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Abstract

Ten years ago, industrial processes underwent a significant change due to the prominent applica-
tion of digital technologies in various forms, which greatly helped boost productivity and safety. In
recent times, digital technologies have reached the agricultural sector, where they appear to be the
solution for higher yields, better quality, and resource optimization. Despite such premise, how-
ever, nowadays, digital technologies are poorly used in this field, as they are often simply relegated
to a way of collecting and processing data. This research shows that benefits provided by computer
science span over ones already used by integrating advanced modeling and control methodologies
from systems engineering to monitor, predict, and control complex processes in a greenhouse con-
text. First, we address and solve the problem of microclimatic variability within different zones
by developing a modeling technique based on soft sensors to predict location-specific tempera-
ture starting from a centralized reading, thus removing the need for physical sensors. Secondly,
throughout the usage of Hybrid Automata, we re-implement the well-known tomato model TOM-
GRO using the mentioned formalism alongside a pathogen model for Oidium Lycopersici, which,
thanks to automata formalism, we manage to compose with the tomato model. Next, we optimize
control over such automata thanks to the supervisory control theory, which allows us to automat-
ically synthesize supervisors for a system given the requirement, or by taking an already existing
parametric controller and optimize it via simulation. Finally, we put all the pieces together using
soft sensors to specialize climatic readings to act as input to different pairs of tomato-pathogen
automata dislocated in a field, where the pathogen can grow and spread to neighbors, propagating
the infection. Meanwhile, the supervisor tries to keep the temperature value within a favorable
range for crops. The presented models have been validated using actual data retrieved from fields,
and simulation models’ outputs have been proved to be trustworthy by comparing results with
actual ones retrieved from past experiments.
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Chapter 1

Introduction

Agriculture and computer science have never been as close as they were in the last few years. With
the increasing demand for agricultural goods in terms of quantity and quality and the constant
need to reduce chemical treatments such as fertilizers and pesticides, the exploitation of computer
science technologies considerably helped achieve control and optimization of agricultural processes.
Despite this, Computer Science and Agronomy nowadays remain two separate worlds, as the former
is mainly devoted to providing data needed by the latter. In contrast, the contribution of Computer
Science can go much further due to its historical background concerning modeling and control
methodologies, that could prove extremely beneficial to agriculture.

In the last decade, however, a similar situation was faced when the Industry and Computer
Science worlds met to create what today is called Industry 4.0 [3]. Although the term, originally
introduced back in 2011, had the purpose of indicating the application of Cyber-Physical System
(CPS) concepts in the Industrial Domain, the idea quickly grew popular and gave start to a new
research field where scientists tried to apply other concepts known in Computer Science, beside
CPS, to the industrial domain in order to further improve the newborn conjunction between these
two, previously separated, worlds. For example, concepts such as Electronic Design Automation
(EDA) [4], simulation [5], or cybersecurity [6] were also applied to the industrial sphere and proved
to be successful research fields. This situation is represented in figure 1.1: up to today, researchers
limited themselves to using only knowledge related to sensing and data processing; contrarily,
computer science’s true strength and knowledge lies at a much higher level of abstraction and
problem formulation, which is however not considered by agronomist due to the different study
background.

The main objective of this thesis is to bridge computer science and agronomy to establish
a different modeling methodology that leverages computational modeling, automata formalism,
and data-driven techniques to simulate, predict, and improve control strategies in crop growth
processes, taking inspiration from Industry 4.0 and adapt similar principles to agricultural systems.
Automata theory [7] in particular seems to be a promising approach for plant and disease modeling,
as they can easily replace the traditional way used to describe an agronomic model, constituted
by relational diagrams [8], used to display relations between various state variables, and plain
equations which rule the evolution of state variables and, in some cases, also to express a change of
state. However, such description lacks formality, which significantly limits how the model can be
used due to factors such as ambiguous writing, which may cause errors in the manual translation
into source code, the impossibility of performing verification of specific properties on the system,
or difficulty on combining different models into a more complex one without rewriting them into
a single, bigger, monolithic model. We believe that automata formalism can easily solve all the
mentioned problems and others while being the best formalism to use due to its simplicity and
expressive power. Furthermore, by using automata formalism, we can access more than 30 years
of theories, such as minimization, composition, and many more. Moreover, automata can also
be synthesized automatically into executable code for simulation and control, whereas traditional
models do not. Using such formalisms and theories, we aim to provide expert in agronomic science
with a new set of tools they can use to improve the overall quality of their work, such as achieving
higher agricultural yields, reduced environmental impact, and more precise resource management.

To prove our claims, we apply automata-based modeling to the context of greenhouse farming,
as the closed environment offers a much more interesting challenge for monitoring and control with
respect to the open field where, instead, there is no method to change climatic conditions with
actions. The considered case study comprehends the main elements constituting the greenhouse
environment where crops grow: the climatic conditions inside the greenhouse, the crops growing

9



10 CHAPTER 1. INTRODUCTION

Figure 1.1: An artistic representation of (part of) the knowledge Computer Science offers in matter
of system modeling.

in it, the possible pathogens spreading, and finally, the feedback control actions have on the crops.
For each considered aspect, we examine its state of the art, address limitations of current solutions,
and propose new ones based on computer science and system engineering methodology.

First, we examine the current status of greenhouse environmental monitoring, discovering how,
in traditional modeling, microclimatic heterogeneity is often left behind in favor of a simplified
model where environmental conditions are uniform. This factor is a big issue that must be ad-
dressed, as such differences may reach significant values (even more than 5°C), leading to irregular
crop growth and the possible appearance of pathogens. Therefore, our work aims to solve this
situation by providing a methodology that can be computationally efficient, scalable, and capable
of deployment in diverse agricultural settings to address and solve the problem of microclimatic
heterogeneity within a greenhouse. We do so by implementing a soft sensors-based technique for
cost-effective data acquisition at various points of interest in a greenhouse, which proved to be
very precise while maintaining low costs, by combining data gathered at fixed locations and data
obtained by persistent weather stations via linear regression, to develop models capable of esti-
mating weather condition at a specific location in function of data from the fixed station at any
time without the need of a physical device.

