trade (Fig. 2.8), the corrective imbalance price is more volatile (Fig. 2.7). This can
lead to the grower risking a higher price for their power than if it had been
bought correctly in the initial trade. In this way it is better to reduce the impact
of weather forecast error to mitigate the risk of volatile short-term prices.

Additionally the power trading analysis confirmed the conclusion of Sigrimis et
al, (2001), in that the inclusion of forecast errors increases the operating costs
of a greenhouse. Moreover, these costs worsen with the increasing length of the
weather forecasts as can be seen by the increase in the mean costs for both the
initial and corrective trading (Fig. 2.9). Subsequently shorter weather forecasts
would be preferable for minimising error. Interestingly the standard deviation of
the initial and corrective power demand decreases as the forecast horizon
increases. A hypothesis is that the errors tend to cancel out when summed over
longer periods. So a large deviation from the mean is less probable for a long
prediction horizon. An analysis should be performed with a larger dataset for
more reliable conclusions to be drawn. It should also be noted that the markets
used are Dutch and conclusions may vary based on the region of the market used.
Another interesting observation is that the standard deviation of the corrective
power demand costs (Fig. 2.9) rise to a peak at a 72 hour long forecast and then
decreases. This is a potential result of a combination of lower prediction error at
shorter forecast lengths and a cancellation of costs at longer forecasts lengths.
Indeed, this happened in the corrective costs and not the initial costs as the price
distribution for the day-ahead market has a greater bias to positive values,
whereas the imbalance price is more centred on zero and takes negative values
more frequently, as can be seen in Fig. 2.7.

While this method is simple to apply it calculates the prediction error directly,
without the assumptions related to the initial distribution of the weather forecast
error that have been used in previous studies (Seginer, van Beveren, et al., 2018;
Su et al,, 2017b). Thus, the conclusions drawn from this method are inexorably
linked to the weather forecast dataset as they are so spatially and temporally
specific. While this specificity makes conclusions difficult to generalise it could
be done using large or varied forecast datasets and multiple greenhouse models.
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Despite this the use of direct comparison of energy predictions in this method
means that it can be applied other greenhouse systems and model formats and
offer the same analysis. Moreover this method can be applied to data from any
place or time and produce relevant insight.

This study does not include outside #/ data but assumes it is constant, this
presents limitations to the conclusions regarding energy consumption as one use
of a CHP is to provide supplementary #/ , which in turn is dependent on the
outside conditions. The operation of the CHP for this purpose also affects the
greenhouse energy demand due to the power and heat that is also produced. The
inclusion of outside #/ data may offer insight into how the CHP is operated
based on motives other than power demand and how that might affect selling
surplus power to the grid. As this study is conducted in winter when the demand
for supplementary #/ is less, it is anticipated that this surplus power will be
relatively minor when compared to the power trading discussed in this study.

Alimitation of this study is that the economic analysis uses the imbalance market
price for the short-term trading of power. While the imbalance price has been
used in previous research (van Beveren et al, 2019) it is more common in
practice to use the intra-day market price. Despite this limitation the conclusions
of this study are relevant as the imbalance and intra-day markets are comparable
representations of short-term power prices.

The possible practical consequences of energy demand prediction error and the
subsequent power trading are that grower may lose economic efficiency by
having to trade on the more volatile short-term markets. These short-term
markets are often supplied by immediately accessible power, often originating
from fossil fuels. As a result, decreasing the corrective power trading of a
greenhouse may also help reduce its carbon footprint. To try and achieve this the
weather forecast bias could be accounted for in the energy prediction and energy
buying process. This would need to have a highly localised approach as the
variations in local climate strongly influence the validity of the global radiation
forecast as demonstrated by Doeswijk & Keesman, (2005).

Additionally, the insight from the sensitivity analysis presents an opportunity to
improve the data collection and screening process by identifying weather
forecast data with errors that disproportionally impact the uncertainty of model
prediction. In particular this study’s conclusion that the global radiation forecast
is a key cause of power misprediction parallels the importance of accounting for
the error in radiation sensors found in Bontsema et al., (2011). This type of
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insight can drive more efficient energy consumption in the horticultural sector,
but also extends to any facility that uses weather forecasts to define its climate
and energy buying strategy, such as food storage warehouses and offices.

2.5. Conclusion

To conclude, this study investigates the role of weather forecast uncertainty and
its effect on greenhouse energy demand prediction and power trading. This was
done through the direct comparison of predictions made with weather
recordings and forecasts. The economic analysis of power trading was done using
multiple markets to quantify the costs more realistically.

This study shows a clear bias in the prediction of gas and power demand to buy
more than is necessary when using a weather forecast. This bias is linked to the
high sensitivity of the energy predictions to underestimate of temperature and
global radiation in the forecasts in this study. The error present in weather
forecasts and in greenhouse energy demand predictions do increase with longer
weather forecast prediction horizon lengths. The power trading analysis
concluded that while the volume of initial trading was greater than the corrective
trading, the higher volatility in short term Imbalance market prices can result in
higher costs per unit of power. Additionally, the means of the demand and cost of
both initial and corrective demand increase with the forecast horizon prediction
length. A sensitivity analysis was done on the weather forecast variables and
concluded that in the Dutch winter case the global radiation forecasts have the
greatest impact on power prediction error @® P, whereas gas demand
prediction is strongly influenced by the wind p @t P and outside temperature
forecast p g P.
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Highlights

e  Anelectrical power and gas demand uncertainty analysis was performed.

e A polynomial chaos expansion was used as part of an uncertainty analysis.

e  The proposed algorithm shows groups of parameters impacting prediction
uncertainty.

e Lamp intensity is the key factor for power and gas demand prediction
uncertainty.

Abstract

Within the modern greenhouse horticultural sector energy usage is planned
using mathematical models that simulate the greenhouse’s future performance.
These models contain parameters whose values can be inaccurate which create
errors in model predictions. This reduces the effectiveness of energy
management and planning done using these models. This study proposes and
demonstrates an algorithm to quantify the impact of parameter errors on
greenhouse gas and electric power prediction uncertainty. The proposed
algorithm introduces a Polynomial Chaos Expansion as a method for the
sensitivity analysis in the domain of greenhouse horticulture. Contrary to
commonly used sensitivity analyses, this approach introduces the analysis of
higher order interactions into the domain of greenhouse horticultural research.
It was found that for both electric power and gas production the HPS lamp power
rating was the most influential individual parameter. Moreover this study found
that for power demand the uncertainty in parameters relating to the lamp system
were far more impactful than those related to the crop or greenhouse structure,
with a respective coefficient of variation of 24%, 5% and 5%. This study makes a
notable and novel conclusion that for parameters related to the greenhouse
structure, larger groups of parameters were responsible for prediction
uncertainty through higher order interactions of second to sixth order. These
results reinforce the importance of future greenhouse research considering the
impact of higher order parameter interactions on prediction uncertainty using
the algorithm proposed in this study.
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3.1. Introduction

Growers in the modern greenhouse horticulture sector use computerised
decision support systems to aid in the electrical power and gas buying processes.
This is done by predicting the greenhouse’s future electrical power and gas
demand using a mathematical model of the greenhouse and forecasted weather
data. However, these predictions are vulnerable to errors that are introduced
through inaccuracies in the parameter values of the model.

The exact value of a parameter is often unknown. If we estimate the parameter
value it is likely to contain some errors. When these parameters are used for
model predictions their errors translate into errors in the predictions. As the
values of these errors are unknown the true values of these parameters are
uncertain, which leads to uncertainty in the predictions. In practice uncertainty
in the predictions can result in the misprediction and mis-buying of power and
gas, which can result in financial loss for the grower and unnecessary energy
consumption.

This insight allows for the targeted improvement of model parameter and input
data used in decision support tools. Any improvement in the accuracy of model
parameters and input data would in turn create more accurate predictions of
greenhouse electrical power and gas demand, which would lead to more efficient
electrical power and gas buying by the grower. On a societal level this gained
energy efficiency from greenhouse horticulture would cause a sizable decrease
in the Dutch national electrical power demand, which in turn would result in less
total electrical power generation, gas demand and a decrease in #/ emissions.

Previous research in greenhouse horticulture has included the impact of
parametric uncertainty in greenhouse modelling. For example, (Lépez-Cruz,
Martinez-Ruiz, Ruiz-Garcid, & Gallardo, 2020; Lopez-Cruz, Ruiz-Garcia, Ramirez-
Arias, & Vazquez-Pefia, 2013), performed a parametric uncertainty analysis on
the uncertainty of a predicted greenhouse lettuce growth. (Cooman & Schrevens,
2006) performs a similar analysis but uses an individual Monte Carlo sample for
each tomato crop model parameter. Cooman concluded that the lightand #/ use
efficiency of the crop are key parameters in propagating uncertainty into the
predicted fruit dry weight. (Schrevens, Jancsok, & Dieussaert, 2008) assesses the
impact of crop parameter uncertainty on the dehumidification and electrical
power demand of a greenhouse and concluded that the uncertainty in crop
parameters had little effect on the uncertainty of the predicted power demand.
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These studies have mainly focussed on the role of parametric uncertainty within
the greenhouse crop model parameters. However, there is a knowledge gap
pertaining to the effects of greenhouse climate and energy model parameters on
greenhouse electrical power and gas demand prediction.

A few studies considered parametric uncertainty in the context of energy
demand. For example (Golzar, Heeren, Hellweg, & Roshandel, 2018) performed a
sensitivity analysis on the climate setpoints and found a trade-off between crop
yield and energy demand whereby large energy savings could be made but at the
expense of a slightly lower crop production. (Vanthoor, van Henten, et al., 2011)
performed a similar analysis on the effect of errors in the weather, greenhouse
design parameters and set points on boiler energy demand and crop growth. This
was done using a normalised derivative-based sensitivity index for the individual
or first order effect of parameters and a meta-model based approach for the
combined effects of parameter pairs, also known as second order effects.
Vanthoor’s study highlighted the importance of glass PAR and FIR transmission
properties as well as outdoor radiation levels for growth and energy predictions.
However, in both of these cases the analysis considered the overall energy
demand of the greenhouse and does not consider the impact on the constituent
gas and electrical power demand that make up a greenhouse energy demand and
only considered a system with a boiler. As a result, there is a clear opportunity to
explore the impact of model parameter uncertainty on an operational level
where gas and electrical power demand can be managed separately.

Although a number of studies have proposed methods to assess the impact of
multiple sources of prediction uncertainty. These methods rely on sampling
these sources which can become computationally intractable with a large
number of parameters or data streams. This makes many of these methods
unsuitable due to the large number of parameters associated with greenhouse
models. To mitigate these issues previous studies have performed uncertainty
analyses using a meta-model based approach to attribute the sources of
uncertainty to a large number of parameters and the interactions between
parameters (Blatman & Sudret, 2011). This was done using a polynomial chaos
expansion (PCE) based meta-model, where the Sobol sensitivity indices of each
parameter were analytically calculated from the coefficients of the meta-model
(Mara & Becker, 2021; Sudret, 2008).

While previous parameter uncertainty analyses have been conducted in
greenhouse horticulture as detailed above, in all of these studies the number of
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analysed parameters were only a small fraction of the total number of
parameters used within these models, leaving a gap for an algorithm that
systematically considers a larger number of relevant parameters in an
uncertainty analysis using a method such as PCE. Furthermore, the application
of PCE would allow the assessment of the combined effects of groups of
parameters. Additionally, while previous research has focused on predicting crop
growth and energy demand, there is a gap in the literature for an uncertainty
analysis that applies to the prediction of electrical power and gas demand.

To address the research gaps detailed above, this study proposes an algorithm
inspired by the methodologies described in the aforementioned literature. This
algorithm combines a Latin Hypercube sampling approach, parameter pre-
screening that considers all model parameters, and a PCE-based sensitivity
analysis to allow for an analysis of the variance in energy predictions. This PCE
analysis is preferable as it efficiently attributes prediction variance to errors
present in a large set of model parameter on both an individual parameter level
and collectively via higher order sensitivity indices that are calculated from the
PCE. The proposed uncertainty algorithms were applied on a Dutch tomato
growing greenhouse use case to identify the comparative roles of different model
parameters on the prediction of electrical power and gas usage.

3.2. Materials and Methods

This study proposes and demonstrates an algorithm for the analysis of
greenhouse power and gas demand prediction uncertainty that arises from
parametric uncertainty. The following sections (3.2.1-3.2.2) describe the
greenhouse model and weather data used to demonstrate the algorithm
described in this study. The algorithm is described in section 3.2.3 and is then
applied to three use cases, the results of which are described in section 3.3. It
should be noted that for the remainder of this study electrical power will be
referred to as power.

3.2.1. Greenhouse model

The greenhouse climate, tomato crop and energy model being used was
Greenlight (Katzin et al., 2020), which is a calibrated, open source model.
Greenlight is a dynamic differential equation-based model which emulates a
tomato growing Venlo type greenhouse. The model receives input from weather
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data of the outside temperature, wind speed, radiation, vapour density and #/

concentration. The model predicts the greenhouse indoor climate states, which
are the indoor air temperature, vapour concentration, ambient radiation and #/

concentration. In addition, Greenlight predicts the power and gas demand of the
greenhouse and the growth of the tomato crop within the greenhouse. The model
was parametrised for Bleiswijk in the Netherlands. This study used a rule-based
control scheme that is based on the current industry standard and was originally
described by (Vanthoor, Stanghellini, van Henten, & de Visser, 2011). Due to the
importance of the gas and power demand we have included a brief description of
their corresponding equations. The power demand 9 7 d was
calculated as the product of the power rating of the HPS lamps ([ i ) and

the degree of actuation of the HPS lamps (9 ), where 0 is no lighting
and 1 is full lighting. Accordingly 9 is defined as
9 ] E D 8 (1)

The formula for gas demand 9 i o Jd was defined as the
amount of energy used by both the boiler (9 ) and CHP (9 )
generator in watts per square meter, divided by the energy content per cube of
gas | as defined by Vermeulen, (2008), where [ oQOp T *D
i . Accordingly

9 — 09 9 : (2)

3.2.2. Weather data

The recorded weather data used was taken from a weather recording station in
Bleiswijk, the Netherlands from 2018-01-01 00:00 to 2019-01-01 00:00 at 5-
minute intervals. The recorded weather data variables are the outside
temperature 3 , wind speed | 8 , direct solar radiation 7 & and
outside relative humidity (P ). The outdoor #/ concentration for both the
weather forecast and recordings was assumed to be constant at 410 (B D). In
addition, the cloudiness index (CI) was fixed to the average of the period (CI =
0.7) and the sky temperature and levels of diffuse radiation were estimated
using the available climate variables and according to the respective methods
proposed in (Luo, de Zwart, et al,, 2005) and (Orgill & Hollands, 1977). Any
missing entries in the datasets were filled with the linearly interpolated values
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of the adjacent data points. For the purposes of demonstrating the algorithm
presented in this paper in a way that is computationally tractable this study
focussed on a simulation period of 2018-03-01 00:00:00 to 2018-03-15
00:00:00.

3.2.3. An algorithm to compute how parameter
uncertainty propagates into prediction
uncertainty

In this study the propagation of greenhouse model parameter uncertainty into
greenhouse power and gas demand prediction uncertainty was investigated. This
was done using an algorithm whose steps begin with a pre-selection of any
parameters that are not relevant to this analysis. Then the distributions of each
parameter that remains were defined. These parameters were then grouped into
subsets of parameters that were linked by processes they are related to. For each
of these subsets of parameters, sampled values were taken from each parameter
distribution and were used to calculate the predicted greenhouse energy
demand. This predicted energy demand was then compared with the prediction
that was made with the nominal parameter values to calculate the prediction
error that arose from sampling these parameters. This was then repeated until
the full number of samples has been drawn. A PCE analysis was then performed
using the sampled parameter values and the corresponding energy demand
prediction error. These steps are then repeated for each subset of parameters.

Once this has been done the parameters that were found to be sensitive in each
subset were used to form a new subset. This was done to investigate any
combined effect that may exist between the most sensitive parameters of all of
the parameter subsets. This new subset was then sampled and used for energy
predictions and a PCE analysis in the same fashion as has been previously
described. Having done this the final PCE will give a measure of contribution to
energy demand prediction uncertainty from each parameter and combination of
parameters. Crucially this algorithm proposes a structure way to consider all
parameters within the model and arrive at a computationally tractable set of

uncertainty indices.
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The steps of a this algorithm are shown in Fig. 3.1 and applied in three use cases.
In the first use case 3 subsets of model parameters and their influence on power
demand prediction uncertainty is examined. In the second use case a subset of
these model parameters is taken to examine its influence on greenhouse gas
demand prediction uncertainty. In the third use case the two most sensitive
parameters from the previous two use cases is taken and used to perform an
analysis on both gas and power demand prediction uncertainty. The steps for the
algorithm used in each of these use cases are described in detail in the following
subsections and for a clear overview is displayed diagrammatically below in Fig.
3.1 in the form of a block diagram.
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2.3.1: Define model parameter
distributions and experimental
settings

— Set the maximum number of
samples (Gmax)

— Set the maximum number of
parameter sets (1,4, )

!

2.3.2: Initial parameter pre — selection
(6) and set formation H=n+1
T

F

2.3.2: Select a parameter subset (1)
and set q to zero

g=q+1

i

2.3.3: Calculate power prediction

error (e 7¥5)

— Generate parameter sample (6;‘]

— Simulate greenhouse power

demand (Y7 (h, 07, u® (1))

— Calculate energy demand error
( EP,RMS,n)
q

No

Yes

2.4: Analysis of prediction variance
( £PRMSn Gn]
q 7¥q

Yes

2.5: Form an augmented subset of the
most sensitive paramters from the
previous subsets (0)

'

2.5: Perform steps in section 2.3.2
to 2.5 using the augmented parameter
subset

end slr

Fig. 3.1 - The steps taken in the model parameter uncertainty algorithm.
Each block represents a step taken in the algorithm. Each step also includes
the corresponding section in the text and the related variable assignation.

63



This algorithm contains two loops. The first loop iterates through each
subset of parameters | up to the number of parameter subsets per use
case (i ; ). The second loop iterates through the parameter sample
until the sample size 1; 1 is reached.

3.2.3.1. Model parameter distributions

The parameters were modelled as truncated normal distributions in which each
parameter distribution (A) was defined as the product of a uniform distribution
(P ) and a normal distribution (P ). The normal distribution (P ) defined the
statistical distribution of values for each parameter, and a uniform distribution
(P ) that sets limits to prevent extremely small and large sample values. As a
result each parameter had an associated distribution Awith a mean (f ), standard
deviation (A) and an upper and lower limit (f i )suchthatA t FKH pb
where

Px5[H 8 (8.1

5 was a uniform distribution with finite lower and upper bounds | and [ that
truncates a normal distribution ® which was defined as,

Px . th 8 (3.2)

. denotes a normal distribution with a mean set at the parameters nominal value
[ such that

t I (33)

and 3 standard errors was set to 10% of the mean, so the standard deviation is
F—— (3.4)

Each of the model parameter was assumed to be independently distributed from
any other parameter.
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3.2.3.2. Initial parameter pre-selection

The algorithm includes a pre-selection process from the full set of model
parameters, then a metamodel based sensitivity analysis was done using a
selected subset of parameters. A pre-selection process was done to reduce the
number of relevant parameters as the application of uncertainty analysis
methods on large models like Greenlight is computationally intensive. This is
because sampling models with a large number of parameters require a large
number of samples to cover all the possible combinations (Vazquez-Cruz et al.,
2014). This pre-selection process was performed using a series of rules to
exclude model parameters from the full sample set that were not relevant for this
study. Parameters that met any one of the following criteria were discarded from
the analysis:

e The model parameter is related to an unused section of the model.

e The model parameter does not contain uncertainty.

e The model parameter is a climate set point.

e The model parameter is not related to the process involved in the power
generation, light physics or heating in the greenhouse.

Parameters relating to the greenhouse’s power generation, light physics and
heating were selected to demarcate the study’s scope and as the study only
focusses on the prediction of power and gas demand. The key process
contributing to power demand is the power demand of the lighting, so the
processes that are related to the artificial lighting in the greenhouse were
included. Furthermore, the process of indoor heating consumes a large amount
of gas. For the use case analysing gas demand prediction uncertainty this study
focusses on the parameters relating to the greenhouse heating system.