Next, we shift our focus to crop models and their descriptions. To avoid developing a crop
model from scratch, we take advantage of the vast agronomic literature available and chose a
well-known model for our work. Therefore, our choice falls on the tomato model TOMGRO, a
model present in literature since the early ’90s that has been intensely reviewed and examined
throughout the years. Starting from such a model, described only using differential equation
and common language, we leverage the descriptive power discrete-time hybrid automata (DTHA)
provide us to derive three separate models, each one representing a critical growth factor for the
tomato crop, these being biomass, leaf area index (LAI), and node development. Following the
identification phase, we formalize each sub-model independently to remove ambiguity while also
allowing all available formal techniques, not the last supervisory control theory, to study models’
properties further. Subsequently, we put our automata under a parameter identification procedure,
using data provided by the Department of Agriculture, Food and Environment of the University
of Pisa, which is performed not on the entire system, as traditional methods would do, but rather
on singles automata thanks to the compositional property of used formalism. Finally, we simulate
the three automata together, taking strength in the synchronization property, to show how the
original model could be recomposed very easily, showing that it is possible to study each sub-model
independently and apply the obtained results to the total model without any additional effort.
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Following the adaption of the crop model, we shift our attention to pathogens that could infect
crops. Following the indication of experts, we focused our research on Oidium Lycopersici, a mold
commonly known to infect tomato leaves and cover them with a white veil that stops photosynthetic
activities. A model for such disease is identified in the literature, and just like for the crop’s model,
we show how, by starting from a pathogen model described in a research paper, we can derive its
DTHA counterpart, which shares the same behavior as the original but with the addition of being
able to compose with other automata thanks to the formalism used. As such, we show that two
completely different models, one for the plant and one for the pathogen, can be put together in
simulation as if they were a single model while also obtaining trustworthy results. Furthermore,
we also extend the developed model by using automata’s innate ability to compose with each other
to add a spatial component to our system and allow a pathogen to spread onto nearby crops and
propagate the infection.

Successively, we focus our research on greenhouses’ control techniques, for which two studies are
conducted. First, we showcase how, from the crop model, a new control strategy can be obtained via
automatic synthesis using the control supervisory theory (CST) implemented within the ESCET
tool to generate the controller’s model to enforce desired properties on the system. In order to
do so, we first develop a simplistic model of how the temperature inside a greenhouse evolves
and how control actions affect it, therefore resulting in the creation of a simple greenhouse model
that estimates the internal temperature in function of external conditions (external temperature
and solar radiation) and the angle ruling windows opening, which regulates the airflow and help
dissipating the heat and is controlled itself by a separate component which receives command by a
controller. Following the modeling part, we perform an abstraction procedure to transform DTHA
into FSA, allowing us to use ESCET’s supervisory control synthesis, which only accepts these kinds
of automata as input of the procedure, and to obtain an automaton representing our supervisor.
Finally, we applied the resulting supervisor directly onto the original DTHA model by composing
it alongside the greenhouse system and the crop model to showcase its functionality.

The second study we perform on control techniques, instead, focuses on improving already
existing control strategies, often relying on user-defined parameters to work optimally. To do so,
we show how we can use our model to explore the state space of possible parameter combinations
for a controller’s variables and set points in order to search which one is the best for a group of
input traces. In this way, we provide end users with a new set of knowledge to help them in the
decision-making process. Furthermore, we also showcase how this approach can be extended by
iteratively searching for the best values while the crop is still growing by using forecast data, thus
implementing a Model Predictive Control (MPC) approach for decision-making. As in previous
cases, we start here too by modeling the controller using automata and composing it with our
system; next, we use the ESCET tool again, but this time to perform code synthesis and obtain
an executable source code perfectly representing our complete system. From there, we perform
simulation on multiple data traces to perform the search process.

Finally, all solutions are assembled in a single complex system representing the entire green-
house. Estimations provided by our climatic model are connected with soft sensors to estimate
microclimatic differences, allowing the use of multiple climatic inputs to different crop-pathogen
couples placed in a spatial grid to model the evolutions of multiple plants in different positions
within the greenhouse. Moreover, pathogen models are also connected so that the infection could
spread from a starting host to nearby crops, just like it would happen in reality. Meanwhile, crop
data are used as input for the control model responsible for changing window opening policies.
In the end, we manage to simulate in both space and time the evolution of the entire greenhouse
system, made possible only thanks to the usage of formal models that allowed us to easily apply
the various results obtained throughout the years (simulation, composition, code generation, and
more), at the sole price of the effort done to translate models from their original writing to the
computer science formalism.

This document is divided as follows: Chapter 2 provides all knowledge needed to understand the
presented work fully; Chapter 3 discusses the current state of the art, presents nowadays solutions
for problems faced during this work and addresses differences and limitation of such solutions
concerning proposed ones. Chapters from 4 to 8 describe in detail the work done for each objective:
Chapter 4 shows how soft sensor modeling was applied to greenhouse microclimatic monitoring and
results obtained; Chapter 5 explains how the tomato model TOMGRO was rewritten as a discrete-
time hybrid automaton, while Chapter 6 describes the same procedure applied for a disease model;
Chapter 7 describes step performed to create a new control strategy starting from developed models
and specific requirements; Chapter 8, on the other hand, implements an already existing control
strategy and optimize it by suggesting end user the best parameters to input in the system. Finally,
Chapter 9 concludes this research and summarizes the obtained results.
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Chapter 2

Background

In this chapter, we will provide all the basic knowledge in crop modeling and automata theory
needed by readers to fully understand the terminology and tools used in this thesis.

2.1 Environment monitoring in the Greenhouse Context

As biological beings, crops are heavily influenced by the environment surrounding them. This factor
will also be seen in future sections, where climatic parameters will become inputs to both models
for crops and pathogens. However, such parameters represent only a subset of actual environmental
parameters in the greenhouse context, which still impact plant behavior and development. The
main environmental parameters to monitor are Solar Radiation and CO2 concentration, both used
to perform the photosynthetic process needed by crops to live, as well as temperature and relative
humidity (RH), which act both as a limiting factor for crops while also ruling the life cycle of
possible disease.

Besides already mentioned environmental parameters, we can also add the need to monitor
the so-called Abiotic Constrains (also known asAbiotic stressors [9]), i.e., all those environmental
parameters which cause and abiotic stress and therefore trigger morphological, physiological and
biochemical reactions that affect crops’ growth negatively [10]. On a similar note, we also find
Biotic stressors, which are the biological factors (such as insects, pest illnesses) hindering a crop’s
development [1]. Abiotic stressors can be divided mainly into two categories: soil properties,
such as salinity, nutrient concentration, waterlogging, and metal toxicity, and climatic stresses,
such as drought, high/low temperatures, and extreme radiation. In the case of soil properties,
an imbalance in the soil salinity, due, for example, to insufficient drainage, may cause osmotic
stress and ionic stress, which have as consequences growth inhibition due stomatal closure and
suppression of photosynthesis [11]. Alternatively, a lack of nutrients in the soil may also limit
crops’ growth, whereas their excess may become toxic for the crop, leading to the same result as
before. Figure 2.1 schematically represents the major stressors for a crop.

Figure 2.1: Overview of major causes of biotic and abiotic stress(from [1])

If we move instead to analyze the causes of climatic stress, drought is probably the most
dangerous. Limiting water supply to crops for an extended period due to insufficient irrigation or

13
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rainfalls may cause an abnormal metabolism responsible for reducing and potentially halting the
plant’s growth [10, 1], and even causing the crop’s death. Other causes of climatic stress may be
excessive heat, which may affect photosynthetic efficiency and crop phenology, and excessive cold,
which causes poor leaf expansion, necrosis, and eventually death [10].

Considering how much crops are affected by the surrounding environment, keeping track of
all parameters becomes essential to properly assess crops’ growth conditions and eventually take
action to avoid possible dangerous situations [12]. In order to do this, sensors are the best solution,
as they allow the monitoring of such parameters directly in situ and continuously. Temperature
can be measured by using traditional thermocouple or Resistance Thermometer Detectors (RTDs):
relative humidity is usually measured using capacitive-type sensors, constituted by a pair of elec-
trodes having in-between a specific material with a known dielectric constant to create a capacitor.
Light can be sensed in different methods: traditional solar irradiation (measured as Wm−2) can be
measured using pyranometer, while photosynthetic active radiation (PAR, µmol photons m−2s−1)
and photosynthetic photon flux density (PPFD, µmol photons s−1) measure only the photosyn-
thetic active portion of incoming light, which spans between 400 and 700 nm, using quantum
sensors; CO2 is instead typically monitored using nondispersive infrared (NDIR) sensors which
measure the absorption of the characteristic wavelength of the air. Finally, soil moisture can be
monitored again using capacitative sensors similar to relative humidity or a tensiometer. At the
same time, salinity can be measured using soil’s electrical conductibility (EC) sensors, with a direct
correlation between soil conduciveness and salt presence.

2.2 History of Crop Modeling

The history of crop models and the theory behind them goes back up to the early second half of the
last century, as first theories and proposed models can be tracked down between the ’60s and the
’70s. It is in such years, in fact, that Forrester publishes his work “Industrial Dynamics” [13] (1961),
a book where the author discusses the methodology to represent different types of systems through
simple equations updating state variables in the classic form of x(t+1) = x(t) +R with x being a
state variable and R a rate at which x changes. Alongside the classical representation via equations,
Forrester also introduces the so-called relational diagrams, visual graphs that represent the flow
and correlation between the various state variables of a system, as shown in figure 2.2. Despite

Figure 2.2: Example of relational diagram (from [2])

Forrester’s book being mainly intended for describing industrial processes, its methodology spread
over and reached the agronomical world, where it was adopted to describe systems constituted by
crops and pests. It is possible to see, in fact, that following Forrester’s work, a series of books
and manuscripts began to appear in the agronomical literature explaining how crop systems could
be modeled and simulated using those same methods described by Forrester. An example of such
works is given by Zadoks’s manuscript [14] (1971), De Vries [15], and Rabbinge’s [16] books (1982
and 1989 respectively). Thanks to such works, Forrester’s modeling approach started spreading,
becoming more and more prominent in agronomy, and quickly turning into the central paradigm
used to describe most agronomic models developed at the time and even up to today [17, 18].



2.3. THE TOMGRO MODEL 15

2.3 The TOMGRO model

The original TOMGRO model was developed in 1991 by Jones et al.[19]. It aimed to describe
tomato’s crop growth in response to climatic conditions (temperature, light, CO2) while assuming
optimal conditions for the soil. The model divides tomato’s growth into ten different phases, or
age classes, and for each one assigns seven state variables to monitor the evolution [20]: number
of leaves, number of stem nodes, number of fruits, dry weight of leaves, dry weight of stem nodes,
dry weight of fruits, and area of leaves. Therefore, the total number of state variables describing
the system would be 70, but since some are shared among age classes, the total number is reduced
to 69 [21]. In the following years, a refined version of the TOMGRO, namely TOMGRO 3.0, was
developed with an increased number of state variables, for a total of 574. In 1999, Jones et al.,
in order to reduce the complexity of models developed so far, proposed a reduced version of the
TOMGRO, which used only five total state variables [21]: number of nodes N (represented as a
real value despite in reality being counted as an integer), leaf area index LAI, total aboveground
dry weight W , total fruit dry weight Wf and total mature fruit dry weight Wm. The model runs
on a daily basis, each variable evolving according to its differential equations. Ruling dynamics for
the model are shown in equations (2.1) to (2.5), reported from the original work of Jones et al..

dN

dt
= NmfN (Tm) (2.1)

dLAI

dt
=

⎧⎨⎩ρσλ(Td)
eβ(N−Nb)

1 + eβ(N−Nb)

dN

dt
if LAI ≤ LAIMAX

0 if LAI > LAIMAX

(2.2)

dW

dt
= MIN(GRnet − p1ρ

dN

dt
,
dWf

dt
+ (Vmax − p1)ρ

dN

dt
) (2.3)

dWf

dt
=

⎧⎪⎨⎪⎩
0 if N < NFF

GRnetαfFf (Tm)(1− e−θ(N−NFF)) if Tdm ≤ Tcrit

GRnetαfFf (Tm)(1− e−θ(N−NFF))(1− 0.154(Tdm − Tcrit)) if Tdm > Tcrit

(2.4)

dWm

dt
=

{︄
0 if N ≤ Nff +Kff

Df (Tm)(Wf −Wm) if N > Nff +Kff

(2.5)

In equations (2.1)-(2.5), the terms Tm and Tdm represent respectively the daily average temperature
and the daily average daytime temperature, fN is a piecewise function computing growth reduction
under sub-optimal temperatures (fully examined in section 5.4), and GRnet is an algebraic term
that can be substituted with the expression(2.6), representing the plant’s nutrient gross assimilation
for the day:

GRnet = E(Pg −Rm)(1− fR(N)) (2.6)

Finally, we remand to table 5.1 in Chapter 5 to check the meaning for all the remaining
parameters and support functions.

1999 TOMGRO model remained almost unchanged in the years. However, it is worth men-
tioning a significant change proposed in the last decade in Bacci et al. [22]’s work, where LAI’s
growth function ((2.2)) was changed from the original expolinear formula with a more typical sig-
moid function which, according to writers, better represents leaf area evolution. Bacci’s alternative
formulation for LAI is presented in equation 2.7. In such formula, it is important to note that the
LAI’s value is computed directly instead of its increment, as this formulation computes LAI using
only the number of nodes N..

LAI(N) =
ab+ LAIMAX ·Nd

b+Nd
(2.7)

Figure 2.3 visually represents the differences between the two formulations. Bacci’s is more natural
and closer to the crop’s actual behavior, whereas TOMGRO’s presents sharper changes and is less
close to the natural behavior.



16 CHAPTER 2. BACKGROUND

Figure 2.3: Evolution of the LAI using proposed formulas: orange is (2.2) and blue is 2.7

One of TOMGROs crucial components consists in the computation of crops’ biomass dry weight,
either total and for fruit, both mature and not. The first element needed to compute such values is a
way to obtain the total gross nutrient assimilation, computed in equation (2.6). In the formula, the
terms Pg andRm represent respectively the daily gross photosynthesis and maintenance respiration,
i.e. the total nutrients accumulated over day and the amount of these which are required by the
crop to just survive. These two terms evolve faster than the others and are computed hourly.
Therefore, in the TOMGRO model, these two elements are computed as the hourly integral over
the day duration, according to equations (2.8) and (2.9), where dh denotes an integration on an
hourly basis. Equation (2.9) is derived from [21], while equation (2.8) from the orignal model([19])
instead. The term CO2 indicates the average hourly CO2 concentration, Tdm the average hourly
temperature, and PPFD the average hourly photosynthetic photon flux density, all inputs sensed
from the environment.