The parameters that were selected were then apportioned into four subsets
where each subset is related to a specific operation that is simulated in the
greenhouse model. This was done to highlight the sensitivity of different
processes in the greenhouse as well as the parameters themselves and to reduce
the computational intensity of the analysis by subdividing the parameters into
relevant groups. The following subsets were used in this study:

Power demand and greenhouse structure related parameters
Power demand and HPS lamps related parameters

Power demand and crop related parameters

Gas demand and heating related parameters

RS
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These subsets of parameters were then assigned to a use case that focussed on
either power or gas demand prediction. The first three parameter subsets are
related to power demand prediction uncertainty and are used in the first use
case. The fourth parameter subset is related to greenhouse gas demand and is
used in the second use case. These two use cases are analysed and the
parameters that were found to be sensitive were combined into a third use case
that analyses the combined impact of these sensitive parameters on both gas and
power demand prediction.

After this pre-selection process was completed, each subset of model parameters
was included in an analysis of variance. This was done by drawing a Latin
Hypercube (LH) sample (Eq. 3.5) from the selected parameters and using this to
simulate the resulting prediction error when compared to predictions made with
nominal parameter values. For simplicity the mean value of each parameter was
set as its nominal value as in Eq. 3.3. For the remainder of the study, steps in the
algorithm that can be interchangeably applied to the analysis of both gas and
power demand will be referred to using the collective term energy in place of
either power or gas.

3.2.3.3. Calculation of energy demand prediction error

Initially a subset of parameters ([ ) was selected using the index I where T
p&d . This subset of parameters was then sampled, where Nis the index of the
sample, this sample was taken from the distributions $ of each parameter where
$ B f  where Bs the index of each parameter. These samples were taken
using a Latin Hypercube sampling method, resulting in

| Ex $tEMEH EFf E forN p&N H (3.5)
p&d andE p&
where | is the number of parameters. Time was discretised to hourly time

instances EwithE  E &E whereE is the starting indexand E is the final index.
The predicted energy demand of the greenhouse was defined as 9, where 9 is a
function of the initial time E , the time step of the simulation E the parameter
values of the model [ and the uncontrolled weather input to the model Q Each
set of sampled parameter values [ 5 and the recorded weather O was used to run
the model and predict the energy demand 9 E FEf iO E . The nominal

predicted energy demand 9 E FEf RO E was used as a base reference and
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was calculated using the nominal parameter values [ (table 2.3). Subsequently
the prediction error R " and its root mean squared error were then calculated
for each parameter sample Nwhere

R IREERT M E 9ERT O E (3:6)
9 EREfRO E and
R PIRER O (3.7)

For each parameter subset T, [ g is the set of samples for all the parameters in the
subset and the corresponding set of root mean squared error (Rs"" ) are then
used to perform an analysis of the prediction variance.

3.2.4. Analysis of prediction variance

The analysis of variance within this study was performed using a Polynomial
Chaos Expansion based sensitivity analysis and a coefficient of variation-based
uncertainty analysis which are detailed below.

3.2.4.1. Polynomial Chaos Expansion based global
sensitivity analysis

Due to the large number of greenhouse model parameters, a sampling-based
approach to a global sensitivity analysis would require a large number of samples
to accurately assess the prediction variation resulting from all possible
combinations of parameter values. For example, an uniform discretisation of a
parameter space of N points per parameter would need. samples, with O being
the number of parameters. Given this, if hypothetically . p Tand O p Tthe
number of samples required is p Tt. This requirement means that a sampling-
based approach is computationally intensive and ultimately computational
intractable.

To avoids these issues and conduct a sensitivity analysis on the large number of
model parameters, a polynomial chaos expansion (PCE) based sensitivity
analysis was conducted. A PCE is a form of meta-model and allows for greater
computational efficiency when compared to a conventional sampling-based
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analysis. This is as parameter samples are used to calibrate the meta-model and
the Sobol sensitivity indices can be calculated analytically from the coefficients
of the meta-model (Sudret, 2008).

For the algorithm described in section 3.2.3, the variance in the energy demand
prediction error was decomposed and attributed to the respective input
parameters used in each parameter subset. Sobol 1st,2rd and total order indices
(Archer et al, 1997; Sobol, 1993) were used as the metric of variance in the
variance decomposition.

The PCE used in this study for each subset T was in the form of a deterministic
model - and can be described as a polynomial. This model was calibrated using
Rah
described the relationship between a set of model parameters |

h and the corresponding parameters samples [ . Accordingly this model

[ p 8 1 , and the approximated energy demand error R"  such
that

RN -] (3.8)

This PCE is formed of a series of multivariate polynomials (W) and coefficients
(A whose basis functions are based on Hermite polynomials. Each univariate
component of the PCE is considered to be orthogonal each other. The PCE terms
are described using the index E where O ph88H , and are used to group
terms that represent every possible combination of parameters. The PCE can
subsequently be described as a series of summations that collect the terms
relating to the impact and interactions of model parameters [ . These summation
terms describe the collection of PCE terms relating to the impacts of groups of
parameters of different sizes such that,

) i (3.9)
-7 A Au |
Ay [ i E
Ay | el E
E N8R
BN hig Au‘IJ‘F&}i
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Here | ¥ = isal -dimensional index representing the entire parameter
space. The terms of the PCE are collected into groups using a subset N which
denoted a subset of terms related to parameters which are defined in its
subscript EThis series of summations collect terms that relate to the mean (A )
and the impact of groups of parameters, where the second term denotes the first
order impact of parameters (E). The third term relates to the second order
impact of any pair of parameters whose index is described using E and E. The
fourth term relates to the higher order impact of any number of parameters
(ER8 FE) and the fifth term is the total order impact of all the parameters where
the index is from 1 to |

The polynomials used in this PCE were constructed using Hermite polynomials,
whose coefficients (A were calculated with the sparse-favouring least-square
minimization least angle regression (LARS) method (Efron et al., 2004). Using
LARS was shown to be advantageous as it greatly improved overall
computational efficiency by using an iterative method to only identify the PCE
coefficients relating to the impactful parameters (Blatman & Sudret, 2011).

The method used in this study also included a degree-adaptive calculation of the
order of the polynomials as part of the meta-model calibration process. The
degree range is set from 1 to 10 degrees. This method iteratively increased the
degree of the PCE polynomials, assessed the a-posteriori cross-validation error
using a leave-one-out error metric and selecting the degree of polynomial that
has the lowest error. This study used a proposal range of one to ten degrees
within which the optimal polynomial degree was found.

The Sobol sensitivity indices were derived from the coefficients of the meta-
model (A ) as described in (Sudret, 2008). The first order Sobol indices 3 for
each parameter were defined as the fraction of prediction variance that can be
attributed exclusively to a single parameter (f over the total variance in the
PCE. The total variance of the PCE prediction was calculated as

(3.10)

6 A0 6A0 Auw A%y [ 8

Subsequently the first order sensitivity (3 ) for each parameter was calculated
as
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6 A0 B. A%uw J " (3.11)
6 A0 6 A0
I g m OEN]

3)

In which the numerator of the first order Sobol indices was defined as the square

sum of a subset (! ) of the non-zero terms which include coefficients A and

bases (W ) relating exclusively to parameter | . The total order Sobol indices
3 ) were defined as

3) 3 )i 8 (3-12)

Where the total order sensitivity indices is the sum of a subset of sensitivity
coefficients (3 ) that relate exclusively to parameter [ or having any interactions
with [ atany order of basis function in the polynomial.

3.2.4.2. Coefficients of variation

In addition to the Sobol indices, the coefficients of variation O @ were used to
compare the variability of the energy prediction uncertainty created by each
subset of parameters, where

. PR
8 CERgh shh : (3.13)

3.2.5. Combined parameter subset

Following the analysis of all four parameter subsets, the two most sensitive
parameters found in each subset were then combined into a new subset and
analysed using the steps describes in section 3.2.3.3 and 3.2.4.1. For this subset
of parameters both predicted electrical power and gas demand were considered.

3.3. Results

The algorithm proposed in this study is now demonstrated in three use cases
using a model that describes a Dutch tomato producing greenhouse. The
outcomes of the use cases below demonstrate in which areas uncertainty
reduction can be most effectively applied to ensure accurate greenhouse power
and gas demand prediction. According to the algorithm described in section
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3.2.3, initially the full set of 242 parameters in Greenlight were reduced to 36
viable parameters (table 3.1) using the pre-selection criteria. The full set of
parameter descriptions can be found in (Katzin et al., 2020) and the full pre-
selection process is detailed in the supplementary material. This document
details how the pre-section criteria was applied to the complete dataset and how
the subset of accepted parameters was reached.

Table 3.3: Pre-selection of accepted parameters

Full In active Uncertain Not Associated  Associated Accepted
set module constants climate with power with
setpoint & Lighting  heating
Count¢t¢CC¢ CCO ¢pTm 10 (1 g

The 36 parameter that were accepted in the pre-selection were then apportioned
into four subsets and assigned to two use cases relating either to power or gas
demand prediction uncertainty. The number of accepted parameters (I ) per

subset (1) and their associated use case can be seen in table 3.2.

Table 3.2: Use cases and subsets of accepted parameters

Greenhouse power demand uncertainty Greenhouse gas demand
use case uncertainty use case
Power Power demand Power Gas demand and heating
demand and and HPS lamps demand related parameters
structure related and crop
related parameters related
parameters parameters

Count p p pp T pT

The following subsections address each use case in turn focussing first on the
power demand uncertainty, then gas demand uncertainty and then the combined
gas and power demand uncertainty.

3.3.1. Computational settings

For the application of the algorithm proposed in this study the following settings
are used, £ 1,1 p T Tamd 'Q T TG



3.3.2. Greenhouse power demand uncertainty
use case

The parameters used for the greenhouse power demand uncertainty use case are
described below in table 3.3. This table details which parameter subset each
parameter is assigned to, each parameter mean, standard error (as defined in
section 3.2.3.1), range of possible values and literary reference.

Table 3.3: Definition of model parameter distributions

Power demand and greenhouse structure related parameter subset

Parameter name Distributi Mean Standard Units Mean value
P on range ‘ error reference
Ratio of global nthb L) (01) - (Vanthoor,
radiation absorbed Opm Stanghellini,
by the greenhouse etal, 2011)
construction
Piem. . va .
NIR reflection Tip ™o 1&® - (Vanthoor,
coefficient of the Opm Stanghellini,
roof P Lol - etal, 2011)
PAR reflection ntip ™™o & - (Vanthoor,
coefficient of the Opm Stanghellini,
roof P||.=q,-|lu | etal, 2011)
NIR transmission ntip ™o ™WqY - (Vanthoor,
coefficient of the Stanghellini,
roof etal, 2011)
Pi Lgartivv- I
PAR transmission ntip v ™™gy - (Vanthoor,
coefficient of the Stanghellini,
roof etal, 2011)
Pl=fartiov- I )
NIR reflection Tip WL T®pC - (Vanthoor,
coefficient of Stanghellini,
thermal screen etal, 2011)
Ps i ullluc
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PAR reflection TIp T™ULU T®pPpg - (Vanthoor,

coefficient of Stanghellini,

thermal screen etal, 2011)
Pl=boll lu )

NIR transmission TIp T T8t = (Vanthoor,

coefficient of Stanghellini,

thermal screen etal, 2011)
PJ L+ e mo )

PAR transmission TIp T T8t = (Vanthoor,

coefficient of Stanghellini,

thermal screen etal, 2011)
T T )

NIR reflection Ttp ™ ™ip X - (Vanthoor,

coefficient of the Stanghellini,

floor etal, 2011)
Pu g e - »

PAR reflection ntip U TBIC C - (Vanthoor,

coefficient of the Stanghellini,

floor etal, 2011)
Pl=full=: - »

Power demand and HPS lamps related parameter subset

Parameter name Distributi  Mean Standard Units Mean value
P on range error reference

—h— .

Maximum nthb ppT O T 7 (Katzin et

intensity of lamps J al, 2020)
Pa Lok o

Fraction of lamp ntip T Y TWip¢g - (J. A. Nelson

input converted to & Bugbee,

PAR 2014)
Pl= >0 )

Fraction of lamp Tt T™® ¢ X& - (J. Nelson &

input converted to Opm Bugbee,

NIR 2015)

PiLg s felto -
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Transmissivity of TIp oY T™roo - (de Zwart et
lamp layer to PAR al, 2017)
Pl =>4 40 am )
Reflectivity of TIp T ™ - (de Zwart et
lamp layer to PAR al, 2017)
Pl-pullto- )
Transmissivity of TIp oY T™roao - (de Zwart et
lamp layer to NIR al, 2017)
Py EHa > 0
Reflectivity of Ttip s ™® - (Katzin et
lamp layer to NIR al, 2020)
P ip w40 -
Lamp area nthb T8¢ o I O (deZwartet
PLp it 0w Jpm 1 Al tal,2017)
I
Al
Emissivity of Ttip ™ o - (Katzin et
topside of lamp Opm al,, 2020)
P. O e et O e
Emissivity of TIp TI80 81 0 - (Katzin et
bottom side of al, 2020)
lamp
P. O fbe ek O
Joules to htb L)) ™ ¢ tlI 1 D (J.Nelson &
micromole 0! 2 Bugbee,
conversion of PAR * 2015)
output of lamp
Pl=g- in 4 i
Power demand and crop related parameter subset
Parameter name Distributi  Mean Standard Units Mean value
P on range error reference
—h— .
PAR extinction Ttip X ™o - (Vanthoor,
coefficient of the Stanghellini,
canopy Pjp_gi.. etal, 2011)
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PAR extinction TIp X t¢g o - (Vanthoor,
coefficient of the Stanghellini,
canopy for light etal, 2011)
reflected from the

floor Pj_jgu- - »

NIR extinction Tiip TR X TWInmwp - (Vanthoor,
coefficient of the Stanghellini,
canopy Py LgL.. etal, 2011)
Maximum capacity = Tthb qm pxTm = (Vanthoor,
of the crop buffer Opm Stanghellini,
Pﬂ'°l+" etal, 2011)

In accordance with the algorithm set out in section 3.2.3 each subset of
parameters had 1000 samples drawn. These sampled parameter values of each
subset were used to predict the greenhouse power demand for the purpose of an
uncertainty analysis. The results from each subset of parameters are described
below.

3.3.2.1. Results for the power demand uncertainty
analysis use case using the greenhouse structure related
parameter subset

To assess the sensitivity of the predicted greenhouse power demand a PCE based
sensitivity analysis was performed using the model parameter sample from the
greenhouse structure related parameter subset and the corresponding
greenhouse power demand prediction error. The predicted power demand error
was found to have a CV of 5.1%. The corresponding first order and total
sensitivity indices are presented in Fig. 3.2.
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Fig. 3.2 - First and total order sensitivity indices from the power demand
uncertainty analysis use case using the greenhouse structure related
parameter subset.

Fig. 3.2 shows that for the structure related parameter subset all parameters do
impact the variation in the prediction via the total order indices. However, none
of the included parameters are found to have a first order effect, meaning no
single parameter was found to be individually responsible for variation the
predictions. Instead this PCE analysis predicts that the variation in the
predictions are only attributed to larger groups of parameters via higher order
interactions of second to sixth order which implies errors amplify as they interact
dynamically. The indices for these higher order effects can be seen in table 3.4.
This insight along with the low coefficient of variation indicate that while these
parameters do produce a small amount of prediction variation no one
parameters is notably impactful.

The two parameters with the greatest total order indices (Fig. 3.2) are

— A K and— § j .Themostsensitive parameter — 5 is used
to calculate how much radiation is reflected from the floor. Subsequently the
amount of radiative energy absorbed by the floor was calculated and then how
the floor temperature changes. This change in floor and crop canopy temperature
influences the air temperature via latent heat exchange. The air temperature is
used to control the lamps, which in turn affects the power demand of the
greenhouse. The second most sensitive parameter — |  is the reflection
coefficient of the glass. — { determines how much radiation is being

reflected and transmitted through the glass, cover and blackout screen. Then
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— R influences how much radiation reaches the thermal screen, top
compartment, pipes and floor. As such these states describe how much heat from
the sun is transferred to the aforementioned components and then to the indoor
air. The air temperature is then used to control the lamps and therefore
influences the power demand.

The analysis of this subset reveals that parametric uncertainty propagates into
the indoor air temperature state through the absorption and transmission of
radiative heat by the structure. The indoor temperature then influences the
temperature-based lamp lighting rule set, which in turn affects the power
demand. Overall, it can be concluded that uncertainty in the parameters related
to the structure has a small net impact on prediction uncertainty. However, the
design of the controller, particularly the air temperature-based rule, allows the
propagation of uncertainty into greenhouse power demand prediction.

Table 3.4: Higher order sensitivity indices from the power demand

uncertainty analysis use case using the greenhouse structure related
parameter subset

Parameter names P Second order indices
Pl=$ull- - = ull ln® T ¢
Piipullla = ull=-- > Py

Third order indices

Pl 9 tp gl la= | =5 wll lm e
P biertiove Pl=heartidmc Gl
P Lt

Fourth order indices

Pl SR —pull- - T Hull luC VA
ZP1 g lffn- - >

Fifth order indices
Pl=pull: - Fh=pulls- Bl=darthr- | T
PI L i mo
Pyt fin- - »

Sixth order indices

Piime . F=pull: - Fl=frthr-0 &P
Ph=pull InT2 oot g P L gllln - -

77



3.3.2.2. Results for the power demand uncertainty
analysis use case using the HPS lamps related parameter
subset

Performing the analysis using the HPS lamps related parameter subset and the
corresponding predicted power demand produced a PCE, the power demand
predictions used to calculate this PCE had a CV of 24%. The resulting first and
total order sensitivities can be seen in Fig. 3.3.
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Fig. 3.3 - First and total order sensitivity indices from the power demand
uncertainty analysis use case using the HPS lamps related parameter
subset on a logarithmic scale.

For the HPS lamps related parameter subset the parameter relating to the
maximum intensity of the HPS lamps (— ) was by far the most impactful
on power demand prediction uncertainty, accounting for nearly all of the
variation in the predicted power demand. This result is understandable as the
power demand of the greenhouse is almost entirely from operating the lamps,
and by changing their power rating the total demand changes. In addition, the
power rating of the lamps influences the amount of heat energy the lamps
transfer into the greenhouse. As such — also influences the air
temperature and consequently the control dynamics. The parameter with the
second largest impact was — | 8This parameter is related to what
fraction of the radiation from the lamps is emitted above the lamps. This
radiation interacts with the greenhouse screen, cover and is transmitted into the
sky, in doing so influencing lamp, screen and indoor air temperature. A change in
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air temperature influences the temperature-based rules controlling the lamps
and subsequently the power demand.

While other parameters are found to have some impact, these impacts are small
in comparison to the role of — . The PCE did predict a number of second
order effects in which a pair of parameters was found to have a role in creating

prediction uncertainty. The 5 largest second order indices can be seen in table
3.5.

Table 3.5: Second order sensitivity indices from the

power demand uncertainty analysis use case using the
HPS lamps related parameter subset
Parameter names P Second order indices

Pu L ik « P 0 w0 @Ppm
P e ik 0 g 0 e e oyPp
Pl = il 0 Lm0 i ek 0 @Ppm
Pl=fartimy0d Lhrtayom CEP T
Pl—bulitoPao et CBPT

The second order sensitivities shown in table 3.5 are all of small orders of
magnitude when compared to the other sensitivity indices that range between 0
and 1, the largest of which is the combined influence of the — and the
emissivity of the top of thelamp — 7 { . This combined effect is logical as
the maximum intensity of the lamp influences the amount of radiation that can
be transmitted upwards. These combined effects influence the air temperature
and as previously described propagate into the control dynamics and the power
demand. The remaining second order sensitivity indices reflect the combine
impacts of the upper — { and lower —  j emissivity of the
lamps and how the lamp radiation is transmitted and reflected from the cover.

3.3.2.3. Results for the power demand uncertainty
analysis use case using the crop related parameter subset

The third parameter subset in the power demand use case was related to the
parameters used in the crop model. The power demand predictions used for this

PCE had a CV of 5.1%. The first and total order sensitivity indices for this subset
are displayed below in Fig. 3.4.
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Fig. 3.4 - First and total order sensitivity indices from the power demand
uncertainty analysis use case using the crop related parameter subset.

The analysis performed on the crop related parameter subset show that
parameters in the crop model do influence the predicted power demand
uncertainty and that the magnitude of this influence is comparatively small given
the low value of the coefficient of variance. This outcome highlights the impact of
the parameters relating to the PAR extinction coefficient of the crop’s canopy
from above (— 7 )and below (— § ). The parameter —  is used to
calculate how much downwards lamp radiation is absorbed by the crop canopy.
This is then used to calculate the amount of heat that the incoming radiation
contributes to the air temperature through the canopy temperature, which as in
the previous cases influences the control of the lamps. The parameter —

is used to calculate how much lamp radiation is absorbed by the crop that is
reflected from the floor and how this affects the temperature of the air. The
analysis also provided two second order indices that are displayed below in table
3.6.