Pg =

∫︂ (︃
DτCO2PgR(Tmh)

K
ln

(︃
(1−m)τCO2 +Qe ·K · PPFD

(1−m)τCO2 +Qe ·K · PPFD · e−K·LAI

)︃)︃
dh (2.8)

Rm =

∫︂ (︂
Q

T−20
10

10 rm · (W −Wm)
)︂
dh (2.9)

Since in this document we will mainly focus on the 1999 reduced TOMGRO model, from now
on we will refer to it simply as “TOMGRO”, except for when explicitly stated otherwise.

2.4 Crop Diseases

One of the main concerns in agriculture comes for sure from the several plant pathogens, such
as bacteria and fungi, that can cause severe damage to consumers, crops, and the economy, an
example being the 1845 catastrophic spread of Peronospora on potato production in Ireland in
[23]. Plant protection, however, is not an easy task, as using products to avoid diseases often
clashes with the requriements of sustainability and environmental protection. For example, recent
European regulation (REG 1107/09/CE)1, focusing on health and environment protection, forces
farmers to abandon traditional chemical-based agricultural production and to adopt plant pro-
duction strategies coming from integrated or organic production. Furthermore, REG 128/09/CE2

establish a framework for sustainable use of pesticides. These regulations force the adoption of
more knowledge-based approaches to predict and monitor plant infections.

Infections on plant hosts are favored by specific environmental conditions, which may change
depending on the pathogen itself and within the time such pathogen spends in the field or green-
house crops. Generally speaking, it is possible to establish three conditions that must necessarily
occur for an infection to happen:

1. Presence of a susceptible host.

1https://eur-lex.europa.eu/EN/legal-content/summary/pesticide-safety-on-the-eu-market.html
2https://eur-lex.europa.eu/legal-content/EN/TXT/PDF/?uri=CELEX:02009L0128-20190726

https://eur-lex.europa.eu/EN/legal-content/summary/pesticide-safety-on-the-eu-market.html
https://eur-lex.europa.eu/legal-content/EN/TXT/PDF/?uri=CELEX:02009L0128-20190726
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2. Presence of a virulent pathogen in the environment.

3. Availability of nutrients and favorable environmental conditions for both the host and the
pathogen.

Since the first two conditions are unavoidable, one can try to work on the third, especially in
greenhouses, where one can have more or less sophisticated control over environmental variables
(temperature, relative humidity, light).

Since the presented work focuses mainly on the tomato crop, a selection of diseases typical for
such plants has been considered for modeling. Among them, some are caused by bacteria, others by
insect species that can damage the tomato crop (Trialeurodes vaporariorum, Bemisia tabaci, Tuta
absoluta, etc.), other diseases may be caused by fungal pathogens, such as Powdery mildew, Grey
mold, Late blight, Cladosporium leaf mold, Alternaria leaf spot and White mold to name a few.
Among the presented ones, powdery mildew is probably one of the most common and dangerous
diseases in tomatoes, caused by the biotrophic tomato pathogens Oidium Neolycopersici [24] and
Leveillula Taurica [25, 26], where biotrophic means that the pathogen act as a parasite, living in
symbiosis with the host, using the host’s cells as fuel for its reproductive capabilities. Because of
this, that pathogen’s goal is to survive symbiosis with the host, not kill it.

Parasites causing Powdery Mildew are distributed everywhere in the world. However, they
are most frequently found in temperate climate zones and rarely in humid tropical areas, where
daily precipitation can wash the spores away from the host plant [24]. Because of such behaviors,
these pathogens can find in greenhouses’ climate the ideal environmental conditions to establish
and proliferate, leading to crop-level infection if not controlled. The greenhouse environment
is, in fact, tailored to maximize crops’ (hosts’) growth in order to increase the yield, and without
extreme fluctuations in temperature and relative humidity values that may instead happen in open
fields. Moreover, as plant biomass increases in the greenhouse, their total transpiration increases
as well, thus maximizing relative humidity, a condition highly correlated with the probability
of powdery mildew infections [27, 28, 25]. In addition, other microclimatic factors may further
enhance the chances of a pathogen finding the perfect environment to spread. For example, large
water availability may allow the plant to maximize its transpiration function, causing an increase in
relative humidity near the leaves, thus promoting infection and growth of pathogens that appreciate
high relative humidity. Once the infection begins, powdery mildews can be easily recognized due
to their peculiarity of creating a white superficial mycelium, a set of round colonies (pustules)
that gradually coalesce to white continuous coatings. These coatings are more often formed on
leaves and less frequently on fruits and stalks [24]. However, when this happens, it signals that
the infection has already started spreading.

Among causes of Powdery Mildew, Oidium Neolycopersici is a particular species belonging to
the group of powdery mildew fungi. Oidium Neolycopersici is a highly polyphagous fungus that
infects tomato plants and causes powdery white lesions on the tomato leaf surface while typically
leaving the fruits uninfected. Severe infections may lead to the manifestation of these symptoms
and cause leaf chlorosis, necrosis of the tissue, premature senescence, and a marked reduction in
fruit size and quality [29]. As a consequence, the overall productivity of a plant can be reduced
by 20-40%. The causes for such reduction are found in the development of the fungal mass on the
leaf surface, which acts as an obstacle to the proper functioning of chlorophyll function, blocking
sunlight radiations. In addition, lesions produced by the fungus reduce the functionality of the
leaf surface for both chlorophyll function and transpiration. As such, Oidium Neolycopersici has
become a problem, primarily since it has spread rapidly around the world, possibly due to the
ever-increasing movement of plants through the international horticulture trade. However, the
main reason behind such spread is due to the aerial dispersion of conidia (spores), their subsequent
survival on numerous alternative hosts, and their ability to hibernate to infect when environmental
conditions permit.

2.5 A model for Oidium Lycopersici

Due to all the reasons listed in the previous section, we decided to put our focus on disease modeling
on the Oidium Neolycopersici pathogen and its interaction with a tomato plant host, represented
by the TOMGRO model. In particular, we based our research on the work of Chelal et al. [30],
which is, to our knowledge, the only model to simulate the interaction between tomato growth
and Oidium Neolycopersici. The model examines the behavior of the tomato-powdery mildew
pathosystem with a set of differential equations, specifying how healthy, diseased, and defoliated
leaf tissue varies over time and using a time step of one day. The model, however, assumes that
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environmental factors’ variations in the greenhouse can be neglected and, therefore, constant rates
for host and disease dynamics can be assumed, as well as that the total leaf tissue produced by the
plant during its growth remains the same both in the case of healthy and diseased plant. Finally,
similar to other previously described agronomic models, this one is also heavily parametrized. The
model’s key evolution of infected LAI can be summarized in equations (2.10)-(2.12).

dH

dt
= rH(H + Y )

1− (H + Y +D)

Hmax
− RateY (2.10)

dY

dt
= RateY − dD

dt
(2.11)

dD

dt
= rDY (2.12)

where H stands as the absolute leaf area of the plant, Y stands for the diseased leaf area, and D
stands for the defoliated area, i.e., the total area of leaves lost.

Since modeling the entire infection model would be a complex task, we decided to make some
assumptions about the considered system with the purpose of reducing the model’s complexity
while at the same time keeping its meaning intact. Such assumptions are:

• Disease does not impact the overall leaf growth. We assumed that, due to the pathogen
growing mainly on the lower leaves, which remain in the shade, taller ones responsible for
much of the chlorophyll function, as directly exposed to sunlight, remain sane and thus allow
the plant to grow [26]. Furthermore, the highest growth of the pathogen is observed on
mature leaves that, even in the absence of the pathogen, would not have further growth.

• Disease-induced defoliation does not occur. We decided not to consider relevant natural
defoliation; therefore, it is not modeled in the tomato model. Consequently, the D variable
introduced earlier will always be set to zero and never appear in our model. This is because
if even the leaf is severely diseased, detachment is unlikely to occur. Moreover, even if
pathogen-induced defoliation could occur, it is always possible to measure healthy leaf area
and diseased leaf area at the time of detachment and set those values as constants over time
for that specific leaf. This approach was first used in [31].

• The diseased leaf part of a leaf is not recoverable, as it becomes covered with a coating that is
difficult to “wash away”. Moreover, even if washed away, the pathogen has already emerged,
meaning it has colonized the leaf, producing lesions. Assuming the pathogen’s death also
does not help, as necrosis can be observed in infected areas, meaning the chlorophyll function
of that tissue is still to be considered compromised.

• Secondary infections occur immediately after the end of the latent period. In an actual
situation, conidia mature must be dispersed before they can germinate, meaning they have
to leave the site they are via aerial dispersal to reach an uninfected area, thus requiring some
time. In our model, instead, we assume that mature spores immediately find a new leaf area
to infect. This assumption is also in accordance with the reference model [30].

Following the assumptions made, we can rewrite the model’s equations by removing all formulas
related to dead leaves. Moreover, according to the model, the first term in equation (2.10) refers to
the increase of sane leaf tissue over time; hence, it can be described as dHs

dt , while only the second

term RateY can now be rewritten using as the increment of the ill tissue over time dY
dt , as they are

now the same thing, as shown in equations (2.13) and (2.14)

dH

dt
=

dHs

dt
− dY

dt
(2.13)

dY

dt
= RateY (2.14)

where Hs represents the increment in sane leaf tissue. Such specification is crucial, as healthy tissue
is already provided by the tomato model, albeit using LAI, meaning that it is possible to substitute
the Hs terms with the output, properly adapted, of the TOMGRO. Therefore, the disease model’s
remaining element is the variable Y , representing the diseased leaf area. Such variable is driven
by the RateY terms, which is defined as

RateY =

⎧⎪⎪⎨⎪⎪⎩
0 if 0 ≤ t < IP

rLINmaxDE(T,RH) if IP ≤ t < LP + IP

rYmaxDE(T,RH)Y (1− Y

H + Y
) otherwise.

(2.15)
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where IP and LP stands respectively for the Incubation period and Latent Period. The incubation
period lasts from when a spore lands on a host to when symptoms become visible; meanwhile,
the latent period overlaps with the incubation period but ends when the consequent infection has
released other spores to infect again. Therefore, the expressed by LP+IP indicates the moment in
time when the first spores have finished their life cycle while new ones have become visible, signaling
the completion of the second cycle. As a consequence, we can split the pathogen’s growth inside
the cultivation into three main phases: first, a silent phase where the disease starts growing while
hidden; a second phase, also known as primary infection, where the disease symptoms appear on
the initial host and start spreading until it ends its life cycle; a final phase, or secondary infections,
where the all subsequent infections start spreading. The presented equation perfectly mimics such
behavior: a zero-growth phase at the beginning, a linear growth during primary infection to account
for a single pathogen infecting a host, and a logistic growth to account for all subsequent infections
following the disease spread in a population. Figure 2.4 shows the timeline of a disease spread from
a host regarding the incubation period, latent period, primary infection, and secondary infections.

t = 0
Primary Infection

Secondary Infections

LP

LP

IP

LP+IP

No visible symptoms, No Infective
No visible symptoms, Infective
Visible symptoms, Infective

Figure 2.4: Disease spread timeline.

The last term in equation (2.15) is the DE function. Such term indicates the Disease Efficiency,
a reduction coefficient between 0 and 1 indicating how much environmental conditions favor the
pathogen’s growth. In [30], the DE function is defined as

DE(T,RH) =

{︄
d(T − Tmin)

n(Tmax − T )m(1− e−aRH)b if Tmin ≤ T ≤ Tmax

0 otherwise.
(2.16)

where T and RH represent the temperature and relative humidity, respectively, while Tmin and
Tmax the minimum and maximum temperature between which the pathogen is allowed to grow.

2.6 Control in Agronomic context

Control in the greenhouse context plays much different compared to its role in industrial plants.
In that context, control can be enforced onto each machine separately and with precise actions;
therefore, the system’s controllable components and targets of our control match perfectly. For
example, it is always possible to turn on or off a specific machine in a production line or schedule
the list of actions a set of equipment must follow to reach a particular goal, be it productivity or
safety. In greenhouses’ contexts, however, this does not apply since the controllable components of
the system (actuators) are different from the ones we aim to control plants. Since crops are, in fact,
living beings that grow and respond passively to the specific environment they are in, there are
only very few actions we can force onto them to reach a given goal, meaning we must apply indirect
control over them by enforcing properties on the surrounding environment which, by reflex, brings
crops toward the wished goals. As a consequence, almost all greenhouse control techniques aim
to build a suitable environment around crops, be it in the ground they grow in or in the climatic
conditions inside the greenhouse, by building an environment adapted to sustain the grown and by
fighting changes caused by the unpredictable nature of the environment itself. Therefore, control in
the greenhouse is a continuous task that must balance between keeping conditions optimal against
a changing environment while also trying to keep costs for actuation the lowest possible.