Table 3.6: Second order sensitivity indices from the

power demand uncertainty analysis use case using the
crop related parameter subset

Parameter names P Second order indices
Ph=f+-P|-lu- - » mEr
Pl 4Py bt =S @
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The second order indices in table 3.6 show that the largest second order
interaction that the PCE defined was between — ; and— § . Thesetwo
parameters having a combined effect is logical as both influence the absorption
of radiation by the crop canopy from above and below. The next second order
sensitivity indices highlights the combined impact of the lamp PAR and NIR
radiation that is absorbed by the crop canopy. These parameters both influence
the amount of heat the lamps transmit to the indoor air and thereby influence
the control of the lamps.

The parameter — ;  was found to have a nonzero total order indices, this
impact was caused by a small magnitude higher order interaction in which the
parameter — |  was included. In Fig. 3.4 the total order indices are much
greater than the first order indices. This is as the total order indices are a
combination of the first and second order indices and as the second order effects
are large the total order effects are far greater than the first order effects.

3.3.3. Greenhouse gas demand uncertainty use
case

The second use case in this study focusses on the prediction uncertainty in the
prediction of gas demand arising from variations in parameters related to the
heating system. The parameters that were selected as part of the pre-selection
process are detailed in table 3.7.

Table 3.7: Definition of model parameter distributions for the gas

demand and heating related parameter subset
Parameter name P  Distribution Mean Standard Units Mean

range ‘ error value
—h— ., reference
Ventilation Tt T UL TBICUT - (Vanthoor,
discharge coefficient Stanghelli
P% ol 1 ni, et al,,
2011)
Greenhouse leakage  Ttip pat o - (Vanthoor,
coefficient Pn Dpm Stanghelli
PhimtEtlm ni, etal,
2011)
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Specific heat mhb ™t quy *3F & (Vanthoor,

capacity of roof D ZE C  Stanghelli
layer P% HE ni, et al,,
2011)
Thermal screen flux Tt Tgtuv P i O (Vanthoor,
coefficient Pgy 44, Dn Ppmn i O Stanghelli
+ 9 ni, et al,,
o) 2011)
FIR emission ntip Y ™Wcw - (Vanthoor,
coefficient of the Stanghelli
heating pipes ni, etal,,
PV | ) 2011)
Capacity of the mhb ¢® X8tp 1 7 (Vermeule
heating system D n, 2016)
Pef- zim
Heat capacity of TthHb pmMTT 0D *Or (Kusuma
lamp Pui 1o 0 etal,
I 2020)
Heat exchange Tt T8t w 081 7 O (Kusuma
coefficient of lamp P i O etal,
Phimt o—1» F2020)

These parameters were sampled and used to calculate the gas demand. These
samples and predictions were then used to calculate a PCE. The gas demand
prediction errors were found to have a CV of 12%. The first and total order
sensitivity indices that were calculated from the PCE are displayed in Fig. 3.5.
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Fig. 3.5 - First and total order sensitivity indices from the gas demand
uncertainty analysis use case using the gas demand and heating related
parameter subset.

The sensitivities displayed in Fig. 3.5 show that the gas demand prediction is
sensitive to variations in the FIR emission coefficient of the heating pipes
(— ), the capacity of heating system (— ) and heat exchange coefficient
of lamp and the air (— ). The parameters — and —  arerelated
to the amount and efficiency of heat transferred from the boiler to the air
temperature. By influencing the air temperature these parameters interact with
the control dynamics as defined by the rules that control the boiler that are based
on the air temperature. The same relationship is true for — where the
heat from the lamps influences the air temperature. The second order sensitivity
indices found as part of the sensitivity analysis are displayed in table 3.8.

Table 3.8: Second order sensitivity indices from the gas

demand and heating related parameter subset

Parameter names P Second order indices
Pamv| By mf o> T@U

Pamv | B D

Pl Ry mid $0 =i > T8I p U

The second order sensitivities are displayed in Fig. 3.5. The combined effect of
— and — were found to have the greatest combined impact.
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These two parameters influence the temperature within the greenhouse by
influencing the amount of heat energy that is transmitted into the greenhouse air
from the lamps and hot water pipes.

3.3.4. Greenhouse combined gas and power
demand uncertainty use case

The two most sensitive parameters from each of the previous two use cases were
then taken and combined in an analysis of both gas and power demand
prediction uncertainty, the selected parameters are described below in table 3.9.

Table 3.9: Definition of model parameter distributions

Combined gas and power demand parameter subset

Parameter name Distribution Mean Standard Units Reference
P range —h— ‘ error
FIR emission ) Y T™I¢w - (Vanthoor,
coefficient of the Stanghelli
heating pipes ni, et al.,
PV 2011)
Heat exchange Ttp T8t W 081 @ O (Kusuma
coefficient of lamp Jpm a O etal,
Phrmid to0==i» 0 2020)
PAR extinction Ttp X ™i¢ o - (Vanthoor,
coefficient of the Stanghelli
canopy F’|+ =4 ni, et al,,
2011)
PAR extinction ntip T igo - (Vanthoor,
coefficient of the Stanghelli
canopy for light ni, et al.,
reflected from the 2011)
floor Pj_jgu-- »
Maximum mthb ppT O¥ ) (Katzin et
intensity of lamps 18 al,, 2020)
Pu Lk o
Emissivity of mip ™ o - (Katzin et
topside of lamp Opm al,, 2020)
P- O P i e
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PAR transmission Ttp o ™™gy - (Vanthoor,

coefficient of the Stanghelli
roof ni, et al,,
Pl=far+iv v 2011)
PAR reflection ) T™U T™I¢g - (Vanthoor,
coefficient of the Stanghelli
floor ni, et al,,
Pl—pull=- - > 2011)

The parameters described in the table above were sampled and used to calculate
the power and gas demand. A PCE was subsequently fitted for the gas and power
demand separately. In the case of the gas demand PCE which had a maximum
polynomial degree of 5 and a final LOO error estimate of T& Jp 1 . The gas
demand prediction errors were found to have a CV of 18%. The PCE generated
using power demand predictions For the PCE made using the greenhouse power
demand predictions which had a maximum polynomial degree of 9 and a final
LOO error estimate of ¢80 Tt . The gas demand prediction errors were found
to have a CV of 18% and the power demand prediction errors had a CV of 24%.
The first and total order sensitivity indices that were calculated from the gas and
power PCE are displayed in Fig. 3.6.

10° T T T T T
I Total order indices - Power
[ First arder indices - Power
I Total arder indices - Gas
[_JFirst order indices - Gas

107 | E
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b

Fig. 3.6 - First and total order sensitivity indices using the gas demand and
heating related parameter subset. This figure is presented with a
logarithmic scale.
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Fig. 3.6 shows us that the PCE for the power demand attributes almost all of the
prediction variation to the uncertainty introduced via the parameter for the
lamps powerrating—  .This corroborates the importanceof — |  that
was highlighted in the sensitivity indices and large coefficient of variance found
in the lamp parameter subset (section 3.1.2) and in the local sensitivity analysis
in appendix B. For the gas demand PCE, the parameter — |  also had the
greatest impact. This high sensitivity highlights the influence of the lamps power
rating on the amount of heat that is transmitted to the air from the lamps. Which
in turn influences the control of the boiler through the control dynamics and
rules that references the air temperature. The second most sensitive parameter
was— i ,this parameter itis used to calculate the amount of heat from
the sun that is transmitted through the greenhouse glass and into the indoor air,
which also affects the control of the boiler and CHP. A number of second order
sensitivity indices were found for the PCE based on the gas demand which are
displayed in table 3.10.

Table 3.10: Second order sensitivity indices from the

combined parameter subset on the uncertainty in gas

demand
Parameter names P Second order indices
EANHHT  EAR EA T H oxX P 1
EARHHT  EAK T HERCT T PP T
[ HIRIHE  "EAE " HTTIT H PP P
EARH TE TEAR B T H PP Pp 1

In the case of the greenhouse gas demand the PCE does identify a number of
second order interactions and these interactions are comparatively small in
magnitude. The largest of these combined effects identifies a combined impact
fromvariationin] 5 5 and[ { .Bothofthese parametersinfluence the
temperature within the greenhouse as they are used to calculate how much
radiative heat enters the greenhouse respectively and is absorbed by the crop
canopy. As such this combined sensitivity indices highlights the impact of the
heat transferred from the ambient radiation to the air via the crop canopy.

In the case of power demand the PCE found no second order interactions but did
find very small interactions at higher orders fourth and fifth order. This means
that the PCE could not attribute variation in the prediction to any group of 2 or 3
parameters and that there is a high degree of interaction amongst larger groups
of parameters that accounts for a small fraction of prediction variation. To
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corroborate the power demand uncertainty results a local one-by-one sensitivity
analysis of Greenlight was performed and can be seen in appendix B.

3.4. Discussion

This study proposed and demonstrated an algorithm to analyse the greenhouse
energy prediction uncertainty arising from the combined and individual impact
of errors in the model parameters using a global sensitivity analysis.

The analysis performed on the subset of parameters related to the greenhouse
structure concluded that the most impactful parameters on power demand
prediction were total order effects related to the amount of radiation that is
reflected from the floor and transmitted through the greenhouse glass. This
result was corroborated by (Vanthoor, van Henten, et al., 2011), which also found
that the transmissive properties of the glass to incoming PAR and NIR had the
greatest impact on greenhouse energy demand. This study makes a clear
departure from previous research by concluding that for the greenhouse
structure subset of parameters, no first order effect were found and instead
groups of parameters were responsible for the variation in the prediction. This
collective impact stems from the compounding of uncertainties as multiple
equations with uncertain parameters feed into each other and feedback
propagation where parameters influence states in the model that are self-
referential and iteratively create ever greater uncertainty. This insight offers a
crucial new perspective from conventional wisdom in the field that has
considered the impact of pairs of parameters to be sufficient. This study
demonstrates that the impact of higher order interactions and groups of
parameters is a central tool to understanding the causes of prediction
uncertainty. Furthermore, this implies that the tuning of any single or pair or
parameters will not necessarily reduce prediction uncertainty due to the high
levels of interaction. As such this study highlights the opportunity and a method
to consider higher order interactions in greenhouse parametric uncertainty
analyses.

This study also examined the influence of crop parameters on greenhouse power
demand prediction. The results from this subset highlighted the parameters
relating to the amount of radiation absorbed from below and above the canopy
to be the most influential factors on power demand prediction. This finding is
corroborated by (Schrevens et al., 2008), who found that parameters related to
the light use efficiency of the crop also have the greatest impact on energy
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demand prediction. While this study and Schrevens consider different
greenhouses using different energy systems. Schrevens concluded that the
magnitude of power prediction uncertainty from crop parameters was 5.8% and
is comparable to the 5.1% prediction uncertainty described in section 3.2.3. It
should also be noted that while these studies provide some comparable insights
to literature the degree to which any set of parameters influences the energy
demand of the greenhouse is dependent on the design of the rule set used to
control the greenhouse.

The analysis of the subset related to lamp parameters found that 99% of the
variation in greenhouse power demand prediction uncertainty could be
attributed to a first order effect from the HPS lamp light intensity parameter
u i ). This result is understandable as the power demand of the
greenhouse is almost entirely from operating the lamps and by changing their
power rating the total demand changes. It should also be noted that [ r also
influences the air temperature through radiative heat exchange, which in turn
influences the temperature-based rules that control the lamps themselves. In
doing so [ i has multiple routes of propagation throughout the model and
influences a feedback loop between the air temperature and the lamp rules. The
consistency of this result was corroborated by previous unpublished research
done using the KASPRO model (de Zwart, 1996; Dieleman et al., 2005) and using
a local one-by-one sensitivity analysis of Greenlight in appendix B. While we
assume sufficiency for the other methods this does present an interesting avenue
for future research whereby multiple methods are applied to the same sets of
parameters proposed in this study. While this study did highlight the impact of
lamp light intensity, other parameters were also found to be impactful through
second order interactions as shown in table 3.4. However, these effects were
minor, meaning that no large improvement in prediction uncertainty could be
made by tuning any one of the pairs highlighted in the second order indices.

A further subset of parameters was proposed to investigate the prediction
uncertainty in gas demand. The analysis of this subset of parameters found that
the parameters relating to the capacity of the boiler and the lamps to deliver heat
to the greenhouse is key. Furthermore, this analysis found that the
parametrisation of the greenhouse structure or air leakage was comparably
unimportant for gas demand prediction.

The analysis of the combined subset found that the maximum intensity of the
lamps ([ r ) was the most sensitive parameter for power and gas demand
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prediction accounting for 99 and 90% respectively. In the case of power demand
this result was already indicated by the high sensitivity of | i and high
coefficient of variation for the lamp parameter subset. For the gas demand
prediction uncertainty, the CV for the combined parameter subset (18%) is
higher than the initial heating parameter set (12%). This indicates that
parameters that were added from the sets related to power demand had some
impact of gas demand prediction uncertainty. Specifically, [ n  was found to
be the most sensitive in the augmented set. The overall importance of [ A
stems directly from the air temperature-based control rules that operate the
boiler and the lamps. This highlights the importance of the augmented subset
and the need for a carefully designed selection criteria so that impactful
parameters like [ r  are not overlooked.

The demonstration of the algorithm proposed in this study found that for power
demand prediction uncertainty variation in crop and structurally related
parameter caused a coefficient of variation of 5.1% and 5.2% respectively.
Variation in the subset of parameters related to the HPS lamp lighting resulted in
a coefficient of variation of 24% for power demand prediction. This outcome
shows that for the purposes of reducing power demand prediction uncertainty
the accurate parametrisation of the lamp lighting system are more impactful than
the greenhouse structure or crop.

A key conclusion that can be drawn from this study is that the greenhouse air
temperature is a major contributor to uncertainty propagation in both gas and
power prediction uncertainty. This route for uncertainty propagation is
facilitated by the way the greenhouse controller is designed. Accordingly, an
effective way to combat prediction uncertainty of greenhouse power and gas
demand is to focus first on the attributes used in the rules that control the
greenhouse lighting before addressing the accuracy of the internal light physics
of the greenhouse. In a similar way van Henten (2003) concluded that the
economic optimisation of the greenhouse’s operation were not sensitive to the
internal climate dynamics of the greenhouse. The reason the parameterisation of
the greenhouse’s light physics do not have an effect on the control rules that
respond to light levels is that the rules used to control the lighting in (Katzin et
al,, 2020) do not consider the internal light physics of the greenhouse but instead
respond to the ambient outdoor radiation.

Despite the benefits of the proposed algorithms, there is potential for
improvement. For example, due to a lack of available information this study
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assumed that all of the model parameters have standard error that are defined
according to Eq. 3.4. It may be that for some of the parameters the standard error
may differ from this assumed value and may be known very precisely. Despite
this limitation, the algorithm proposed in this study offer insight as to what
processes in the model are vulnerable to uncertainty.

A potential limitations of this study’s algorithms is that a PCE is a form of
regression and as such has an associated error, this may marginally alter the
sensitivities but not the algorithms main conclusions. While this study has
addressed the impact of this error on the insight the algorithm produces using a
validatory local sensitivity analysis (Appendix. B). Future research may assess
the impact of this PCE error via an analysis where an increasing sample size is
used to assess the development of PCE error. Furthermore, there is an
opportunity to conduct conventional sample based Sobol sensitivity indices for
higher orders of interaction to validate the higher order insights gained from this
study. It should also be noted that for all of the analyses described in this study a
number of factors with low total order sensitivities are given a value of zero for
their first order sensitivity indices. This is an outcome of using the LARS
algorithm (described in section 3.2.4.1) whose sparce-favouring method sets low
correlation coefficients from the meta-model to zero to reduce the required
computation.

A further limitation of this study is that the use of subsets to further subdivide
the parameter population does preclude the analysis of the effect of interactions
between all of the parameters within different subsets. Interactions within the
subsets are included in the augmented subset but only for the parameters that
were initially found to be most sensitive. This design decision in the proposed
algorithm does effectively focus the analysis on the most important factors but
may also remove interactions between the subsets from parameters that initially
were not found to be sensitive. This does open the opportunity of further analysis
where all of the preselected parameters might be repeatedly shuffled into new
subset to explore the impact of all the possible combinations.

While previous studies have analysed the effect of parameter uncertainty in
greenhouse (Cooman & Schrevens, 2006; Lopez-Cruz et al.,, 2013; Schrevens et
al, 2008) this study progresses the field by proposing an algorithm that
systematically considers all of the model parameters and ultimately selects and
analyses the impact of the relevant parameters. Moreover, unlike previous
studies (Cooman & Schrevens, 2004; Vanthoor, van Henten, et al., 2011) this
study introduced the use of polynomial chaos expansions for uncertainty and
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sensitivity analyses in the field of greenhouse horticultural research. In doing so
this study was able to attribute prediction uncertainty to individual and grouped
uncertainty sources, ranging in size from 1 to 10 members, allowing for a more
detailed and targeted analysis of larger groups of parameters.

This study introduces a new form of promising uncertainty analysis in the form
of polynomial chaos expansions, and while it contains a number of outstanding
challenges it also opens avenues for furthering the use of uncertainty analysis in
the field of greenhouse horticultural research. Future research in this field might
consider if the design of the greenhouse controller influences the sensitivity of
the model parameters. This could be done by performing a PCE analysis on a
greenhouse that is controlled by an optimal controller and rule-based controller.

3.5. Conclusion

This study introduced an algorithm to investigate the role of parametric
uncertainty on the prediction uncertainty of greenhouse gas and electrical power
demand. This algorithm included an pre-screening process to reduce the number
of relevant parameters considered in the analysis and a Polynomial Chaos
Expansion based sensitivity analyses. The application of this algorithm
concluded that parameters related to the greenhouse lighting were the greatest
contributors to greenhouse power demand prediction uncertainty over crop and
greenhouse structure related parameters. In particular the power relating to the
power rating of the lamps was found to be the single greatest contributor to both
gas and power demand prediction uncertainty. In addition this study made the
notable finding that larger groups of model parameters were responsible for
energy demand prediction uncertainty. This novel insight highlights the need for
future research to consider the impact of higher order parameter interactions on
prediction uncertainty using the algorithm proposed in this study.
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Highlights

e Anuncertainty analysis was proposed and demonstrated that considers both
parametric and weather forecast derived energy demand prediction
uncertainty.

o  Weather forecast error has a greater contribution than the parameter error
to energy prediction error.

e This study found that reductions in weather forecast error had diminishing
returns with reductions in error in the predicted greenhouse energy demand.

Abstract

This study breaks new ground by assessing the influence of individual and
collective errors in weather forecast variables and errors in model parameters
on the prediction error of greenhouse power and gas demand. To achieve this a
sample-based and a Polynomial Chaos based sensitivity analysis using higher
order sensitivity indices is proposed. This is accompanied by a sensitivity
analysis of the impact of reducing individual weather forecast errors on
greenhouse energy demand prediction error. The findings of this study indicate
that weather forecast errors have a greater role in creating mean gas
(¢ ¥ d ) and power (¢ 77 J ) prediction uncertainty than parametric
errors (U @& andT®7 J ).Inaddition, weather forecast and parameter
errors were found to be independent factors. Reducing weather forecast error
exhibited diminishing returns with the reduction in prediction error. For
instance, a scenario where the forecast error of all variables is reduced by 80-
90% resulted in a 50% decrease in gas and electrical power prediction error. The
radiation forecast errors emerged as the primary contributor to power demand
prediction errors, exhibiting the potential to reduce the power demand
prediction error by approximately 60%. Reductions of forecast errors in wind
and outdoor air temperature were identified as the predominant contributors,
offering a respective potential for a 17% reduction in gas demand prediction
error.
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4.1. Introduction

The Dutch greenhouse horticulture sector consumes a large amount of gas and
electrical power over a growing season. This reliance on importing external
energy into the greenhouse comes at a cost to the grower, as the financial stability
of their business is linked to the prices of gas and electrical power. As such the
efficient use of imported energy is crucial to successful greenhouse operation. To
ensure efficient operation, the sector uses computerised decision support
systems to advise how the greenhouse should be operated, how much gas and
electrical power are required and when it should be bought. This is done by
predicting the future electrical power and gas demand using a mathematical
model of the greenhouse system together with forecasted weather data.

Greenhouse operational strategies that use predictions from a model-based
computer support system are however susceptible to errors. These errors can be
caused by inaccuracies in the parameter values of the model or through
disturbances in the weather forecast data. The probability distribution of
possible inaccuracies in model parameters and weather forecasts results in a
probability distribution of errors in the model prediction, which constitute
prediction uncertainty. Prediction uncertainty is undesirable as it can lead to
strategies that are resource inefficient and as such reducing inaccuracies in the
model parameter and weather forecasts is a priority.