The choice of control system heavily depends on the technological level of the greenhouse
used, meaning that low-level greenhouses will have much fewer options to control the environment.
In contrast, high-tech solutions offer multiple methods to manipulate the environment, with the
downside of having much higher costs in building and maintenance. In general, environmental
control in the greenhouse can be achieved using the following methods [32]:

• Heating
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• Ventilation

• Cooling

• Humidity Control

• CO2 enrichment

• Light modulation

The first three methods all control the greenhouse’s internal temperature, which is the most im-
portant driving factor for crop growth: active heating can be achieved via heaters that blow hot
air or pump hot water in pipes; ventilation instead can be used to reduce internal temperature and
can be achieved naturally by regulating window’s opening or mechanically by using fans; cooling,
finally, act as a further tool to reduce temperature, and can be achieved for example by using
evaporative pads or fog systems. Both ventilation and cooling can be used together, with the
former trading limited control capabilities for more affordable costs, and is therefore used more in
low-tech greenhouses. Following, humidity control helps in dealing with pathogens and regulating
transpiration, and can be regulated either indirectly by changing the temperature or raised by
using humidification panels; CO2 can be used to enhance crop growth and is typically injected in
the environment via tubes or blowers; Finally, light modulation is achieved by using LEDs, and
aims to provide missing illumination when sunlight is not sufficient for crop’s development.

2.7 Hybrid Automata and Discrete-Time Hybrid Automata

When there is the need to formally model systems ruled by complex dynamics, such as biological
ones, Hybrid Automata is often the first choice, thanks to their expressive power and ease of use. A
hybrid automaton (HA) is defined by Sifakis et al. [33] as a tuple H = (Loc,Var,Lab,Edg,Act, Inv)
consists of six components:

• Loc: A finite set of locations.

• Var: A finite set of real-valued variables. A valuation ν for the variables is a function that
assigns a real value ν(x) ∈ R ∀x ∈ Var . We write V for the set of valuations. A state is a
pair (ℓ, ν) consisting of a location ℓ ∈ Loc and a valuation ν ∈ V . We write Σ for the set of
states.

• Lab: A finite set of labels representing actions or events that can trigger transitions, which
must include the stutter label τ .

• Edg: A finite set of edges called transitions. For each transition e, e = (ℓ, a, µ, ℓ′), where
ℓ, ℓ′ ∈ Loc represent the source and target locations, a ∈ Lab is the transition label, and
µ ⊆ V 2 is the transition relation. The transition e is enabled in a state ℓ, ν if for some
valuation ν′ ∈ V, (ν, ν′) ∈ µ. The state (ℓ′, ν′), then, is a transition successor of the state
(ℓ, ν). It is required that for each location ℓ it exists a transition in the form of (ℓ, τ, Id, ℓ)
with Id = {(ν, ν)|ν ∈ V }.

• Act: a labeling function that assigns to each location ℓ a set of time-invariant activities-i.e
functions in the form f ∈ Act(ℓ), f : R≥0 → V for which it holds that ∀ℓ ∈ Loc, activities
f ∈ Act(ℓ) and nonnegative reals t ∈ R≥0, also f+t ∈ Act(ℓ), where (f+t)(t′) = f(t+t′)∀t ∈
R≥0.

• Inv: A labeling function that assigns to each location ℓ an invariant Inv(ℓ) ⊆ V , defined over
some boolean predicate over p : V → [0, 1], Inv(ℓ) = {ν ∈ V |p(ν)) = 1}

Hybrid automata are exceptionally powerful for describing systems, as their high level of ab-
straction allows them to model a wide range of systems, from simple to highly complex ones,
without requiring changes to the modeling approach. However, despite their expressive power,
hybrid automata have certain limitations. Their generality, which enables the modeling of diverse
systems, also makes traditional automata operations—such as composition, reachability analysis,
and supervisor synthesis—significantly more complex to perform and implement in automated
tools than less generic formalisms. As a result, support for hybrid automata is often limited to
simulation, which means they are less likely to be the default choice for system modeling.

Depending on the considered system, a full hybrid description may not be necessary, especially
for slow systems. In this case, we can refer to discrete-time hybrid system formalism [34], a subset
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of hybrid systems that restricts dynamics to discrete-time intervals. In this regard, we can define a
Discrete-time hybrid automaton (DTHA) by following Stauner’s definition provided in [35], which
gives all conditions necessary to identify a hybrid automaton as a discrete-time one. According to
Stauner, a HA A = (Loc,Var,Lab,Edg,Act, Inv) is also a DTHA with time granularity T if an
only if:

• Var = {x1, x2, . . . xn, c} for n ∈ N. c is a special variable called the clock of A.

• For every location ℓ ∈ Loc, the invariant Inv(ℓ) ⊆ V is in the form (c = 0 ∧ p)∨ c ̸= T , where
p is a predicate over Var\{c}. This means that the invariant for each location, expressed by
p, must hold at maximum for one timestep, forcing the system to take a transition after such
an amount of time.

• For every location ℓ ∈ Loc, the initial conditions are in the form of p∧c = 0-that is, for every
location, its invariant predicates must hold, and the clock must be set to zero.

• For every activity f(t) ∈ Act, it must satisfy f(t) = ν ∈ {v ∈ V |v(c) = t ∧ v(h) = h}.
Therefore, all activity function must only update the clock variable, while keeping constant
all the others. In other words, f(t) can be considered a function which returns only valuations
that assign to variables the values that are solutions to the differential equations ċ = 1;
ẋ = 0∀x ∈ Var. Therefore, from here on, we will consider writing the f(t) function as defined
above and f(t) : ċ = 1 as equivalent.

• The transitions’ set Edg can be split into two disjointed set Eu and El as defined below, where
Eu encompass transitions updating system’s variables, while El groups logic transitions.

Transition set Eu consists of all system transitions that aim to update the system’s variables. If
e ∈ Eu, then e’s guard must be in the form c = T ∧p with p being a convex predicate over Var\{c},
its update must be in the form of q ∧ c = 0, with q being a convex predicate over Var′\{c}, with
Var′ representing the variables’ set after the update, and source location and destination location
must be the same. In other words, transitions belonging to the Eu set are all self-loops enabled
every time the clock completes a time step cycle of T , that update variables as needed and then
resets the clock to zero, replacing the continuous updates performed in a pure hybrid automaton.
Similarly, the transition set El groups all system transitions representing a logical switch in the
system’s mode. A transition e belongs to El if and only if its guard is in the form c = 0∧p and the
update function does not modify c. Here, again, we have p being a convex predicate over Var\{c}.