Improvements in weather forecast and parameter accuracy would in turn create
more accurate predictions of greenhouse electrical power and gas demand,
which could lead to more efficient energy buying by the grower. On a societal
level this gained energy efficiency from greenhouse horticulture would cause a
decrease in the Dutch national electrical power and gas demand, which in turn
would result in less total electrical power generation, gas usage and a decrease
ind0 emissions.

Within the field of greenhouse horticulture the data-based uncertainty from the
weather forecasts has been included in previous studies. Sigrimis et al., (2001)
and Vogler-Finck et al, (2017) analysed how forecast error affected the
uncertainty in the predicted greenhouse heating demand. Both studies
concluded that the inclusion of weather forecasts improved greenhouse heating
performance when compared to using a rudimentary forecast. However Sigrimis
and Doeswijk et al., (2006) also concluded that the presence of weather forecast
errors increased the costs of heating a greenhouse and a storehouse by 19% and
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3.1% respectively and that this cost only worsened when using longer forecasts.
This is corroborated by Tap et al.,, (1996), who studied how the inclusion of
weather forecast error affected an optimally controlled greenhouse indoor
climate. Tap concluded that the optimality of the greenhouse’s #/ , heating
demand and financial performance dropped by 15% when a one hour lazy-man
forecast was introduced, and that the performance worsened for longer
forecasts. The aforementioned research has studied the impact of weather
forecast uncertainty on greenhouse model prediction but has focussed on the
predicted heat demand and economics. This presents an opportunity to study the
impact of weather forecast error on the predicted greenhouse electrical power
and gas demand.

Previous literature in greenhouse horticulture has considered the role of
parametric uncertainty in the creation of greenhouse energy prediction
uncertainty. (Golzar et al, 2018; Vanthoor, van Henten, et al., 2011) both
considered the influence of a limited number of climate setpoint on greenhouse
crop growth and energy demand. Golzar found potentially large energy
reductions at the expense of small reductions crop growth. Vanthoor concluded
that radiation transmission properties of the glass and the outdoor radiation
levels have the greatest impact on crop growth and energy predictions. Both of
these studies consider greenhouses with only a boiler and the overall energy
usage and do not analyse gas and power demand. An alternative that has not been
applied in the greenhouse horticultural domain is to use a meta-model based
approach for parametric sensitivity analysis. One such method called polynomial
chaos expansion (PCE) can be used to calculate sensitivity indices for the
individual and combined effect of large groups of parameters (Sudret, 2008).
These Sobol sensitivity indices are analytically calculated from the coefficients of
the meta-model (Mara & Becker, 2021). As a result this method only requires
samples for fitting the meta-model. As such PCE can be used to estimate
sensitivity indices of a greater number of parameters with far fewer parameters
samples than would be required for a traditional exhaustive sample based
sensitivity analysis (Blatman & Sudret, 2011).

While uncertainty resulting from model parameters and weather forecast data
have been considered separately there is a knowledge gap in how these factors
interact and impact prediction uncertainty in combination. This issue of
combined effect is important as it shows the comparative importance of
addressing errors within the model parameters and weather forecast data and
where the greatest reduction in prediction uncertainty might be sought.
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Outside of the field of greenhouse horticulture a number of methods have been
proposed to analyse the role of multiple sources of input uncertainty on the
prediction of a model. For example, Ramdani et al., (2006) combined data based
and parametric uncertainty by assuming that the input data error is constant and
can be treated as a parameter. This method allows the inclusion of errors with
time varying variances into simple models analytically using a Volterra series.
Additionally Ajami et al., (2007) proposes a Bayesian approach (IBUNE) that
considers parameter, input and structural uncertainty in a model simultaneously.
This is done using multiple models to perform model averaging and by defining
an input error distribution to include data-based uncertainty into the analysis.
This approach does however remove any auto or cross-correlation from the input
data limiting the approaches relations to real data dynamics. As such there is an
opportunity in the current research to analyse parameter and weather based
prediction uncertainty that retains correlative effects within the weather data.

In response to these gaps in the current research identified above we propose an
algorithm to assess the impact of parameter and input uncertainty on
greenhouse electrical power and gas demand simultaneously. These algorithms
combine a Latin hypercube sampling approach, the direct use of input data time
series, and a Polynomial chaos expansion (PCE) based sensitivity analysis. This
algorithm allows a computationally tractable analysis of variance of the impact
of errors in both individual factors and groups of parameters and weather
forecast variables using higher order sensitivity indices. This study also
highlights in which areas targeted error reductions would create reduction in
model prediction error and the possible scale of these reductions. The proposed
algorithm was applied to a model of a Dutch tomato growing greenhouse.

This study aims to make an important contribution to the field of greenhouse
horticulture by proposing a novel algorithm to investigate an underexplored
aspect of the field. The novelty of this study has two aspects. The first point of
novelty is the application of statistical uncertainty analyses that considers both
the individual and collective impact of weather forecast and parameters errors
in the domain of greenhouse horticultural research. The second point of novelty
is that this study investigates the higher order effects of time series error and
parametric error on energy demand prediction uncertainty.
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4.2. Materials and Methods

The following sections (4.2.1-4.2.2) describe the greenhouse model and the
recorded and forecast weather data used to demonstrate the algorithm in a case
study. The steps used for the algorithm described in this study is described in
section 4.2.3. It should be noted that for the remainder of this study electrical
power will be referred to as power. Furthermore, for the remainder of the study
the word energy is used to denote power and gas.

4.2.1. Greenhouse model

The greenhouse climate, tomato crop and energy model used was Greenlight
(Katzin et al., 2020), which is a calibrated, open source model. Greenlight is a
dynamic differential equation-based model which emulates a tomato growing
Venlo type greenhouse. The model receives input from weather data of the
outside temperature, wind speed, radiation, vapour density and #/
concentration. The model predicts the greenhouse indoor climate states, which
are the indoor air temperature, vapour concentration, ambient radiation and 6 0
concentration. In addition, Greenlight predicts the power and gas demand of the
greenhouse and the growth of the tomato crop within the greenhouse. The
greenhouse being simulated was parametrised for Bleiswijk in the Netherlands.
This study used a rule-based control scheme thatis based on the current industry
standard and was originally described by Vanthoor, Stanghellini, et al., (2011).

4.2.2. Weather data

The recorded weather data used was taken from a weather recording station in
Bleiswijk, the Netherlands from 2018-01-01 00:00 to 2019-01-01 00:00 at 5-
minute intervals. The recorded weather data variables are the outside
temperature 3 , wind speed | O , direct solar radiation 7 | and
outside relative humidity (%).

The outdoor 6Tt concentration for both the weather forecast and recordings was
assumed to be constant at 410ppm. In addition, the cloudiness index (CI) was
fixed to the average of the period (CI = 0.7) and the sky temperature (Luo, de
Zwart, et al,, 2005) and levels of diffuse radiation (Orgill & Hollands, 1977) were
estimated using the available climate variables. Any missing entries in the
datasets were filled with the linearly interpolated values of the adjacent data
points.
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The forecasted weather variables used are the hourly outside temperature 3 ,
wind speed | 8 and directsolar radiation 7 @  these were generated for
Bleiswijk, the Netherlands 2018-01-01 00:00:00 to 2019-01-01 00:00:00. The
time step of the forecasts was regulated to 1 hour and any missing entries in the
data were filled via linear interpolation. For the purposes of the case study
demonstrating the algorithms presented in this paper in a way that is
computationally tractable this study focussed on the simulation period of 2018-
03-0100:00:00 to 2018-03-14 00:00:00, while using the full period of the dataset
for estimating weather forecast error. To allow the direct comparison of
forecasted and recorded weather the forecasts were resampled to 5-minute
timestep using a zero-order-hold method.

4.2.3. An algorithm to assess how weather
forecast and model parameter uncertainty
propagates into greenhouse power and gas
demand prediction uncertainty

To analyse the impact of weather forecast error and model parameter error on
the uncertainty of model predictions a sample-based uncertainty analysis was
done using sampled model parameter values and synthetic weather forecasts
using sampled weather forecast errors. The steps in the proposed algorithm are
shown in Fig. 4.1.
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2.3.1: Algorithm setup
— Set the maximum number of
samples (Mmax)
— Define the model parameter
distributions (6)
— Define a collection of +wo week
long forecast errors (ek)

i n=n+1l
2.3.1. Calculate synthetic weather
forecast
— Draw model parameter sample (0,,)
— Formulate a weather forecast error
()
— Cdlculate synthetic weather
forecast (ii,’;)

2.3.2. Calculate energy prediction
— Simulate greenhouse energy
demand (Y (o, 1, 6,35 () )

— Calculate energy demand error
(™)

No

ISt 3 Ny

Yes

2.33: Analysis of prediction variance
(e%R¥S, 6, p(eF), o(eF))

| end

Fig. 4.1 - The steps in the weather forecast and model parameter
uncertainty algorithm. Each block represents a step taken in the algorithm,
the corresponding section in the text and the related variable assignation
are also denoted. These steps are looped for each forecast error sample 1
until the sample size 1 |, is reached.

In addition to the algorithm shown in Fig. 4.1 further scenarios are proposed in
subsections 4.2.3.4 and 4.2.3.5 that investigate the impact of bias corrected
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forecast errors and scaled down forecast error variance. These scenarios
demonstrate the potential change in prediction uncertainty if targeted
improvements in weather forecast errors were to be made.

4.2.3.1. Algorithm setup and calculating synthetic
weather forecasts

In this study time was defined on an hourly time step which is indexed using the
variable h. To initialise the algorithm the model parameter distributions
Q‘ R, h—h—) used in this study (table 4.1) were modelled as normal
distributions that are truncated by an upper and lower limit[ and[ .

Table 4.1: Definition of model parameter distributions

Model Distribution Mean Standard Units Reference
parameter range t error A
name | i
FIR emission Tt ™Y T8I w - (Vanthoor,
coefficient of Stanghellini,
the heating etal, 2011)
pipes

“HI T VEi- 1 H
Heat exchange ntip TIw 1IN @ 8 (Kusumaet
coefficient of 0 al,, 2020)
lamp

"HE "HHE Hi 1 A
PAR extinction ~ Trp 1= ™igo - (Vanthoor,
coefficient of Stanghellini,
the canopy etal, 2011)

"EARHHT
PAR extinction  Trlp 1= ™™g o - (Vanthoor,
coefficient of Stanghellini,
the canopy for etal, 2011)
light reflected
from the floor

EARHT T F
Maximum mET £ ppm o W (Katzin et
intensity of al,, 2020)
lamps

i Hifi1Ho-
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Emissivity of Ttip ™ (01] - (Katzin et

topside of lamp Opm al, 2020)
Hi AT RECHT
PAR Tt T v g Y - (Vanthoor,
transmission Stanghellini,
coefficient of etal, 2011)
the roof
"EAR T HT TIT H
PAR reflection ) T v T8t ¢g ¢ - (Vanthoor,
coefficient of Stanghellini,
the floor etal, 2011)
EAR AR T F

The forecast error (R ) was then calculated for the entire dataset length (11 prt p
¢ T ptalrt prt g¢ Tt O and was indexed using the time index E where

RE OE OE. (4.1)

In which O is the recorded weather and O is the forecasted weather. This vector
of forecast error vector R was then apportioned into two weeklong periods R

where

R R x pE DxXE |, (4.2)
These two-week periods were then formed into a set R MR . In this case x
is the index of the two-week periods and x  p83 where X ¢ @nd
E  is the number of samples in a two-week period where E p O T Ror

each sample iteration (I a forecast error vector was randomly drawn from the
set of forecast errors and a parameter value was randomly drawn from each
parameter distribution using a Latin hypercube sampling method,

[ *x$[ andr* R forl p&d . (4.3)

For this study, the number of samples used was set to 1000 (¢ ). The drawing
of a forecast error and model parameter value was done by including the index
for the set of forecast errors as a parameter that was sampled. In doing so the
sample space used in this study is augmented to allow the drawing of parameter
values and vectors of forecast error data. For each sample 1 eq. 4.4 produces a
vector of forecast errors, whose length is that of the simulation period E . This
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sampled vector of forecast errors R was then added to the recorded weather
data O to simulate a representative synthetic weather forecast O in the
following manner

OE OE RrRES8 (4.4)
The synthetic weather forecasts O for each sample I were then collected into a
set of forecasts where O oo ad

4.2.3.2. Calculate power demand prediction error

In this study greenhouse model energy predictions are referred to as 9 in section
4.2.1, where 9 is a function of the initial time step E , time (E), model parameter
values (J ) and weather data (). For each sample T, the prediction error R and
root mean square error R R were then calculated. These were calculated by
comparing the greenhouse energy demand prediction made using the sampled
model parameters [ , sampled synthetic weather forecast data O with the
energy demand prediction made using the actual weather forecast O and the
nominal parameter values [ where,

R EFE O E 9B O E (45)
QEMHMD E ,
and )
R" [ HIO (4.6)

B R ERH KO E

The nominal parameter values were defined as the mean value of the
distributions of model parameters $ [ . This prediction error was used to
determine the comparative role of the weather forecast errors and model
parameters. To do this the sampled model parameter [ , mean and standard
deviation of the sampled forecasterror{ R and A R and the prediction error
rR"  wereusedinan analysis of prediction variance as detailed in the following

section.
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4.2.3.3. Analysis of prediction variance

The analysis of variance within this study was performed using a Polynomial
Chaos Expansion (PCE) based sensitivity analysis the details of these approaches
can be found in Blatman & Sudret, (2011) and Sudret (2008). This PCE is made
of a meta-model 0 that is regressed based on the prediction errors Rg
response to variations in the sampled model parameter [ g mean and standard
deviation of the sampled forecasterrort{ Rg andA R g .Assuchitcanbe used
to estimate the prediction error R h ,

RN - RE Hftrg MRrRg . (4.7)

A further analysis of variance was performed to examine the comparative impact
of these groups by fixing the weather and parameter error in turn. This was done
using the steps defined in section 4.2.3.1 and 4.2.3.2 and was repeated three
times. Initially the steps described are applied unaltered. Then the steps are
performed using the original weather forecast (O) in place of the synthetic
weather forecast (O ). Subsequently the steps were performed setting the
parameter values to be fixed on their nominal values. The scenarios proposed in
the following subsections investigate the prediction uncertainty reduction that
could be achieved by accounting for forecast error bias and reducing the variance
of sensitive forecast errors.

4.2.3.4. Scenario 1 - Greenhouse energy prediction
demand uncertainty given reductions in forecast error
variance

This scenario investigates the degree to which uncertainty reduction could be
achieved by accounting for forecast error variance reduction in forecast errors.
To do this a variance reduction factor 5 was defined to scale all of the forecast
variables and for forecast variables individually. By doing this the relative impact
of targeted improvement of a single forecast variable was investigated. This
factor was then used to calculate a modified forecast error such that,

R OXR. (4.8)

For this scenario | ranges from 0 to 1 increasing in increments of 0.1, meaning a
10-100% reduction in error variance. This modified set of forecast errors was
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¢

then used to calculate the modified prediction error - h

described in section 4.2.3.2.

using the steps

4.2.3.5. Scenario 2 - Greenhouse energy prediction
demand uncertainty given forecast error bias correction

To analyse the impact of forecast error biases on prediction uncertainty a bias
correction was done by adding the product of a correction factor [ and a scaling
factor r to the forecast error described in eq. 4.2 such that

R ry R. (4.9)

Where the correction factor is defined as the mean of the forecast error of each
sensitive forecast variables such that 1 t R .The scaling factor r was set to
take a ranges of values from 0 to 0.9 increasing in increments of 0.1. This
modified set of forecast errors R were then used in the steps described above in
section 4.2.3.2 to calculate the modified prediction error - AR Which was in
turn used to compare the prediction uncertainty with differing degrees of bias

correction.

4.3. Results

The algorithm and scenarios described in section 4.2.3 are applied to a case study
of a tomato producing Dutch greenhouse model, , detailed in section 4.2.1.
Section 4.3.1 shows the results of the case study that demonstrates the
comparative role of weather data error and parameter derived prediction
uncertainty. Section 4.3.2 and 4.3.3 show the results of the case study that
examines how much prediction uncertainty reduction can be achieved through
targeted improvements in weather forecast error.

4.3.1. Results from the analysis of the combined
impact of model parameter and weather

forecast uncertainty

This section details the results of a case study demonstrating the algorithm
described in section 4.2.3. The comparison of the impact of parameters and
weather forecast error on energy prediction uncertainty can be seen in Fig. 4.2.
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Weather forecast only
Weather forecast and |_|
paranmtﬂr

Parameter only
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Greenhouse gas demand prediction error ef (ll'uf’))
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Greenhouse power demand prediction error ef (Wm -2)

Fig. 4.2 - Normalised probability density function of power (bottom) and
gas (top) demand prediction uncertainty given errors introduced from
weather forecasts (blue), model parameters (cyan) and both in
combination (pink).

The prediction uncertainty - derived from weather forecasts is far greater than
that derived from model parameters. Furthermore Fig. 4.2 shows that the
weather forecast and combined prediction uncertainty distributions are similar.
This similarity implies that the weather forecasts account for most prediction
uncertainty and that there is negligible interaction between uncertainty
introduced from forecast and parameters. This is also confirmed by the
distribution properties described in table 4.2. Accordingly, parameter and
weather forecast error can be considered as independent distributions.

Table 4.2: Distribution properties of gas and power prediction

uncertainty

Weather Weather forecast Paramet

forecast only and parameter er only
Gas ‘ } C X cu U
demand X8t ogy pP
Power ‘ CT CuL ™
demand ’ pp pp o)
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4.3.1.1. Results from the PCE based sensitivity analysis

To corroborate and elaborate on the conclusions drawn from Fig. 4.1 a PCE
sensitivity analysis was done on the predicted power demand. This was done
using the sampled model parameter values and synthetic weather forecasts. The
PCE was fitted with 9 degrees of freedom and a leave-one-out error of X& Op Tt .
This PCE was then used to calculate sensitivity indices, the resulting first and
total order Sobol sensitivity indices are displayed in Fig. 4.3.
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Fig. 4.3 - The first (orange) and total (blue) order Sobol sensitivity indices
for a PCE sensitivity analysis of power demand prediction error £=given
errors in model parameters and weather forecast data.

It can be concluded from the PCE that the weather forecasts are the major
producers of prediction uncertainty for power demand prediction. This
conclusion confirms the findings displayed in Fig. 4.2. This outcome also
confirms the conclusion found in Payne et al.,, (2022) that in the case of power
demand production uncertainty, the radiation forecast is the greatest
contributor. Furthermore, the large difference between first and total order
indices indicates a large influence of higher order effects. The second order
interactions, specifically between weather forecast variables which can be seen
in table 4.3. In particular the radiation and temperature forecast have the largest
role in the second order indices again mirroring the conclusion of Payne et al,,
(2022) and the link between radiative heat from the sun and air temperature.
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Table 4.3: Second order PCE sensitivity indices

Parameter names "E Second order indices
%ﬁf] HETHTHTIZ "I-%ﬁi] HH O HTT T 5 10
gﬁn HH H1p T T ésﬁh HH H1i T 1 & T
% W HE T HT HE "lg fHE T HTHT 8D T
ésﬁﬁi TH "HHH ?;““ THE T UHTHTT T 81D T
RN UL PP P T

4.3.2. Results of forecast error reduction on
energy prediction uncertainty from scenario 1

This section describes the results of the case study demonstrating the methods
proposed in scenario 1 that is described in section 4.2.3.4. Having concluded that
the weather forecast error is the major contributor in energy prediction
uncertainty and is independent from parametric uncertainty, , the potential
reductions if errors were to be reduced was investigated. First this was done by
scaling all forecast variables simultaneously and then individually. How the
modification of all forecasts influences prediction uncertainty is shown the
figures below.
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Percentage reduction in weather forecast error ’
Fig. 4.4 - Percentage change in gas (blue) and power (orange) prediction
error (tH ! ﬁ using an 0 scaling coefficient for all weather forecast
variables..
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Fig 4.4. shows the percentage reduction in gas and power demand error given
reductions in weather forecast error. This figure shows that a reduction in the
error of all forecast variables by 80-90% would yield an approximate 50%
reduction in the prediction uncertainty of both gas and power. Furthermore, the
relationship between reduction in prediction uncertainty is approximately linear
up to a 60% reduction of weather forecast error. After which reductions in power
demand prediction uncertainty are greater than gas.

"""" Gas demand (Radiation)
— @ Gas demand (Temperature)
—®— Gas demand (Wind speed)
-------- Power demand (Radiation)
-16|"| — @ Power demand (Temperature)
- Po\rver demand (VYind speed)

Percentage change in gas demand prediction error
Percentage change in power demand prediction error

I I |
& 7 S &,
%2 0% 0% O% (#)

(o]
W&
Y

o
o\e

Percentage reduction in weather forecast error
Fig. 4.5 - Percentage change in gas (blue) and power (orange) prediction
error (t”'H ! ﬁ as a function of the variance reduction scaling coefficient »
for each weather forecast variable. The dotted lines are associated with a
reduction in radiation forecast error and the dashed lines with circular
markers are associated with a reduction in temperature forecast error.
The solid lines with the square markers are associated with a reduction in
wind speed forecast error.

Fig. 4.5 shows that in the case of power prediction uncertainty the reduction in
radiation error resulted in the greatest reduction in prediction uncertainty. This
reconfirms the conclusions drawn from Fig. 4.2 that radiation forecast is the key
contributor to power demand prediction uncertainty. Reductions in error in
temperature and wind speed forecasts do not result in lower power demand
prediction uncertainty. Gas demand prediction uncertainty is influenced by the
reduction in the errors within all forecast variables. Reductions in temperature
and radiation forecast error is accountable for the greatest degree of reduction
in prediction error, with a variance reduction of 40% in temperature and
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radiation forecasts resulting in a 9% reduction gas demand prediction
uncertainty.

4.3.3. Results of forecast error bias correction
on energy prediction uncertainty from scenario
2

The following section describes the outcome of the case study of the bias
correction scenario proposed in section 4.2.3.5.

""""" Gas demand (Radiation)

— ® — Gas demand (Temperature)
—#— Gas demand (Wind speed)
""""" Power demand (Radiation)

— @ —Power demand (Temperature)
—#— Power demand (Wind speed)

Percentage reduction in power demand prediction error

Il
& )
2 s % % 2

B %
Percentage reduction in weather forecast error

Fig. 4.6 - Percentage change in gas (blue) and power (orange) prediction
error (EH ! ﬁ as a function of forecast bias reduction factor 7 or each
weather forecast variable individually. The dotted lines are associated
with a reduction in radiation forecast error and the dashed lines with

circular markers are associated with a reduction in temperature forecast

error. The solid lines with the square markers are associated with a

reduction in wind speed forecast error.

The bias correction of individual forecast variables shown in Fig. 4.6 shows that
in the case of power demand prediction uncertainty bias correction has a small
effect on the reduction of prediction uncertainty and no effect that clearly
increases with an increased bias correction. In the case of gas demand an
improvement of 1-2% can be made by correcting for bias in temperature and
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radiation forecast errors. It is key to note that corrections for bias in wind speed
forecast errors increase prediction uncertainty.

4.4. Discussion

This study found that the error introduced from the weather forecasts created
far greatergas ¢ @ 7 J and power ¢t 7 J demand mean prediction
error than that created by parametric error. Parametric error resulted in mean
prediction error in gas demand of & 7 J  and power demand of T&7 J
This outcome confirms the emphasis put on mitigating weather forecast error by
previous studies (Doeswijk, 2007; Kuijpers et al., 2022) This study also breaks
new ground by proposing a novel algorithm that compares the impact of weather
forecast and parametric error and their potential interactions. This study aimed
to analyse the combined errors from weather forecasts and model parameters
using a higher order indices that are computationally efficient to calculate. As
such the algorithm detailed in this study is perfectly suited for this purpose. This
is as the use of a PCE based analysis allows the uncertainty in the model
predictions to be efficiently attributed to individual and groups of parameters via
the PCE’s higher order terms (Sudret, 2008). Using this approach this study was
able to conclude in Fig. 4.3 that higher order interactions between factors has a
greater impact than the first order effects. Furthermore this study concluded in
Fig. 4.2 that weather forecast error has a greater impact than parametric error.
These conclusions challenge the precedent of sensitivity analyses that only
consider first order effects and the analysis of only model parameter error in
attributing energy prediction uncertainty in a greenhouse model. This algorithm
also highlights where the easiest reductions in prediction uncertainty could be
made. This was done by investigating the degree of difficult posed by reducing
the amount of prediction uncertainty as a result of reducing weather data and
parameters errors.

In applying this algorithm this study also found that there was a very small
differenceof p7 J  in the mean prediction uncertainty created from weather
forecast error and the combined effect of weather forecast and parametric error.
This outcome implies little interaction between parametric and weather-based
errors. As such these sources of uncertainty can be considered as independent
source of uncertainty in future research.

The outcomes of this case study concluded that for the first order sensitivity
indices of the power demand prediction uncertainty (Fig. 4.3) the mean error of
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the radiation forecast is the only individual contributor. This is a result of
uncertainty introduced in the radiation forecast propagating into the lamp
lighting control rules that are related to the outside radiation level. This outcome
supports the importance of radiation related processes in energy demand
prediction that were also found in Bontsema et al,, (2011) and Payne et al.,
(2022). Specifically Bontsema et al.,, (2011) concluded that sensor accuracy was
key to energy prediction accuracy and Payne et al, (2022) found radiation
forecast error to be the greatest contributor to power demand prediction
uncertainty.

Table 4.4 shows the second order interaction found as part of the PCE analysis,
where uncertainty in the temperature and radiation forecast propagates in
combination into power demand prediction uncertainty. These forecast variables
act both on the temperature state, and as a result influence the controls of the
lamps in combination through the rule set used in the greenhouse controller. This
outcome invites a change in perspective that design of the climate controller is
crucial in the mitigation of prediction uncertainty. Despite previous research not
focussing on predicted power demand, the outcomes of this example reassert the
conclusion of previous studies in that the introduction of weather forecast errors
do impact model accuracy (Sigrimis et al., 2001) and greenhouse performance
(Tap et al,, 1996).

This study performed a global variance reduction analysis and found that as the
variance in weather forecast error decreased, prediction uncertainty reduction
is initially linear up a 80% error reduction and that over 80-90% error reduction
is required to see improvements in prediction error of greater than 50%. This
outcome indicates that potential improvements in prediction uncertainty are
difficult to achieve through forecast error reduction. However there have been
improvements in weather forecast accuracy over the last 15 years, for example
Haiden et al,, (2021) found a 2.5% improvement in surface temperature forecast
error and a 1.5% improvement in wind speed forecast error. If these trends
continue, in the context of the entire sector these improvements might
cumulatively equate to substantial amounts of energy.

Given a more detailed individual analysis in section 4.3.2, the radiation forecast
error is individually the largest power demand uncertainty. The importance of
the radiation forecast found in this study is corroborated by the results of the
uncertainty analysis preformed in Payne et al., (2022). The uncertainty analysis
preformed in Payne et al., (2022) investigated the role of weather forecast error
on greenhouse energy demand prediction uncertainty. This analysis found that
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temperature and wind speed forecast error do not influence power demand
prediction error. This is due to these variables not being included in the rules that
control the greenhouse lamps, which are responsible for greenhouse power
demand. This study goes further by showing that while a targeted reduction in
forecast error is the most effective way to reduce power prediction uncertainty
there are diminishing returns, in which ever greater improvements in forecast
error are required for diminishing improvements in prediction uncertainty. In
the case of gas demand prediction an improvement in all of the forecast variables
yields an improvement in prediction uncertainty. Furthermore the greatest
improvements in gas demand prediction accuracy can be made by mitigating the
temperature and wind speed forecast errors. However, these are smaller overall
than those seen in the power demand case.

A bias correction analysis was also done and concluded that bias correction has
little influence on power demand error. This is as the radiation forecast error has
very low bias and as such correcting this bias has little effect on prediction error.
Moreover, bias correction can benefit gas demand error if done for radiation and
temperature forecast error but only accounts for 1-2% reduction in prediction
error. In fact, for the case of wind speed forecast error, bias correction introduces
more prediction error. This is due to the correction of the wind forecast’s positive
errorbiasof ¢ | 3O leading to a greater number of wind speed forecast errors
with a larger negative value, which in turn set more values of the wind speed
forecast to zero. This in turn introduced an underestimation of the forecast which
increased prediction uncertainty. This result may imply that there is structural
information in the forecast error bias and that the error in not purely a form of
coloured noise in the case of wind speed error.

A limitation of the proposed algorithm is that the parameters that were selected
to be included in this study. This selection of parameters does not consider that
different parameters may become impactful through interactive effects with
weather forecast errors. As such these parameters are relegated from this
analysis, potentially removing some impactful parameters. It should be noted
that the parameters that were used in this study were found to be impactful in an
unpublished global parametric uncertainty analysis related to greenhouse gas
and power demand. As such they do provide an acceptable guideline for relevant
parameters for the purpose of greenhouse energy analysis. In addition, this study
found little to no interaction between any parameters and weather forecast
variables, as such an interaction from different parameters and forecasts is
possible but unlikely. Nevertheless, future research might perform a
confirmatory global sensitivity analysis on all model parameters to investigate
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any potential interactive effects with weather forecasts variables. A further
limitation of this study is that its conclusions are limited to the data and models
used in this analysis and any changes in the model may affect this study’s
outcomes. To address this limitation further study should include multi-model
analysis over multiple periods using multiple datasets. A further consideration
for future research is to run an experimental setup within an operational
greenhouse. This research would analyse the practical implications of managing
energy demand with a decision support system that incorporates uncertain
model parameters and weather forecasts. Such an analysis would be a crucial
validation with experimental data.

In terms of the impact of this study’s findings it should be noted that
contemporary literature highlights the past and future potential for
improvements in weather forecast accuracy (Frnda et al., 2022; Haiden et al,,
2021; Hewson & Pillosu, 2021). As such the potential of the findings of this study
to impact the energy management of greenhouse horticulture are possible as
weather forecasts from industry continue to improve in accuracy. This study also
indicates a clear direction of future research to improve greenhouse energy
demand predictions by addressing weather forecast errors in particular. Indeed,
future research may also investigate the use of robust control methods to
accommodate weather forecast uncertainty in the specific case of gas and power
demand management as has been partially explored in previous studies (Bennis
et al,, 2008; L. Chen et al,, 2018). Overall if these algorithms were adopted by
future research and industry the greenhouse horticulture sector could improve
the accuracy of their predicted energy demand and increase the subsequent
energy and financial efficiency of greenhouses.

4.5. Conclusion

To conclude this study investigated the impact of weather forecast and model
parameter uncertainty on greenhouse power and gas demand. This was done
using a sample based and Polynomial Chaos based sensitivity analysis. In
addition, an analysis was done to investigate the potential reductions in energy
prediction uncertainty if forecast errors were to be corrected for. This study
found that weather forecast errors have a much greater impact of prediction
uncertainty than parametric errors. Indeed, this study notably found that
parameter and weather forecast uncertainty do not have any combined effects
and as such can be treated separately. However, improvements in weather
forecast errors were shown to have diminishing return with reductions in
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prediction error. An 80-90% reduction in the forecast error of all forecast
variables would yield a 50% reduction in energy prediction error. In the case of
the power demand uncertainty specifically the radiation forecast was the
greatest contributor with a potential 60% reduction in power demand prediction
error. In the case of gas demand wind and outdoor air temperature forecast error
was the greater contributor with a respective potential for 17% reduction in gas
demand prediction error.
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Chapter 5.

Model predictive control of
greenhouse indoor climate under
fluctuating energy prices.
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Highlights

e  Model predictive control design of a greenhouse under fluctuating power
prices.

e Power trading was a crucial response to fluctuating prices.

e Price of natural gas largest contributor to managing power price
fluctuations when compared to forecasted radiation and the size of the
crop’s assimilate pool.

Abstract

The objective of this study was to assess how a receding horizon optimal
controller would operate a greenhouse given disturbances from fluctuating
electrical power prices. This study also explores how fluctuating power prices
can be managed by an optimal controller through the utilisation of the combined
heatand power generator, radiation forecasts and the crop’s assimilate pool. This
study found that in reacts to fluctuating electrical power prices ranging between
PP P T O and o ¥Pp 1 O the optimiser decreases the amount of
bought electrical power by 50%. The power demand was met with an increase in
electrical power that was generated via the Combined Heat and Power generator,
which also led to an increase in natural gas usage of 25%. In addition there was
an increase in electrical power selling during periods of high outdoor radiation
and power prices leading to an increase of 145% in power selling over the
simulation period. Despite these large changes in energy strategy the optimiser
proposed a management strategy that decreased crop yield by 1.4%. This study
also found that for the examined case study, the mechanism that enables energy
management under fluctuating power prices was the price of natural gas and the
use of the combined heat and power generator. Furthermore this study found
that in this case the crop’s assimilate pool was not an effective energy buffer.

5.1. Introduction

The Dutch greenhouse horticultural sector uses a significant 110P] (Statistics
Netherlands [Internet], 2021) of electrical power each year, which was
approximately 4% of the net energy consumption of the Netherlands. This
demand adds to a growing strain on the Dutch electrical power grid that is in part
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due to increasing electrification and fossil fuel sources becoming less secure
(Scheepers et al., 2022). The climate impact of greenhouse electrical power
demand is particularly severe when it coincides with times of high demand and
price on the national grid, as often the generation methods that are mobilised to
meet this temporary demand are fossil fuel based (Powells et al., 2014). If energy
management in greenhouses prioritised shifting the electrical power demand
peaks to low demand times on the grid, savings in emissions may be made and
the electrical power costs growers pay may decrease. This peak shifting of
electrical power demand could be done by harnessing the as yet underutilised
robustness within the energy system by postponing the supply of external energy
during high demand periods and instead relying on energy that is already within
the greenhouse.

An example of system robustness is presented in previous research, which has
proposed using the robustness of the crop to mitigate fluctuations in the air
temperature (Elings et al,, 2005; Korner & Challa, 2003; Kérner & van Straten,
2008). This proposes using the crop’s ability to integrate temperature
fluctuations to derive a more energy efficient greenhouse management strategy
without impacting overall growth. These studies found that energy savings and
reductions in gas usage could be made using this approach. However, these
studies did not consider that energy market prices fluctuate, and that electrical
power demand is a key factor.

Managerial robustness has also been incorporated in previous literature by
optimizing the hot water buffer within the greenhouse to store and remobilize
heat energy (Seginer et al,, 2017b; van Beveren et al., 2019; van Willigenburg et
al,, 2000). This water is heated using a gas fired boiler or a gas fired combined
heat and power generator (CHP). If there is hot water generated by the CHP that
is surplus to the immediate requirements of the greenhouse, it is stored in a
water tank and is used to heat the greenhouse later instead of heating further
water. As such it is possible to buffer heat energy within the greenhouse by
storing hot water. While the studies do provide examples of how the performance
of the greenhouse can be maintained when exposed to fluctuations in the
availability of heat energy and gas, these studies do not consider how electrical
energy might be buffered.
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A key part of a greenhouse’s energy system are the electrical lamps which
provide supplementary lighting to the greenhouse crops. These lamps can be
powered from market bought electricity or from internally generated electricity
from the CHP. However, unlike heat energy there is no method currently
employed within greenhouses that allows for the buffering of surplus electrical
power. As such any electrical power that is bought or generated in surplus is
wasted or sold back to the grid, potentially at a financial loss. However, it should
be noted that the capability of the CHP to generate electricity can be used to
manage fluctuating electrical power prices as explored in previous greenhouse
horticultural research (Seginer et al, 2018; van Beveren et al, 2019) and in
broader research (Mitra et al.,, 2013). The CHP can be used to generate power
that offsets power demand during high power price times in exchange for an
increased gas demand as described in (van Beveren et al., 2019). While previous
research has identified the energy saving potential of the managerial robustness
provided by CHP trading (van Beveren et al., 2019), trading was also found to be
less important than running a productive greenhouse (Seginer et al., 2018).
However, there is a gap in existing research to quantify the potential efficacy of
using the CHP to provide power to bridge fluctuating electrical power prices
given, changes in the gas price and seasonal weather.

Previous research has investigated how disturbances introduced by the weather
forecasts can be incorporated into a receding horizon optimal controller.
Specifically previous research has investigated how hot water buffers in
greenhouses might be optimally operated to buffer fluctuations in forecasted
outdoor air temperature (Keesman et al.,, 2003; Seginer et al., 2017a; van Beveren
et al,, 2019). A principle of these strategies being to pre-emptively store heat
energy in the water buffer when the outdoor air temperature is high, and to
release stored heat energy when outside air temperatures are low. However,
there is a gap in previous research to assess how a receding horizon optimal
controller might use the availability of forecasted radiation to manage
fluctuations in electrical power prices, as electrical power is mostly used to
power artificial lighting.

An opportunity to manage the impact of fluctuating electrical power prices is

using the systemic robustness within the crop to store sugars (Elings et al., 2005;
Korner & Challa, 2003; Kérner & van Straten, 2008). Previous research has
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proposed the use of the crops ability to buffer sugars as a potential energy buffer
(Seginer, 2022). A common conceptualization of crop models in previous
research (Heuvelink, 1996; Jones et al., 1991) has described the development of
a crop using sugars generated through photosynthesis that are stored in an
assimilate pool. These sugars are then modelled as being partitioned from this
buffer to grow and maintain the crop as well as developing fruits (Heuvelink,
1995).

This assimilate pool stores sugars in-between photosynthesis and partitioning
and can be used as an energy buffer by influencing the rates of these two
processes through the greenhouse climate. Seginer et al, (1994, 2022) did use a
model of the assimilate pool as an energy buffer to optimise temperature. While
this study did demonstrate the possibility of managing the assimilate pool by
changing the air temperature within the greenhouse there are further
opportunities to consider the influence of flexible lighting and energy prices.

This study aimed to assess how to manage the greenhouse when exposed to
fluctuating electrical power prices. This is done by examining the managerial
strategy proposed by a receding horizon optimal economic controller when
presented with fixed and fluctuating electrical power prices. Furthermore, this
research goes a level deeper and also investigates how fluctuations in the
electrical power price may be managed using the assimilate pool as an energy
buffer, or by using the CHP to generate electricity based on the gas price, or by
scheduling operations around the availability of outdoor radiation.

5.2. Materials and Methods

In this study two experiments were performed. In the first experiment we
compared how a receding horizon optimal controller (described in section 5.2.2)
manages the greenhouse climate in response to both fixed and fluctuating
electrical power prices (explained in section 5.2.3). The second experiment was
a sensitivity analysis that assessed if the gas prices, forecasted outdoor radiation
or crop’s assimilate pool can be used by the optimiser to mitigate the effect of
fluctuating prices on greenhouse energy and crop management. Throughout the
rest of this study, we will refer to electrical power as power.
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5.2.1. Greenhouse system definition

The greenhouse model used in this study included a climate, energy system and
tomato crop model. In this study, we used a greenhouse climate and energy
model that was developed by Kuijpers, Katzin, etal., (2021). Their model, in turn,
was based on the one originally described by Kuijpers, Katzin, et al,, (2021) and
Vanthoor et al,, (2011). This study used a crop model of a tomato in a generative
state that was proposed in Kuijpers, Katzin, et al., (2021) that was originally
derived from the crop model presented in Vanthoor et al., (2011). In this study
the greenhouse model was described as a dynamic system:

OPA OB, (5.1)
a. (5.2)

g M
@0

>O>

Where:

O O Ois the time vector of the prediction horizon, given that O is the initial
time and Ois the finishing time,

@is the model state vector,

@ are the initial state values,

Ois the controllable input vector,

Ais the disturbance input vector,

Dis the parameter vector.

The model contains 8 states @, 11 controlled inputs O and 6 disturbances A
used can be found in table 5.1. The parameter values (B) used in this study were
taken form (Kuijpers, Katzin, et al., 2021) unless stated otherwise.

Table 5.1: Greenhouse climate and crop model states (0), controlled

inputs ('1) and disturbances ("H
Model states

@ oM B0 W 5 M W W W

Name Symbol

Heat stored in heat Buffer (%]
Greenhouse air temperature 4
Greenhouse air vapour density 60
Greenhouse air #/  concentration # ;
Daily average greenhouse air temperature 4
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Crop carbohydrates in the buffer #
Crop carbohydrates in the leaves #
Crop carbohydrates in the fruits #

Disturbances

A A PA PA PA P P

Name Symbol
Global Radiation

Outside temperature

A
A
Outside air #/ concentration A
Outside air vapour density A
Outside windspeed A

Controlled inputs

O O M hdO M MMM MMM WO
Name Symbol
Requested heat flux from the CHP
Requested heat flux from the boiler
Requested energy for the high pressure

O O O

sodium lamp lighting

Requested buy electrical energy
Requested sell electrical energy
Requested #/ injection
Requested amount of #/ bought
Requested heat flux to heat buffer
Requested amount of ventilation
Requested screen set

Leaf harvest

OO OOt OOt O O

The crop’s assimilate pool 0 (O " ) dynamics was modelled using the

following equation;

# - # - # - # - # (5.3)
-# 8

In this equation the crops assimilate level was modelled as the amount of
assimilate received from photosynthesis (0 6 ), the amount assimilates

partitioned from the buffer to the fruits (0 6 ), leaves (0 0 ), stem
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(06 ) and for the maintenance respiration of the plant (0 6 ). For

further details on the assimilate pool modelling see Vanthoor et al,, (2011).