More formally, following [35] we first define a transition-step relation as (ℓ, ν) (ℓ′, ν′)
iff (ℓ, a, µ, ℓ′) ∈ Edg and (ν.ν′) ∈ µ. Next, we define the δ time step relation δ

τ defined as
(ℓ, ν) δ

τ (ℓ, ν′) iff there exists a differentiable funtion τ ∈ [0, δ] → V, δ ≥ 0 for which:

• τ(0) = ν and τ(δ) = ν′

• τ(t) ∈ Inv(ℓ) for 0 ≤ t < δ

• τ ∈ Act(ℓ)

Using these two relations as basis, we can now define the update relation u as (ℓ, ν) u (ℓ′, ν′)
iff (ℓ, ν) (ℓ′, ν′) by an edge in Eu, and the control-step relation as (ℓ, ν) j

(ui)
(ℓ, ν′) iff:

• (ui) is a sequence of function where each function is defined as ui ∈ [0, T ] → Rn+1, i ∈
[1 . . . j − 1]; (ui(t))(c) = t ∧ (ui(t))(x) = ν′′(x)∀x ∈ Var\{c}

• there exists νi, i ∈ [1 . . . j − 1]n ≥ 1 and νn such that (ℓ, νi)(
T
ui
; u)(ℓ, νi+1), where “;”

denotes the sequential composition of relations

• ν0 = ν, νn = ν′

Finally, we can define the discrete hybrid time step relation j
ui

as (ℓ, ν) j
ui

(ℓ′, ν′) iff there exists a

ν′′ ∈ Rn+1 such that(ℓ, ν)( )∗(ℓ′, ν′′) j
(ui)

(ℓ′, ν′); and, subsequently, the discrete-time execution

as a finite sequence of discrete-time hybrid step: (ℓ0, ν0)
j0
ui,0

(ℓ1, ν1)
j1
ui,1

· · · jm
ui,m (ℓm+1, νm+1).

To consolidate such concepts, let us consider the following example: we want to model a DTHA
which model a digital clock which prints the hour using the AM/PM format. As such, our model
is defined as follows:

• Loc={AM,PM}
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• Var = {h, c}

• Lab={toPM, toAM,update τ}

• Edg={(AM,update,µu,AM),(PM,update,µu,PM),(AM,toPM,µ1,PM),(PM,toAM,µ2,AM),
(AM,τ ,Id,AM),(PM,τ ,Id,PM)}

• Act(L) = {f(t) = ν ∈ V |ν(c) = t ∧ ν(h) = h}, L=[AM,PM]

• Inv(L) = {ν ∈ V |v(c) < H ∧ h ≤ 12}, L=[AM,PM]

where µ1 : (νg, νu) ; νg ∈
{︁
v ∈ V |v(c) = 0 ∧ v(h) > 12

}︁
, νu ∈ {v ∈ V |v(h) = 1} and µu :

(νg, νu) ; νg ∈
{︁
v ∈ V |v(c) = H ∧ v(h) < 12

}︁
, νu ∈ {v ∈ V |v(c) = 0, v(h) = h + 1}, with H

symbolizing a time period of one hour. Figure 2.5 graphically depicts the model, expressed both
using Sifakis’ definition for Act functions and the simplified version expressing Acts functions as a
differential equation. Assuming the automaton’s initial state to be (AM,(c = 0, h = 1)), a possible

AM
c = t

c < H∧
h ≤ 12

start

PM
c = t

c < H∧
h ≤ 12

c = H ∧ h ≤ 12/
c := 0;h := h+ 1

c = 0∧
h > 12

c = H ∧ h ≤ 12/
c := 0;h := h+ 1

c = 0∧
h > 12

AM
ċ = 1

c < H∧
h ≤ 12

start

PM
ċ = 1

c < H∧
h ≤ 12

c = H ∧ h ≤ 12/
c := 0;h := h+ 1

c = 0∧
h > 12

c = H ∧ h ≤ 12/
c := 0;h := h+ 1

c = 0∧
h > 12

Figure 2.5: Example clock automaton

execution would be the following:

(AM, (c = 0, h = 1)) ui
(AM, (c = H,h = 1)) (AM, (c = 0, h = 2)) ui

(AM, (c = H,h = 2))

(AM, (c = 0, h = 3)) ui
· · · (AM, (c = 0, h = 12)) ui

(AM, (c = H,h = 12))

(AM, (c = 0, h = 13)) (PM, (c = 0, h = 1)) ui
(PM, (c = H,h = 1)) . . .

(PM, (c = 0, h = 12)) ui
(PM, (c = H,h = 12)) (PM, (c = 0, h = 13))

(AM, (c = 0, h = 1)) ui
. . .

Basically, after H time has elapsed, clock variable h is updated by one following the self loop of
location AM; then, once the clock reaches 13 the system switches to the PM location, resetting the
clock back to one. Here, the cycle repeats with clock variable being incremented by one only after
H time has passed until it yet again reaches 13. Once this happens, the system switches back to
the AM location and the execution loops from the beginning.

2.8 The Control Supervisory Theory

The supervisory control theory (SCT), known also as the Ramadge–Wonham framework [36], is a
methodology developed by Ramadge et al.in 1989 as a way to restrict a system’s behavior described
as a finite state machine in order to avoid reach unwanted state, under the assumption that some
events in the system are uncontrollable, i.e., they can not be disabled by a controller, and can
happen at any time. The task of SCT is then to automatically synthesize supervisors that restrict
the model’s behavior so that the given specifications are fulfilled as much as possible.

In a similar way to how we defined automata in section 2.7, we now define Finite state automata
(FSA) as a tuple G = ⟨X,Σ, f,Γ, x0, Xm⟩, where X is the finite set of states with x0 ∈ X,Xm ⊂ X
being the initial state and the marked states, Σ the finite set of events, f : X × E → X the
transition function, where it holds f(x, sσ) = f(f(x, s), σ) for s ∈ Σ∗, σ ∈ Σ, and Γ : X → 2Σ is
the active event function, which specify for each state x events e where f(x, e) is defined. Next, we
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define the language generated by G as L = {s ∈ Σ∗ : f(x0, s) is defined}, as well as the language
marked by G as Lm(G) = {σ ∈ L : f(x, s ∈ Xm)}. For simplicity, we will refer to L(G) simply
as L and to Lm(G) simply as Lm. Moreover, we also define the set of events Σ as Σ = Σc ∪ Σu,
where Σc is the set of controllable events, while Σu is the set of uncontrollable events.

Given an automaton G, we can define the supervisor function S as a function S : L → 2Σ,
which defines the set of enabled events on G as ∀s ∈ L : S(s) ∩ Γ(f(x0, s)), i.e. the automaton
G can not perform any action which is not also allowed by the supervisor. We say a supervisor
to be admissible if it holds that ∀s ∈ L : Σu ∩ Γ(f(x0, s)) ⊆ S(s), that is, the supervisor never
turns off an uncontrollable event. Given S, we can define the language generated by the controlled
automata L(S|G) and Lm(S|G) as

L(S|G) :ϵ ∈ L(S|G);

[s ∈ L(S|G) ∧ (sσ ∈ L) ∧ (σ ∈ S(s))] ⇐⇒ [sσ ∈ L(S|G)]

Lm(S|G) =L(S|G) ∩ L(G)

We say that the supervisor S is nonblocking if S|G is nonblocking itself, which means it must holds
that L(S|G) = Lm(S|G), where Lm(S|G) is the prefix-closure of Lm(S|G). Furthermore, we call
K ⊆ Lm the specification (or requirements) the supervisor S implements.