5.2.2. Greenhouse control problem

The receding horizon optimal controller used a time step of 15 minutes and a
prediction horizon of 3 days, this was based on an analysis performed in Kuijpers,
Katzin, et al., (2021) that balanced the prediction accuracy of the same model
used in this study and performance loss of different prediction horizon lengths.
A control horizon of 1 day was used, meaning there was a daily re-optimisation
of the control problem. This optimiser’s objective was to find a control input
trajectory (0) that produced a state trajectory @ such that the cost function 0

was maximised. This optimisation problem was assumed to have full state

information and is mathematically represented by

@0 | AQEICOOA, o0 O O A

YO 0¥ @ A3Or OM Ob
C 600 6 W O On (5.4)
20 @ O O Ohn
@ .

1]

20
Whered and0O  are constraints imposed on each controlled input and &
and @  are constraints imposed on each model state (as shown in table 5.3) for
the duration of the simulation (0 ). 0 was defined as a balance between the value

invested in input costs 0 and value gained from the revenues 0 ,
both costs and revenuesare in O3 3 |, such that

(5.5)

was composed of the value derived from the fruits and the sale of power

and is described as,

p2

A i & ; o] O O (5.6)

The revenue derived from the harvesting of mature fruits was defined as the
product of the price of the fruits (A ) and the volume of mature fruits
(D & ). The volume of mature fruits was calculated using the fruit
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development model proposed in Kuijpers, Antunes, et al, (2021). This fruit
development model contains 8 fruit development stages that tracks the
development of fruits over a 30-day developmental period. Furthermore
Kuijpers, Antunes, et al,, (2021) designed and validated this fruit development
for use in optimal control in conjunction with the same greenhouse model used
in this study.

The revenue from selling electricity back to the grid was calculated as the
product of the power price (&0 ) and the power generated by the CHP that is sold
to the grid (6 ). The value of operational costs (0 ) are hereto defined as,

A& O A& 6 A& O (5.7)

The terms of Eq. 5.7 define the costs of operating the CHP (& ), boiler (& ), as
well as the buying of 60 (& ) and the buying power from the grid (& ). Eq.
5.7 also includes the degree of utilisation of the CHP (O ), boiler (6 ), the
volume of bought 60 (6 ) and of bought power (6 ). This study uses both
fixed and fluctuating prices for the prices of buying and selling power
(@ and® ). The fixed power prices were defined as the mean Dutch
imbalance power market price for the simulation period. The fixed values
associated with the costing of the terms in the cost function are defined in table
5.2. The fluctuating buying and selling power prices are described in section 5.2.3
The values used for the cost terms were taken from Kuijpers, Katzin, etal., (2021)
and Vermeulen (2016).

Table 5.2: The resource and revenue cost terms used in the

ptimisation cost function.

A e  (OEC) A ®y (0 )
A P (0 ) A ®p (0EG)
A my (©d ) A  ppPpm (07 )

The values from the state and controlled input constraints described in table 5.3
were taken from Kuijpers, Katzin, et al,, (2021). These values were used as the
greenhouse being modelled by Kuijpers was comparable to a modern industrial
Dutch greenhouse and as such the values are still relevant. The ventilation rate
constraint from the greenhouse windows ("Q  RQ ) were calculated using the
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model presented in de Jong, (1990) and were dependent on the weather

conditions.

Table 5.3: Model state and controlled input constraints applied to

the recedin

horizon optimal controller

Model state constraints

Symbol Unit Lower limit (@ ) Upper limit (&
@ - *J 0 3
4 J# 10 35
60 cd 5 35
# cd 0.69 2.79
4 J# 10 35
# + 0 #
# +d 0 0.12
# + 0 0.04
Controlled input constraints
Symbol Unit Lower limit (O )  Upper limit (O
o} 7 d 0 125.28
0 7 d 0 83.33
0 7 d 0 100
0 7 d 0 250
o 7 d 0 250
0 cd 0 250
0 cd 0 250
0 7 d -100 250
0 i d
- £ Y
0 - 0 1
0 cd 0 0.4e-6

) reflects the
capacity of the buffer to store assimilates and as such was key to the outcomes of
this study. The buffer’s capacity has been the subject of much debate due to its
changing size over the plant’s lifetime and the challenges inherent in measuring

The upper constraint on the crop’s assimilate pool state (6

it experimentally. While previous work (Vanthoor et al, 2011a) has set the
capacity as the maximum amount of assimilate that could be generated in a day,
this study uses the equation proposed by Seginer, (2022),
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(5.8)

which uses the maximum fraction of reserve carbohydrates (@, the total dry
matter of sunlit leaves (Q, and the specific leaf area (Y0 )0Seginer calculated a
value of 0.014 (0 " ) for a mature tomato plant, which was applied in this
study. It should be noted that the constraints of the crop’s assimilate pool state
were implemented as constraints within the optimiser’s cost function and not
within the crop model.

The optimisation problem described in Eq. 5.4 used in this study was computed
using the Interior Point Optimizer (IPOPT), (Wichter & Biegler, 2006)
optimisation algorithm and the MA57 solver from HSL (HSL, 2019) from the
CasADI framework (Andersson et al,, 2019).

5.2.3. Disturbance data

The weather data used was taken from a weather recording station in Bleiswijk,
the Netherlands from 2014-01-11 00:00 to 2014-07-11 00:00 at 5-minute
intervals. This data was initially collected as part of the experiment detailed in
Kempkes, Janse, & Hemming, (2014). The weather data variables are the outside
temperature 3 , wind speed | 30 , global solar radiation 7 J and
outside air vapour density ("Q3% ) and outdoor 0Tt concentration (1] | $ Any
missing entries in the datasets were filled with the linearly interpolated values
of the adjacent data points.

This study investigated the impact of fluctuating prices for power when
compared to fixed prices. The fixed price values were defined as the mean Dutch
imbalance power market price for the simulation period and are presented in
table 2. The fluctuating power prices used in this study was based on the Dutch
imbalance power market's buying (& ) and selling (&0 ) prices from the Tennet
market data portal (Tennet [Internet], 2019) for the same period as the weather
data. This market data was then used to propose a standardised fluctuating
buying and selling price as can be seen in table 5.4. This was used to allow more
clarity in the results interpretation, while keeping to the prices representative of
real markets. These standardised fluctuating prices were created by defining the
buying and selling prices as a square wave that peaks in the middle 8 hours of
the day (Tt @it 1 p @t it The peak prices were defined as the 95t percentile
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imbalance market prices, while the prices at trough times (p gt 1T 7T @it Jtwere
defined as the mean imbalance market prices. A square wave was chosen to
represent the simplified price as to reflect a broad trend within real short term
markets where the price increase with usage during the daytime and decreases
over night as less power is used, The fixed power purchasing and selling price
was based on the mean imbalance buying and selling prices for the simulation
period.

Table 5.4: Fluctuating power buying (A ) and

selling (A ) prices

A (03X ) A (03 )
T T Ty v PP TP T pdtup T
Tgumpop@ouv opYpm G pPpm
ptmT v ppITPT P8t ulp T

Although fluctuation in the gas prices can affect the operational strategy of the
greenhouse, this study consider them to be fixed at 0.17 O3%  based on the
price used in Kuijpers, Katzin, et al.,, (2021). In practice this can represent the
price paid by a grower whose gas is supplied via a fixed price contract.

5.2.4. Sensitivity analysis of the mechanisms
for bridging power price fluctuations

A sensitivity analysis was performed to assess the relative role of three
mechanisms in the management of disturbances introduced to the optimisation
of greenhouse operations by fluctuating power prices. This analysis was
performed to identify which mechanism offers the largest capacity to bridge
fluctuating power prices. These three mechanisms were the crop’s ability to store
sugars in the assimilate pool, the purchasing of natural gas to run the CHP and
planning greenhouse operation based on the forecast amount of outdoor
radiation. To analyse the role of these mechanisms, the gas price, outdoor
radiation levels and assimilate pool maximum were individually increased, and
for each, the optimisation as described in section 5.2 was repeated. Following
this the impacts of the increased assimilate pool maximum, gas price and outdoor
radiation levels were individually assessed by comparing the changes in energy
usage and crop yield when using the original and increased value for each
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mechanism. The normal and increased values used for this analysis can be seen
in table 5.5.

Table 5.5: The original and increased values of the power price

fluctuating mitigation mechanisms
Original value  Increased value

Crop buffer maximum (# y ) TSP T T8¢ Y
Gas price ™ X T 1
Furthermore, the increased levels of radiation (Q ) were double the

normal levels of radiation (Q ), as such

Q Q. (5.9)

5.3. Results

The results from two experiments are presented, the first was the comparison of
the optimisation of greenhouse operations given fluctuating and fixed power
prices. The second was a sensitivity analysis (section 5.2.4) to assess which
mechanisms were used by the optimiser to mitigate the effect of fluctuating
prices on greenhouse energy and crop management.

5.3.1. Comparison of the optimisation of
fluctuating and fixed power prices

In the following section the results from the comparison of the optimisation of
fixed and fluctuating power prices are displayed. This analysis was conducted
over a period of 6 months, so to be able break down the outcomes of the study
clearly the results are presented on two time scales. This approach has been
taken by previous research where the long-term strategic and short-term
operational performance of the greenhouse are described and analysed
separately (Henten & Bontema, 1996; Xu et al., 2018). The long-term perspective
will observe the net external energy demand and crop development of the entire
6-month period. The short-term perspective focussed on the operational
dynamics of the greenhouse on an hourly level over three one day periods
throughout the season. The following subsections address the results in the short
term (5.3.1.1) and then in the long term (5.3.1.2).

129



5.3.1.1. Short-term time scale results

The following results focus on three one-day long periods of the 1st of
February/April/July. These results include the operation of the amount of power
being traded, HPS lighting levels, the level of the crops assimilate pool.
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Fig. 5.1- The bought power demand of the greenhouse for the 1st of

February (left) /April (middle) /July (right).

Fig. 5.1 shows the amount of power that was bought throughout the simulation

period. Fig. 5.1 displays the bought power demand using the fixed power prices

(red) and the bought power demand using the fluctuating power prices (blue).

Furthermore the fluctuating power price is displayed (grey). This figure shows

that in the fixed price scenario, power was bought throughout the day in the

beginning of the season (left), as the season progressed power was only bought

in the morning (middle and right). In the fluctuating scenario, power was not

bought during high price times in the beginning of the season (left) and also

transitions over the season to only being bought in the mornings (middle and

right).
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Fig. 5.2 - The CHP utilisation for the 1st of February (left) /April (middle)
/July (right).

Fig. 5.2 shows the utilisation of the CHP throughout the season for the scenarios

with fixed (red) and fluctuating (blue) power prices as well as the power

fluctuating power price itself (grey). Fig. 5.2 shows that for the fluctuating price

scenario the CHP was used throughout the season. In the early season (left) the

CHP was operational throughout the day and as the season progressed (middle

and right) increasingly the CHP was only used during high price periods. It should

be noted that for the fixed price scenario in the beginning of the growing season

the CHP was used and was used less and less as the season progresses.
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Fig. 5.3 - The operation of the HPS lighting within the greenhouse for the
1st of February (left) /April (middle) /July (right).

Fig. 5.3 shows that the behaviour of the lamps over the simulation period given

fluctuating (blue) and fixed (red) power prices. This behaviour mirrors the

behaviours of the CHP for both scenarios, as seen in Fig. 5.1. Where usage was

restricted to the morning as the season progresses. A key distinction was that for

the fluctuating power price scenario, in the early season the lamps were operated

at half capacity during the peak power price times, during which the power is

provided by the CHP.
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Fig. 5.4 - The amount of sold power that is generated from the greenhouse
CHP on the 1st of February (left) , 15t of April (middle) and the 1st of July

(right).

Fig. 5.4 shows the levels of sold power when exposed to fixed (red) and

fluctuating (blue) power prices for three periods throughout the simulation
period. This figure shows that as the season progressed, the fluctuating price
scenario increasingly sells power to the grid during high price periods. Whereas

the fixed price scenario does not sell power in the early season (Fig. 5.4 (left))

but does so increasingly over the season in the midday.
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Fig. 5.5- The crop assimilate pool level for the 1st of February (left) /April
(middle) /July (right).

Fig. 5.5 shows the assimilate levels in the assimilate pool, throughout the season
at three distinct day-long periods as was outlined at the beginning of section
5.3.1.1. In each panel the response to fixed (red) and fluctuating (blue) power
price is displayed. The fluctuating power price is shown in grey. This figure
shows that the sugars were stored in the buffer in the afternoons and portioned
overnight. Furthermore, over the season the amount of assimilate stored in the
buffer increases.

5.3.1.2. Long-term time scale results

The breakdown of the energy usage and assimilate pool levels over the entire
simulation period are described in the following section. This long-term
perspective gives insights into how the short term behaviours translate over the
entire simulation period. The cumulative gas and power demand are shown in
Fig 5.6.
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Fig. 5.6 - The cumulative net gas (left) and power (right) demand of the
greenhouse over the entire simulation period using fixed and fluctuating
power prices.

Fig. 5.6 shows the cumulative net gas and power demand over the simulation
period using fixed (red) and fluctuating (blue) power prices. This figure shows
that until April both simulations have a similar gas demands however the
simulations diverge in April, after which the fluctuating price scenario has a
greater gas demand. In the case of power demand fixed price scenario has the
greater power consumption throughout the season.
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Fig. 5.7 - The breakdown of the cumulative power buying (left), selling

(centre) and internal power generation from the CHP (right) of the
greenhouse over the entire simulation period.

Fig. 5.7 shows the cumulative power buying, selling and internal power
generation from the CHP using fixed (red) and fluctuating (blue) power prices.
This figure shows a breakdown of how power was used within the greenhouse.

Fig. 5.7 shows that when comparing the fixed and fluctuating price scenarios, in
the fixed price scenario more power was bought (left) and after April less was
generated internally (right) and sold (middle). This outcome explains the
divergence in gas demand between the fixed and fluctuating price scenarios seen

in Fig. 5.6 as the CHP utilisation was less after April in the fixed price scenario.
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Fig. 5.8 - The breakdown of the weekly total HPS lighting (top), CHP usage,
power buying and power selling (bottom).

Fig. 5.8 shows the weekly totals of energy used in HPS lighting, generated from
the CHP, bought, and sold from the market. Each of these variables is displayed
in its own panel with the responses to both fluctuating (blue) and fixed (red)
power prices. It shows that for the fixed price scenario more lighting was used
throughout the season. This increase in lighting was powered using a greater and
corresponding amount of bought power, when compared to the fluctuating price
scenario. For the fluctuating price scenario, less lighting was used. This was
because a larger amount of power generated from the CHP was sold due to the
higher power prices instead of being used for lighting. The fluctuating price
scenario shown in Fig. 5.8 sells more power throughout the season, a distinction
which was made clearer after April. Indeed after April, the fixed price scenario
buys more power from the market while generating and selling less.
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Fig. 5.9 - Weekly total assimilate in the assimilate pool (top) and mature

fruits (bottom) over the growing season.

Fig. 5.9 shows the weekly total amount of assimilates in the buffer and in the
mature fruits. In both panel each variable is displayed in response to both
fluctuating (blue) and fixed (red) power prices. This figure shows that early in
the season the fixed power scenario has a faster development of assimilates
within the fruits as more assimilate was transferred to the fruits. Fig. 5.9 also
shows that while the amounts of assimilates in the buffer were comparable
throughout the season the fixed price scenario delivers more assimilate to the
buffer in the early season and a large drop in early April. Which coincided with
when the CHP was turned off, as shown in Fig. 5.7.

5.3.1.3. Results summary

The results from the analysis was summarised in the following section. For the
fixed price scenario shown in Fig. 5.6-5.8 the optimiser buys the most power over
the season, initially there was some trading, in April there was a change of
strategy where less power was generated and sold. In contrast to this the
fluctuating price scenario has a greater focus on trading throughout the season
where the CHP was used to sell power. Overall, less lighting was used, and the
power that was generated was used for trading instead. Levels of production
were comparable between the fluctuating and fixed price scenarios. This midday
trading and less lighting shown in the fluctuating power price scenario does slow
development speed but impact to overall production was limited.
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In more detalil, for the fluctuating price scenario, in the early season the CHP was
used for lamps and selling power. Especially in non-peak times in the morning
and the evening, the lighting was run with bought power, and during peak price
times, power from the CHP was running lighting at half power, with some power
being sold. Over the season this balance shifts more towards selling CHP power
and less buying power for lighting. In this scenario the long-term growth of the
crop was prioritised by lighting the greenhouse in the early season despite high
prices by using the CHP to provide lighting during peak power price times. It
should be noted that there was no difference in the buffering of sugars as
displayed in Fig. 9. For the case of fixed power prices all power goes to lighting in
the early season, and as the outdoor radiation increased over the season the
amount of bought power decreased as lamps were used less, the CHP was then
increasingly used for powering the lighting and selling power. The total change
in the levels and revenues from energy and crop yield are summarised in table
5.6 as percentage differences between the fixed and fluctuating price scenarios.

Table 5.6: Net energy and crop yield percentage revenue changes from

the introduction of fluctuating power prices

Net bought power Net sold power Net gas change Yield change

change (%) change (%) (%) (%)

-27% +74% +25% -0.34%

Net bought power Net sold power Net gas cost Yield revenue

cost change (%) revenue change change (%) change (%)
(%)

-49% +145% +25% -1.4%

Table 5.6 shows that over the season when the optimiser included fluctuating
prices, the cost of CHP usage increased hence the increase in revenue from
power selling and gas buying. In addition, less power was bought and there was
a small decrease in productivity.
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5.3.2. A sensitivity analysis of the mechanisms
for managing power price fluctuations

A sensitivity analysis was performed to investigate the potential of gas prices,
outdoor radiation levels and the crop buffer to mitigate the impact of power price
fluctuations. In this analysis the crop buffer limit, gas price and outdoor radiation
levels were individually increased and the corresponding percentage changed in
the greenhouse yield, power usage and gas usage are displayed in table 5.7.

Table 5.7: Net energy and crop yield percentage revenue changes for

increases in gas prices, crop buffer size and outdoor radiation levels

Bought power Sold power  Gasusage Crop yield

Doubled buffer size ~ +17% +3.8% +0.93% -17%
Doubled gas price +34% -33% -33% +1.2%
Doubled radiation -23% +14% +0.80% +5.2%
levels

Table 5.7 shows that an increase in buffer size has the smallest impact on energy
demand but the largest impact on crop yield. In addition, increases in gas prices
were found to have the greatest impact on energy management. Specifically
when the gas price increased the amount of gas that was bought and used to
generate power in the CHP decreased and the amount of bought power increases.
Regarding the increase of outdoor radiation, the amount of bought power
decreased as less artificial lighting was used and more power was sold to the grid.
Both increased in gas prices and radiation levels have a small impact on the crop

yield.

5.4. General discussion

Given the results outlined in this study the following section discusses the
relevance of these results given the context of the limitation under which this

study was performed and the context of previous literature.
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5.4.1. The influence of fluctuating power price
results on energy management

The results show that the fluctuating price scenario has a greater focus on trading
throughout the season where gas was bought to run the CHP which was then
used to sell power as seen in table 5.6 and 5.7. As a result, in this scenario less
lighting was used, as the power that was generated by the CHP was used for
trading instead. Despite this decrease in lighting it should be noted that the crops
productivity was only slightly lower in the fluctuating price scenarios (Fig. 5.9)
with a net decrease of 1.4% (table 5.6). As such the optimiser was able to provide
a robust strategy to fluctuating power prices that maintains productivity but
does consume more gas. This in conjunction with the conclusions made in table
5.7 regarding the role of the crop buffer size and gas price in managing power
prices tells us that the availability of affordable gas and not the presence of a crop
buffer provided the necessary robustness to tolerate fluctuating power prices.
This conclusion was however opposed to the inciting notion of this study that the
greenhouse sector should reduce its emissions. Indeed, while this study
highlights the roles of available gas and the gas price, its future affordability is in
doubt as its sources become more scarce and the drive to sustainable energy
renders it unavailable. As such this study highlights a key interdependency
between gas and power in tolerating energy price fluctuations that is provided
by the CHP. As such future studies that aim to make sector more sustainable
should penalise gas usage in particular. It should be noted that the sensitivity
analysis whose results are shown in section 5.3.2 uses the gas price as a
parameter that would incentivise the usage of the CHP. Another parameter that
could also be considered in future research is the capacity CHP itself. By
investigating the effect of the CHP’s capacity future research could investigate
how energy management strategy might change if more power full CHPs were to
be used.

It should also be noted that the strategy that is employed to run the greenhouse
changed over the season. Indeed, for the fluctuating price scenario, in the early
season the CHP was used generate power for running the lamps and for selling
power. Subsequently, over the season this balance shifts more towards trading
power and less buying power for lighting (Fig. 5.8). This was a reaction to the
availability of natural light and heat whose levels increase as the year develops.
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This was also observed in the fixed power price scenario where all power goes to
lighting in the early season, and as the outdoor radiation increased over the
season the amount of bought power decreased as lamps were used less as
corroborated in table 5.7, which also showed that as the radiation levels
increased, power buying decreased, and more power was sold from the CHP. As
such these results also indicate that the fluctuating weather, and in particular the
outside radiation levels was an important factor in defining the power
management strategies derived by the optimiser. A notable behaviour seen in
Figs 5.4 and 5.2 are spikes in early morning CHP operations and power selling.
This peak in selling is caused by the CHP being activated to heat the greenhouse
before the lights are switched on, as such there is a spike in power generation
which is sold to the grid.

The results for the increased gas price shown in table 5.7 also represent a
scenario in which the price of gas has doubled, in a scenario that might become
reality due to climate change. This analysis confirmed the importance of CHP
trading to greenhouse energy management highlighted in Seginer et al., (2018)
and van Beveren et al,, (2019). It was found that even with higher gas prices the
greenhouse was able to maintain yield levels (+1.2%) but reduced the selling of
CHP derived power (-33%). This indicated that while the greenhouse business
model may have to adapt in the future, production was still possible with higher
gas prices if the management strategy adapts.

The potential effect of fluctuating weather and power prices on energy and crop
dynamics was also examined in a series of unpublished experiments, these
experiments concluded that weather dynamics were dominant in driving long
term seasonal variation in energy strategy and power dynamics drive energy
systems decisions only during high price periods. Furthermore, these
experiments found that the fluctuating weather dynamics result in less
productive growth than the fixed weather scenarios which in this case represents
a perpetual summer. Which indicated that the crop was influenced by weather
dynamics more than prices over longer periods. Based on these preliminary
results this investigation into the interrelation between weather and price

dynamics was a promising frontier for future research.
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5.4.2. The suitability of the assimilate pool as
an energy buffer

The optimisation scenarios described in the above section concluded that the
assimilate pool was not being used as an energy buffer (Fig. 5.5) to bridge
fluctuating prices. To investigate this outcome further a number of smaller
scenarios were performed in appendix C. The analysis performed in appendix C
investigated the potential capacity of the crop assimilate pool to act as an energy
buffer. This analysis concluded that for a day in which the greenhouse lighting
and heating system were operated for 8 hours the crop buffer had a size of
approximately 3% of the energy required to run the greenhouse. As such, the
crop buffer represents a comparatively very small energy buffer and as such was
not used by the optimisations shown in section 5.3.1 and 5.3.2.

A further analysis performed in appendix D, investigated the response of the crop
yield of mature fruits to fluctuations in the greenhouse climate. These
fluctuations were in the indoor radiation and temperature levels and were
represented as two square waves with a range of periods and amplitudes. This
analysis found that yield fell dramatically when fluctuations had high amplitudes
and exceeded a one day frequency. This result implies that the crop as modelled
in this study was unable to buffer heightened fluctuations in climate. Indeed, this
analysis also showed that for a standard amplitude the crop was able to tolerate
a fluctuating climate of up to 10 days but with lower levels of mature fruits than
when a shorter period was used. Given the loss of productivity shown in
appendix D, it indicated that the crop’s assimilate pool is unsuitable as an energy
buffer, particularly in the context of the optimisations performed as part of this
study. This conclusion diverged from the temperature integration schemes
proposed in previous literature. For example, the scheme proposed by Korner &
Challa, (2003) and Koérner & van Straten, (2008) who demonstrated that
temperature fluctuations within a 6 day period could be tolerated provided that
the average temperature was consistent. While this approach could be used for
energy savings, they did not consider the impact of fluctuating lighting and
temperature. The potential impact of fluctuating light and temperature levels
was previously explored in Zepeda et al., (2022) who found that fluctuations in
light and temperature with a period of 2 to 10 days did not have a large influence
on the levels of assimilates in the crop. While this research does suggest a degree
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of tolerance to a fluctuating climate, Zepeda considered young plants and this
study focussed on mature crops. This conclusions in conjunction with the results
found in this study indicate that the integration of temperature and light levels in
mature crops was not viable for the model representation used in this study, and
requires further experimental research.

A further consideration as to why the assimilate pool was not used was the
influence the design of the cost function might have on the outcomes of this study.
The cost function used in this study optimises (Eq. 5.6) the harvested fruits, as
such the cost function does not reward assimilate storage. Indeed, if the
optimiser only considered mature fruits there was no incentive to manage the
assimilate pool outside its role in maturing fruits. Furthermore, if the prediction
horizon was too short the link between stored surplus assimilates and harvested
fruits was lost. This was the case as the prediction horizon was 3 days and the
fruit development period was between 36 and 52 days (Kuijpers, Antunes, et al.,
2021). As aresult, the optimiser may be unable to assess the benefit of using the
assimilate pool in the way that this study proposes. This was tested in an
unpublished analysis that performed an optimisation on an open loop optimal
controller over the entire simulation period. In doing so the relationship between
the buffer and mature fruits can be included in the optimisation. However, this
analysis also found that the assimilate pool was not being used as an energy
buffer. Indeed, as it takes a long time for the benefits of developing mature fruits
to appear in the cost function, as a result the optimiser would focus on the short
term trading of power.

This link between assimilate pooling and harvested fruit in the cost function was
further complicated as the development of fruit was modelled as being
dependent on the daily temperature sum, and the main adaptation to power
price fluctuations was the use of lighting. As such there was also a mechanistic
disconnect with the motivation to buffer energy from the power price and the
mechanism to do so which was temperature based.

5.4.3. Limitations and future research

Despite the outcomes of this study there are a number of areas where
improvements might be made in future research. Given that this study found that
the crop’s assimilate pool was unsuitable for energy buffering, it is worth
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considering the potential limitations the modelling of the crop and its buffer
impose on the conclusions of this analysis. An omission from the crop model used
in all chapters of this thesis was the modelling of the transfer between liquid
assimilate and starch. This limitation was key for the research proposed in this
study as the flow of sugars in the crop’s assimilate pool was one of the potential
energy buffers that are being investigated. Current research suggests that a plant
with excess sugars will convert them into starch (Gent et al, 2012; Stitt &
Zeeman, 2012). This mechanism was key as it can provide longer term storage of
energy, but also implies that there can be a surplus of assimilates that can be
stored in starch over multiple days. The fact that the crop model used in this
thesis did not model starch conversion should be addressed in future research as
previously recommended by (Zepeda et al.,, 2023). This should be done to assess
if such a mechanism would allow the crop to function as an effective energy
buffer.

This study considers the potential of the crop’s assimilate pool being used as an
energy buffer, however there are still outstanding challenges as to how this pool
is quantified. For example, there is little experimental data as to the size of the
assimilate pool and how the pool size may change over time. The parameter
defining the crop’s assimilate pool maximum capacity is particularly relevant to
the research performed in this study as it defines the potential size of the energy
buffer. The value used for the pools maximum capacity was taken from Seginer,
(2022). The capacity of the assimilate pool proposed by Seginer was one that
incorporates the crops maturity, which is a more realistic representation.
However, this approach along with other studies (Heuvelink, 1996; Jones et al.,
1991) have proposed models for the size of the assimilate pool that have not been
experimentally validated. As such the outcomes of this study may vary depending
on the defined size of the assimilate pool. This was investigated in table 5.7 in
which the pool size was doubled. This analysis found that increasing the pool size
had the smallest influence of the mechanism examined in this study and in this
case decreased productivity. However the values used for the buffer limit are
purely theoretical and further research should experimentally quantify the size
of the assimilate pool and assess whether that influences the applicability of the
assimilate pool as an energy buffer.

145



One other limitation was that the usage of the crop buffer and its potential
influence on crop health was not modelled. Previous research has proposed
models of aspects of the crop’s health. Specifically for the purpose of predicting
disease in tomato (Verma et al., 2018) and assessing harvest quality (Bertin &
Génard, 2018). However, for the crop model used in this study, the
aforementioned aspects of crop health and other important indicators such as
fruit setting and abortion were not included. As such the potentially detrimental
health influence a particular management strategy would have, would not be
reflected in the strategies proposed by this analysis. Consequently, the strategies
proposed in this thesis may have some detrimental effect on the greenhouse
crops in practice due to this modelling omission. As such further research should
be done to assess the impacts of these omitted behaviours on greenhouse
management.

The posing of the control problem in this study may also pose a limitation on the
conclusions. In this study a RHOC controller was used along with a fruit
development model. The optimiser’s cost function calculated revenue from
mature crops and costs from immediate energy expenditure (Eq. 5.6). This
design can lead to a disconnect where the optimiser cannot link changes in short
term energy strategy to mature fruit yield. Indeed, this disconnect was
compounded as crop attenuated fluctuations in photosynthesis through the
development stages of the fruits. As such a change in management strategy,
which does result in a fluctuation in photosynthesis was filtered out by the time
the effects of that fluctuation reach the mature fruit state. As such the optimiser
cannot observe any managerial impact of short-term climate fluctuations. In this
case using both mature fruits and instantaneous assimilate levels in the
optimiser’s cost function may be preferable in future research. This was as
energy expenditure can be linked to fruit development through the immediate
creation of assimilates. This suggestion does however remove the optimisers
incentive to develop mature fruits and as such may be suboptimal.

A further limitation concerning the optimisation used in this study is that the
constraints that were set for the model states were defined as soft constraints
within the optimiser. In doing so exceeding these constraints was disincentivised
but possible. As such, state constraints defined in the optimiser can be
interpreted as state value limits over which values are tolerable but undesirable
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or state value limits which we are usure of. Considering the model states that
were constrained (see table 5.3) the climate variables can be seen as managerial
guidelines and the constraints of the crop states are founded in previous
literature but require experimental validation. Having considered this, while it
was possible it was unlikely that these limits should be exceeded, and such are
unlikely to impact the overall conclusions that were drawn from this analysis.
The validity of this setup is further supported as this setup was validated in
Kuijpers, Katzin, et al., (2021). However, future research should assess the impact
of this assumption this by incorporating these constraints as hard constraints
within the model itself.

The study used data from a single season and a single location in the Netherlands,
the validation and generalisation of the outcomes of this study would require
multiple datasets. Indeed, this study also used a single model of the greenhouse
and crop. While this model was validated by Kuijpers, Antunes, et al,, (2021), the
outcomes of this study may be limited in its generalisability due to some nuance
of the model. As such, this study should be repeated using multiple models.

The power price data (table 5.4) used to simulate this experiment was a square
wave, being high in the middle 8 hours of the day and low for the 8 hours on
either side. Using this simplified price signal makes the analysis of the
greenhouse and crop’s response clear by demarcating times when changes in
strategy may be observed in the optimiser. While this simplification was based
on the broad trend of rising daytime prices on short term markets this
simplification was a departure from reality in that power prices are dynamic and
proto-stochastic as they can be influenced by sudden unforeseen changes in the
power grid. For the purposes of this study the assumption of a square wave price
is sufficient as it demonstrated the optimisers response to regular fluctuations in
power pricing, but future research should also investigate the impact of real
power price data.

5.5. Conclusion

This study investigated how the energy management of the greenhouse can be
optimised under fluctuating power prices. A key outcome was that the optimiser
proposed an adaptation of the greenhouse power management strategy. This
strategy focussed on buying far less power (-50%) and using more natural gas
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(+25%) to generate power in high price times to power the greenhouse lighting
and selling power to the grid (+145%). This study also found that the fixed gas
price had the largest role in managing power price fluctuations when compared
to the forecasted radiation levels and the crop’s assimilate pool. This study
investigated the suitability of the assimilate pool as an energy buffer and found
that in this case the buffer is not suitable due to its small size.
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Chapter 6.
General discussion
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The work set out in this thesis was incited to address two lines of thinking within
greenhouse horticultural research that were articulated as aims in the general
introduction. The first aim was to assess how fluctuation within weather data,
errors in model parameters and power price data influence errors within
greenhouse energy predictions. This aim was addressed in Chapters 2 to 4 which
focussed on assessing the individual and combined impact of weather forecast
and model parameter errors. The second aim of this thesis aim is to assess if the
crop’s assimilate pool, CHP and radiation forecast can be used to manage
fluctuating power prices. This second aim was investigated in Chapter 5.

6.1. Uncertainty vs. precision

Much of current thinking in greenhouse horticultural research and industry is
focused towards developing methods and tools with ever greater precision. This
perspective is grounded in the idea that all things can be known deterministically
and with ever greater accuracy, if only more data and resources are invested.
While this approach can often yield improvements it relegates another type of
insight. That is, the degree to which something can be known, also known as
quantifying uncertainty. From a practical perspective, this kind of insight is vital
for assessing risk and planning for possible futures. The pursuit of uncertainty
exploration sits apart from the pursuit of precision as a perspective that
highlights areas that require improvement and investigating how system
dynamics and disturbances can oppose the pursuit of precision. As such the work
presented in this thesis in relation to the first aim of this thesis, “to investigate
the improvement in greenhouse energy management that can be made by
accounting for uncertainty introduced from model parameters, weather forecasts
and fluctuating energy prices.” should be seen as providing crucial tools that are
complementary to the pursuit of precision. Allowing from the assessment of a
desired deterministic outcome and the statistical risk posed by an uncertain
future.

6.2. Reflection on findings

The Dutch horticultural sector is a large producer of horticultural crops and a
large consumer of energy. This energy demand comes at a cost to the
environment as fossil fuels are burned as part of the energy mix that provides the
sector’s required energy, which contributes to climate change. In the face the
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challenge to reduce the greenhouse horticulture sector’s environmental impact,
previous research has aimed to balance the production of crops and the usage of
energy. Chapters 2 to 4 of this thesis was poised address the first aim of this
thesis by improving greenhouse energy efficiency through managerial
improvements by identifying and making targeted reductions in sources of
energy demand prediction uncertainty.

In addressing the first aim of this thesis Chapter 2 found that the improvements
of energy predictions were relevant for greenhouse management given that
energy was bought on multiple markets. This was as the prediction errors made
as aresult of weather forecast errors exposed the grower to more volatile power
prices on shorter term markets. Radiation forecast error had the greatest impact
on predicted greenhouse power demand errors with a mean relative error of
®® b For gas demand errors the outside wind speed forecast mean relative error

p @t P and temperature forecasterror p ¥ P were the most impactful. These
insights can be understood by observing the processes that create energy
demand and are related to the weather variables. For example, the lamp lighting
within the greenhouse is the main source of power demand and is used
depending on the availability of natural light. As such it is logical that errors in
the radiation forecasts would impact lamp usage and in turn impact on power
demand. Given this kind of logical deduction it could also be possible to perform
rudimentary analysis to identify individual sources of uncertainty purely through
observation of the equations of the greenhouse model.

In addition to prediction errors introduced from weather forecasts, errors in the

value of model parameters can also lead to energy prediction uncertainty. This
impact was assessed in Chapter 3 which concluded that parameters relating to
the model of the lamp were the largest contributors to gas and power demand
prediction uncertainty. In the case of power demand, parameters relating to the
lamp model were found to have a greater coefficient of variation (¢ T Pthan
those related to the crop (U B) or greenhouse structure (U P). Again as in Chapter
2 the outcomes of this research highlight the role of model design in the
prorogation of uncertainty and in particular the design of lamp model. But this
chapter made the significant conclusion that larger groups of parameters are also
responsible for prediction uncertainty. This insight invites a fundamental change
in perspective whereby future analysis should consider the impact of larger
groups of parameters and not only groups of one or two parameters.

When analysing the combined impact of parametric and weather forecast-based
uncertainty in Chapter 4, it was found that the weather forecast error was by far
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the larger contributor. Creating a mean gas (¢ ¥7 | ) and power (¢ 71 )
prediction error when compared to parametric errors (U&7 | and
1®7 1 ). Furthermore, for the purposes of energy demand uncertainty
analysis weather forecast and parametric error could be treated independently.
This insight was a cornerstone for this uncertainty analysis as it allows for the
partitioning of the sample space between data and parametric error, making the
analysis less computationally intensive. While this was very useful for this
analysis, it should not be overlooked that assessing the combined impact of
uncertainties from different sources is a powerful tool for deep insights into how
uncertainty propagates through entire systems. This chapter also concluded that
improvements in weather forecast error have large diminishing returns with
prediction error where significant improvements in weather forecasts are
required for modest reductions in prediction uncertainty. For example, a large
80-90% reduction in forecast error only resulted in a 50% decrease in gas and
electrical power prediction error. The methodology proposed in Chapter 4 goes
a level deeper than a traditional sensitivity analysis by not only identifying how
much prediction error could be reduced but also how hard that would be to
achieve. Indeed, the conclusion of this analysis tells us that reductions in weather
forecast errors would yield improvements in energy predictions, but major
improvements are not easy to achieve.

In addition to the impact of greenhouse energy consumption directly on the
climate, climate change itself can have an effect on the availability of energy
resources. As the globe transitions to more sustainable weather-based energy
sources, the price of energy may become more volatile as it was increasingly
based on the availability of ideal weather conditions. As such Chapter 5 of this
thesis addressed the second aim of this thesis by investigating how a greenhouse
can be managed under disturbance from fluctuating energy prices by using the
CHP, the forecasted radiation level or the crop’s assimilate pool as an energy
buffer. This chapter concluded that the CHP and more specifically the gas price
was the main mechanism used to manage fluctuating power process. This
chapter also concluded that the crop’s assimilate pool has limited use as an
energy buffer. With the assimilate pool only having a small capacity to buffer
when compared to the greenhouse’s daily energy demand.

An overall conclusion that can be drawn from the work presented in this thesis
is that the design of the greenhouse controller is a key contributor to how input
error propagates into energy demand prediction uncertainty. Indeed, this
conclusion was found in Chapters 2-4 for traditional rule-based controllers that
are still common in industry. As such a contribution this thesis makes to the
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progression of the field of greenhouse horticultural research and to industry is
that rule-based control methods may be used and new control methods may be
developed, but without the understanding of the interaction of controller design
and input error, predictions will be uncertain.

6.3. Limitations from weather data

Chapters 2, 3 and 4 include demonstrations of the methods they propose using
historic weather data. The use of this weather data is predicated on a number of
simplifications and assumptions, which in turn apply limitations on the research
this data is used for. Firstly, the weather data used in this thesis was augmented
with synthetic sky temperature and diffuse radiation data. This synthetic data
was derived from weather variables within the dataset and using formulas from
literature (Luo, de Zwart, et al,, 2005; Orgill & Hollands, 1977). While these
synthetic variables may be representative, they may contain errors from
simplifications or assumptions used in these formulas which influence the
outcomes of the thesis. As such the accuracy of these equations should be
examined using recorded data of sky temperature and diffuse radiation levels as
well as different formulas for their estimation. This limitation was previously
partially addressed in appendix A, which concluded that the assumptions made
regarding sky temperature and diffuse radiation levels did not affect the
outcomes of Chapter 2 with regards to the creation of weather forecast derived
prediction uncertainty of energy demand. Having said this, future research
should apply the analysis proposed in appendix A to the Chapters 3 and 4 to
investigate the potential impact on parametric uncertainty and combined
parametric and weather forecast-based uncertainty. However, given the
conclusion of Chapter 4 that there is little interaction between parametric
uncertainty and weather forecast-based uncertainty it would be reasonable to
generalise the conclusions of appendix A to Chapters 3 and 4.

A further consideration when analyzing weather data is that in reality weather is
dynamic over the surface of the greenhouse and the data that is used in this thesis
are sampled from the single point where the weather measurement station was
located. As such all transient weather dynamics around the greenhouse are
removed. This has consequences for the analysis presented in this thesis as it may
introduce a form of spatial uncertainty. Whereby the sample point in the weather
station is not representative of the average climate around the greenhouse. The
significance of this simplification was addressed in Balendonck et al., (2010)
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who concluded experimentally that spatial variation in the greenhouse air
temperature was high at p 0 3. Despite the impact of spatial variation
identified by Balendonck little attention has been given as to how this spatial
variation might influence uncertainty analyses. If spatial variation were to be
incorporated, they may deepen the insight gained from an uncertainty analysis
by identifying precise locations in the greenhouse where the influence of weather
forecasts errors are most impactful. As such future research should consider the
implications of the removal of temporal and spatial variation in weather data by
performing an uncertainty analysis with data recorded from multiple locations
both within and outside the greenhouse or using a 3D model of the greenhouse.
Despite the potential ramifications of this simplification an aspatial perspective
is an industry standard and the norm for a large portion of greenhouse
horticultural research (Katzin et al,, 2020; Seginer et al, 2017; van Henten,
1994). As such the insight set out in this thesis are not compromised by the
exclusion of spatial variation in terms of their relevance to industry and
contemporary research, but instead this limitation is an invitation for a new
challenging dimension in future research in greenhouse uncertainty analysis.

Chapter 2 and 4 perform uncertainty analyses using time series of weather
forecast data. While these chapters capitalise on the availability of data streams
as articulated in Opportunity 1, they also must consider the impact of
correlative effects such as auto-correlation and cross-correlation on an
uncertainty analysis. These correlatory effects include auto-correlation, which is
a measure of similarity between samples in a data series. As such, any errors in
aset of time series data may be influenced by correlation between the data points
in that time series. These correlatory effects were found to play a large role in
creating weather forecast errors in Scher & Messori, (2018). If correlatory effects
then influence forecast error, the analyses in Chapters 2 and 4, which looks at
the prediction uncertainty caused by forecast errors may also be influenced by
auto-correlation and cross-correlation. This possibility is further complicated by
the fact that the analysis in Chapter 2 and 4 segment data streams. This
apportioning and rearranging of segments of weather data in effects breaks the
relationship between auto and cross-correlation, error and uncertainty that had
existed in the original dataset. This was done based on the underlying
assumption that correlatory effects which segmenting will remove are either
small or can be partially included using segments of a certain length and as such
have a limited influence on the uncertain analysis. In Chapter 4 weather data
was segmented into two week periods, the underlying assumption being that two
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weeks was a sufficient period to maintain the autocorrelatory effects within the
weather data. This assumption reflects insight gained by Kuijpers et al., (2022)
and from an unpublished autocorrelatory analysis performed as part of the
Flexcrop project which indicated that 7 days was a sufficient period. Indeed,
studies from outside the domain of greenhouse horticulture such as Polasek &
Cadik, (2023) concluded that only a period of 5 days of radiation forecasts
contained sufficient correlative effects to predict the power produce from
photovoltaic cells. As such previous research choosing shorter periods indicates
that the segmenting of data into two-week periods in this thesis is unlikely to
impact its conclusions. It however remains unclear how significant
autocorrelatory effects are in influencing the propagation of weather forecast
error in greenhouse models, and indeed whether the two week period could be
shortened as seen in Polasek & Cadik, (2023) without impacting the outcomes of
the analysis. If it were possible to shorten the length of data segments, more
unique samples could be drawn from the same dataset. This would in turn
increase the density of the weather forecast error sample space and could in turn
increase the accuracy of the corresponding prediction uncertainty distribution.

6.4. Limitations in greenhouse
modelling and control

The modelling of parametric uncertainty performed in Chapters 2 and 3
assumed that the parameters were normally distributed. This assumption is a
simplification as the distribution of these parameters may be alternatively
shaped, leading to a different profile of sampled values. The parameter
distributions used in this thesis were defined as having a 4t quartiles with a
value of Y p Tt bof the distribution’s mean value. Again, this assumption is a
simplification as many parameter may be known with a high degree of accuracy.
As such values sampled from these parameter distributions may have a larger or
small range than their true distribution. The potential limitations this poses on
the conclusions of Chapters 2 and 3 are that the exact sensitivity indices may
differ from those found in this thesis given different initial parameters
distributions. This is however unlikely, as if the response of the model predictions
to changes in a parameters value is approximately linear. This linear relationship
was found to be the case between power demand prediction error and the
parameter — in unpublished figures included as part of Chapter 3
section 3.3.4. As such, for this case the ratio of changes in predictions to changes

157



in the parameter value should be comparable in magnitude despite potential
inaccuracies in the range of parameter used.

As such the conclusions relating to parameters which are not sensitive should
remain consistent even if the exact sensitivity may change given a more informed
parameter distributions. It should also be noted that these assumptions while
imposing limitations as to the insight of these chapters are also practically
necessary given the lack of previous studies and available information to inform
these distributions. It would be of great interest for future research to perform a
large-scale parameter identification analysis with the goal of defining these
distributions more accurately.

A key outcome of Chapter 3 was that groups of parameters create prediction
uncertainty through interactive effects. These parameters also create prediction
uncertainty through feedback loops within the model whereby errors iteratively
propagate and grow. This considerable insight leads us to a paradigm shift to
consider uncertainty not as a linear propagation from parameters and input data
to predictions, but a process that is influenced by the design of the greenhouse
model and controller. As such the addition of uncertain parameters in models,
feedback loops and rules within the controller may alter or introduce an equation
that represents a relationship in the greenhouse system that had previously been
omitted. In doing so this can produce unforeseen changes in prediction
uncertainty by mechanistically altering the link between sources of error and
prediction states. These interactive and iterative effects have been identified in
the specific case study examined in Chapter 3. The link between system design
and prediction uncertainty invites a broader change in methodology to the
design of models and control systems. A change whereby the designer not only
considers relevant mechanisms that embody the target system, but how the
accuracy of the components of these mechanisms will influence overall
prediction uncertainty. This concept parallels the notion of structural
uncertainty analysis as described by Hoeting et al., (1999) but should be involved
in design and not only retrospective analysis.

A rule-based controller was used in Chapters 3 and 4, this controller was based
on the controller proposed in Katzin et al.,, (2020) and Vanthoor, Stanghellini, et
al,, (2011). While this controller was designed to represent a consumer grade
climate controller, there is a great degree of variation in the design and
calibration of rules sets used across the sector. As such the insight in Chapters 3
and 4 relating to the design of the controller impacting uncertainty propagation
may only be linked to the specific controller design used in this thesis and as such
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may place a limitation on this conclusion. However, this insight is also
corroborated by previous research, for example van Henten, (2003) concluded
that parameters related to the control of greenhouse humidity were key in
creating uncertainty in greenhouse economic performance. Furthermore
(Vanthoor, van Henten, et al., (2011) also concluded that the addition of a
controller reduced the impact of weather data error on prediction uncertainty.
As such there is a foundation in literature that is an affront to this limitation and
supports the general conclusion that controller design contributes to greenhouse
prediction uncertainty propagation.

6.5. Limitations from power market data

This thesis posits that the economic analysis in greenhouse horticultural
research should become more advanced and representative to remain impactful.
Chapter 2 has achieved this by introducing an economic analysis using time
series prices from multiple power markets. This is done in Chapter 2 using data
from the Dutch imbalance and day-ahead market to demonstrate how growers
might trade power using multiple markets. However, given the selection of data,
the insight from this analysis is specific only to the Netherlands. As such it has
limited relation to the dynamics in international markets and is only
approximately related to the trends within power markets within adjacent
European countries. More broadly the power price data used in this thesis are
exclusive to the period of time that data represents. As such the economic
analysis may include dynamics that are not relevant outside of that period of time
and may become less relevant as long-term market trends develop. Having
considered this the methodology and intention of Chapter 2 to broaden the
economic analysis of greenhouse energy demand remains an important
contribution as the methodology can be applied to any set of markets of varying
timescale and volatility.

A further limitation is that this analysis does not use data from the intra-day
market due to a lack of available data. This market is a where trading is done on
a 15 minute basis and up to 90 minutes before delivery (Chaves-Avila et al.,
2013). As such this market fills an important role in the power trading ecosystem
that is not met by the day-ahead or imbalance market which were included in
this thesis. As such the intra-day market is an important market for corrective
trading and should be included in future research. However, having considered
this, the demonstration performed in Chapter 2 retains its value as a
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demonstration of the risks taken by growers when trading on more volatile
power markets, regardless of the specific properties of these markets.

The day-ahead market price was used as a continuous market in this thesis,
where power can be bought from this market at any time. This is a simplification
of the reality of how this market operates. In reality this market is planned
whereby orders for the demand, supply and timing of power are collected until
12:00 every day. At this point supply and demand orders are matched, a contract
is formed and the power is supplied when specified (Chaves-Avila et al., 2013).
Given this the inclusion of day-ahead market data does introduce a more detailed
economic analysis that considers corrective trading. However, the assumption
that the day-ahead market is a continuous market limits the conclusions of
Chapter 2 in their relation to real trading dynamics. As such a next step would
be to construct a more realistic market structure that includes the different
mechanism power markets use for trading.

6.6. Recommendations and future
research

The outcomes of this thesis have a number of implications for broader society
and for the greenhouse horticultural sector. This thesis makes strides in
providing tools to analyse and improve greenhouse energy management through
prediction uncertainty mitigation. In doing so highlighting how the climate
impact of the greenhouse sector might be reduced through improved energy
management. Furthermore, the research performed in Chapters 2 and 5 of this
thesis investigated ways in which greenhouses can operate in a volatile energy
markets landscape. In doing so these chapters can aid a wider society by
stimulating development as to how the food supply from greenhouses can be
made secure in an increasingly unstable future where climate change drives
shifts in energy availability.

The research performed in Chapter 2 addressed Challenge 3 in assessing the
potential risk of increased costs from corrective trading on power markets. This
chapter concluded that the grower incurs excess costs by trading for
mispredicted energy on short term markets. In response to this the sector should
pursue contracts for the provision of power at fixed or banded rates to avoid
potentially volatile markets (Tanrisever etal., 2015). This proposal is made more
acute by the potential for increased market volatility as a results of global climate
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change (Mulder & Scholtens, 2013). In addition, future research might consider
how the analysis of greenhouse economics can be extended to incorporate the
contract format upon which revenue is received, with lump payments made after
delivery of bulk quantities of crops. In doing so the analysis of greenhouse
economics can become a closer approximation of practice allowing for deeper
practical insight and more relevant analysis.

A key conclusion of the research within this thesis is that the design of the
greenhouse controller strongly influences which factors impact the creation of
energy demand prediction uncertainty. As such a promising avenue for future
research is to go a level deeper to assess exactly how the composition and design
of greenhouse climate controllers influences which parameters are impactful.
For industry this insight should act as a warning to growers. A warning that
altering rules within their climate controller may diminish the overall prediction
accuracy of any associated decision support system by introducing new sources
of prediction error.

Research performed in Chapter 3 and 4 addressed Challenge 1 and highlighted
the overwhelming importance of lamp model parametrisation in the creation of
energy demand prediction uncertainty. As such industry should be sure to
correctly calibrate any lamp light model that is used as part of a decision support
system. Furthermore a key part of the research performed in Chapter 4 highlight
the potential impact of groups of parameters through higher order interactions.
As such this thesis posits a significant paradigm shift in the application of
uncertainty analysis in the domain of greenhouse horticultural research by
including higher order interactions in sensitivity analyses. Indeed, this chapter
concludes that for any complex system, assessing the combined influence oflarge
groups of parameters should become a staple part of uncertainty analysis.

Chapter 5 concluded that for the purposes of buffering electrical energy the
crop’s assimilate pool as modelled in this thesis has limited potential in industry
as an energy buffer. This is due to the crop buffer’s small size relative greenhouse
energy demand. This chapter did conclude that the access to fixed price gas was
the most effective way to manage fluctuation in power prices. However, this
solution relies on the availability of cheap fixed price gas, which may not be
possible in the future given the pressures of climate change. To avoid the use of
fossils fuels, the installation of a battery system in the greenhouse would allow
the greenhouse to buy power at cheap periods, store it and remobilise it during
peak times. In essence performing the same function that was hypothesised for
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the crop’s assimilate pool and gas run CHP, but with a larger capacity and the
potential to use renewable energy which makes a battery a viable solution.

Chapters 2, 3 and 4 make a significant contribution to the cause of uncertainty
analysis in greenhouse horticulture. These chapters proposed methods of
uncertainty analysis that are novel for the domain and indeed investigate novel
aspects of energy demand prediction. Specifically, the work in this thesis
introduced the method of Polynomial chaos expansions as a method of large scale
uncertainty analysis to the domain of greenhouse horticultural research. Such a
tool offers valuable novel insight but also invites a retrospective re-evaluation of
previous work. Future greenhouse research should embrace the forms of large-
scale uncertainty analysis that PCE offers, to deepen our understanding of
complex systems. Furthermore, the kind of insight that methods like PCE offers
invites future research to think about uncertainty propagation not as the
agitation of a linear system but as a ripple through a complex series of loops,
webs and buffers in which the design of the system is of paramount concern.

Chapter 4 considers the combined effect of parametric and data derived
prediction uncertainty. This research introduced a methodology that provides
the tools for future research and industry to not consider types of uncertainty
sources separately but to address interactions between different types of
uncertainty sources. Furthermore, these combined effects can vary with time and
the status of the system allowing analysis to be more situational and accurate in
identifying compounding and additive relations that would otherwise have been
undefined.
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Appendix

Appendix A - Cloudiness index and
ambient #/ level sensitivity analysis

A Sobol sensitivity analysis (Saltelli et al., 2008) was performed to assess the
impact of the assumptions made about the weather data used in this study. The
assumptions that are included are that the cloudiness index (CI) is constant at
0.7 and that the Outdoor #1t level (#11 ) is constant at 410 ppm.

To perform a sensitivity analysis, the parameter #Tt has a normal prior
distribution defined. Its mean is the nominal value used in the study, with a
standard deviation (i &) defined so that the 99t percentile of the prior is
approximately +10% of the mean value:

G md AAM (A1)

The cloudiness index parameter (CI) has a prior distribution that is defined as a
uniform distribution. This distribution shape and limits are chosen based on
expert opinion and the distribution of historical cloudiness index data. The limits
of this prior are defined as being between 0.4 and 0.8.

Table A.1: Parameter priors used in the assumption sensitivity analysis

Normal distribution Uniform distribution
Outdoor #T1t Cloudiness index (CI)
(#m )

Mean 410 Min 0.4

Standard 8.20 Max 0.8

deviation

Assumed value 410 0.7

These parameter distributions are sampled 1000 times using a Monte-Carlo
method. This set of samples are used to simulate 1000 greenhouse power
demand predictions using the KASPRO model and recorded weather data setup
described in section 2.2.1 and 2.2.7.

These simulations when used in the Sobol sensitivity framework concluded that
the prediction of greenhouse power demand is completely insensitive to
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variations in the two parameters included in this analysis. This result is logical as
within KASPRO the greenhouse power demand is derived from the lamp lighting
power demand and the parameters #1t  and CI are not included in the control
of the lamp lighting. In the case of the CI, this parameter is used to calculate the
diffuse radiation but a separate data stream, the global radiation, is used to
control the lighting. This means that while the values used in these assumptions
should be realistic, their precise value has no impact on the analysis done in this
study.

Appendix B - Local one-by-one
parametric uncertainty analysis

To corroborate and assess the consistency of the results found in the parametric
PCE meta-model-based analysis (section 2.2.4.1) a one-by-one local sensitivity
analysis was done. This uses the power prediction demand calculated using a
parameter sample set in which each parameter is sampled 20 times individually.
All the remaining parameters retained their nominal value, as defined in table
2.3. The sensitivity of each parameter (B was then defined as the fraction of
variation in the power demand prediction RMS error made using a parameter set
with variations in only one parameter R , over the variation of perturbing all
of the parameters simultaneously 1000 times, Ry . As such these sensitivity
indices are defined as follows,

OA® (B.1)

YY)

The resulting sensitivity indices are shown in the figure below.
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Fig. B.1 - The one-by-one sensitivity indices (-|| |=] of the greenhouse’s power
demand prediction to individual variation in the model parameters.

Fig. B.1 shows that even though this analysis does not consider interaction and
has a limited sample size the key outcomes mirror that of the total order indices
of the PCE used in the study. These being that the lamp light intensity has the
greatest contribution and that remaining parameters do have a limited impact.

Appendix C - The capacity of the crop
assimilate pool

To assess the feasibility of the crop’s assimilate pool as an energy buffer, an
analysis was performed that compares the scales of the energy buffer with the
energy demand of a greenhouse over a day. In doing so this analysis shows how
much energy might be buffered and puts the potential role of the buffer in context
when compared to the operations of a greenhouse.
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Concerning the crop, it was assumed that the crop’s assimilate pool has one cycle
of being filled during the day and emptied during the night. This assumption was
founded on insight from experimental observations and previous models of the
assimilate pool (Heuvelink, 1999; Vanthoor, de Visser, et al., 2011). An additional
assumption made for this analysis is that the assimilate stored in the buffer is
treated as glucose for the purposes of energy density calculations. Given these
assumptions the potential energy that can be stored in the crop’s assimilate pool
(" OFE) was defined as the product of the buffer’s capacity (# ) and the
energy density of glucose (% ), such that

"OEEH# v N . [-*d BN ] (c.1)

In which the crop’s assimilate pool capacity (# was defined as
Pp@®C# (/d (Seginer,2022) and the energy density of glucose (% was
set to T@® L X 8C (Pielou, 2001). The energy potential of the buffer is was
compared to the potential energy demand of the greenhouse heating (( A@ )
and lighting (, E @ B system over a day. It was assumed that the lighting and
heating was operated for 8 hours during the day. As such the energy potentials of
heating and lighting can be defined as the product of the energy rating of the
heating system (f ) and lamps (J i ) respectively and the period of

operation, where

,EQE | 5 omm [-d SA] (C2
and

(AR | § domrgs [ d &N (C.3)

In this case the lighting (J i )isratedatp prd 30 (Katzinetal,2020)
and the heating system capacity (]  )atpo¥d 30 (Vermeulen,
2016). Accordingly it is possible to compare the energy potentials of the crop’s
assimilate pool, greenhouse heating system demand and greenhouse power
demand. The results of this comparison can be seen in Fig C.2.
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Fig. C.2 shows that the crop’s assimilate pool is much smaller than the energy

demand of the greenhouse, indeed it is 2.95% the size of the combined demand
of the greenhouse heating and power. As such in this scenario it is not a viable
buffer for the storage of energy due to its size.

Appendix D - Analysis of the crop’s ability
to tolerate a fluctuating climate

An analysis was performed to investigate the ability of the crop’s assimilate pool
to buffer fluctuations in the indoor temperature and radiation. By doing this
analysis it is possible to assess the suitability of the crop to tolerate a fluctuating
climate. Furthermore the crop’s ability to tolerate a fluctuating climate has
implications for the crop’s potential as an energy buffer, as the buffering of
energy is contingent on fluctuations in energy availability which may lead to
fluctuations in the climate in the greenhouse.
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As such this analysis used the crop model proposed by (Kuijpers, Antunes, et al.,
2021) which was input with data that represent a synthetic indoor climate over
a 30 day period. This synthetic climate has fluctuating temperature and radiation
levels, these fluctuations are represented as two in phase square waves within
initially high levels whose lower and upper levels are detailed in table D.1.

Table D.1: Fluctuating indoor radiation and air

temperature.

4A DPAOADC 2 AAEAIDE DT © O°
, T kAC p T C T
(ECHRAC qu Yo

In addition, the ambient #/  levels were fixed at (@ Q3%  and no leaves were
harvested over the simulation period. To assess the impact of the fluctuating
climate variables the periods of the fluctuations were increased from 1 to 14 days
with a step of 1 day, and the amplitudes of the fluctuations were scaled by a factor
of 0.5 to 1.5 at a step of 0.1. In doing so it is possible to assess the crop’s ability
to tolerate various climate fluctuations and their impact on yield. The amount of
assimilate in the mature fruits, given climate fluctuations of various amplitude
and periods can be seen in Fig D.1.
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Fig. D.1 - The assimilate content of mature fruits given fluctuating lighting
and heating and changes in the period and amplitude of these
fluctuations.

Fig D.1 shows that the greatest quantity of assimilate in the mature fruits isin a
fluctuating climate with a period of 1 day and an amplitude scaling factor of 1.2.
Indeed, as the period of fluctuations increase, the level of assimilates falls away
rapidly, implying that the yield of mature fruits are not robust to large
fluctuations in climate. Another observation is that for a climate whose levels
have an amplitude scaling factor of 0.8 to 1 there is some ability to buffer longer
periods of fluctuations with the second peak having a period of 10 days.
However, it should be noted that this buffering is lower than keeping the

fluctuation period to one day.
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It should also be noted that the insight drawn from this analysis is dependent on
the design of the crop model, the completeness of the data used to calibrate it
and the omission of behaviours which might impact the crop’s ability to buffer
assimilates. Indeed, future research may investigate the role of model design on

the crop response to a fluctuating climate.
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