Given the notion of nonblocking supervisor, we can express the nonblocking controllability the-
orem:

Theorem. Let G be an automaton describing a discrete event system with Σu ⊆ Σ being the set
of uncontrollable events. Let K ⊆ Lm(G) with K ̸= ∅ be the specification we want to force on G.
Then, it exists a nonblocking supervisor S for G such that: Lm(S|G) = K iff it holds that:

1. Controllability: KΣu ∩ L(G) ⊆ K

2. K is Lm(G)-closed, i.e. K = K ∩ Lm(G)

Condition 1 of the presented theorem states the requirement to consider a system controllable
under a given specification K. If the condition does not hold, we must change our specification K
to make it either stricter or loosen it. Starting from the specification K, we can define either

• the supremal controllable sublanguage K↑C , which represents the maximal subset of K which
guarantees controllability over G

• the infimal prefix-closed controllable superlanguage K↓C , which represents the smallest su-
perset of K which is prefix-closed and controllable.

Most importantly, these two languages are guaranteed to exist.
For the purpose of our work, we will focus only on K↑C . To compute such language, various

algorithms can be applied to different levels of complexity. Here, we will provide a general idea of
how the synthesis algorithm works:

1 Let G = < Xg , Σg , fg , Γg , xg0 , Xg
m > the sytem automaton

2 Let K be the s p e c i f i c a t i o n f o r G
3 Let Σu be the s e t o f un con t r o l l ab l e events

4 Let H = < Xh , Σh , fh , Γh , xh0 , Xh
m > the automaton such that L(H) = K

5 Let P = < Xp , Σp , fp , Γp , xp0 , Xp
m > compurted as P = G×H

7 Remove unreachable s t a t e s :
8 Xp= {xp ∈ Xp | xp ‧‧➡ xpm ∈ Xp

m}

10 I t e r a t i v e l y remove bad s t a t e s .
11 Let i =0; Xi = Xp; Bi=∅
12 repeat :

13 foreach x = (xg, xh) ∈ Xi, x
g ∈ Xg, xh ∈ Xh :

14 Let ep= {e ∈ Σp | Γp(x) = False} ;
15 Let eg= {e ∈ Σg | Γg(xg) = True}
16 i f ep ∩ eg ⊆ Σu :
17 Bi = Bi ∪ {x}
18 Xi+1 = Xi \ Bi

19 i= i+1

20 until Xi = Xi-1 or xp0 /∈ Xi

22 i f xp0 /∈ Xi :
23 return f a l s e

25 return < Xi , Σp , fp , Γp , xp0 , Xp
m ∩Xi >
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The general idea behind the synthesis procedure consists first of computing the product au-
tomaton between the plant and the specification (line 5). Next, we eliminate unreachable states,
i.e., those state combinations which naturally we would not be able to reach any sequence of
possible events accepted by the automaton, represented in the code by the ‧‧➡ operator (line 8).
Finally, we compute a list of “bad” states, i.e., those states where the original plant uncontrollable
transactions were possible but are now disabled in the product automaton. To do this, we check for
each state in the P automaton which events are disabled and compute the intersection with events
that are instead allowed in the corresponding state of the system (lines 14-15). If the intersection
contains at least one uncontrollable event, it means that our controller is trying to block it, and
therefore, we add the examined state to the list of bad states. After all states have been examined
and the list of bad ones computed, we remove them to the complete states set, since those are the
ones the controller must avoid. After removing such states and related transitions, the algorithm
loops back and performs a second check on the new states’ set. The loop ends in two possible
cases: if we reach a fixed point, and in that case, the new automaton is returned as the controller;
otherwise, if the initial state is removed from the set of allowed states, then the procedure ends,
as no controller can be synthesized.

Let us, therefore, consider the following example: figure 2.6-a depicts a sample plant automaton
P , subjected to controllable events a, b and uncontrollable event x which generates the marked
language Lm(P )={“ab”,“ba”, “bbb”}. Automaton P , however, suffers a flaw for which state P5

can either end up in marked state P3 or in state P6, which is a deadlock. As such, we describe our
specification K as in figure 2.6-b: basically, we described the wished behavior of our plant, which
simply consists in all sequence of events leading to the marked state without never ending in the
deadlock state. By examining the provided specification, we can immediately see how condition

P1start P2

P3P4

P5 P6

a

bb

a

b
b

x

(a)

K1start K2

K3K4

K5

a

bb

a

b
b

(b)

Figure 2.6: Plant (a) and Specification (b) automaton

1 of the theorem for the existence of the supervisor does not hold, since the specification misses
a transition on uncontrollable event x present in the plant P . As such, we have to apply the
previously described algorithm in order to compute the maximally permissive supervisor. Steps
of the algorithm are shown in figure 2.7: first, we compute the product P ×K (2.7-a); next step
would be to remove unreachable states, but in such examples none exits, and therefore we skip
this passage and move on to the next one. Following the synthesis algorithm, the next operation
is to remove all states where an uncontrollable transition (Fig 2.7-b,c) was removed after the
product, in our case this being state (P5,K5), that lost the transition on event x. Therefore, we
remove such state, and all transitions entering the state. Subsequently, we examine again the
product automaton, to check whether the previous removal operation caused the loss of transition
on uncontrollable events; in this case no state are illegal and therefore the resulting automaton
at the end of this iteration is the same as the previous one, meaning we reached a fixed point
and that obtained automaton is our supervisor S (Fig. 2.7-d). Finally, we can compose together
the supervisor and the original plant to realize wished specification. However, as we can note,
implemented supervisor does not implement exactly our specification, as it did not satisfy the
theorem of existence. Instead, the supervisor implements the maximum sublanguage possible
which both satisfy our constraints while also avoiding situations where uncontrollable events may
lead it to unwanted states. In particular, the new marked language of the product between plant
and supervisor is only Lm(P × S) ={“ab”,“ba”}.
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(P1, S1)start (P2, S2)
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Figure 2.7: Supervisor synthesis applied to automaton P ×K. Red elements are the ones removed
during the procedure.

2.9 The Eclipse Supervisory and Control Engineering
Toolkit

The Eclipse Supervisory Control Engineering Toolkit (ESCET)3 is an open-source project that aims
to provide a comprehensive model-based engineering framework for the development of supervisory
controllers developed by the Technical University of Eindhoven in collaboration with various indus-
trial realities, such as Rijkswaterstaat, ASML, and Vanderlande. ESCET’s purpose is to facilitate
the engineering process for discrete-event systems by providing practical tools to automatically
generate controllers that are correct by construction, as ESCET uses at its core supervisory con-
troller synthesis techniques, therefore granting safety, controllability, and non-blocking behavior
for synthesized controllers.

ESCET offers users a wide range of functionalities, including modeling, the above-mentioned
supervisor synthesis, simulation-based validation and visualization, formal verification, real-time
testing, and code generation [37]. Central to its operation is the CIF (Compositional Interchange
Format) language [38], which offers an automata-based approach to modeling complex systems, as
it allows to define plants, requirements, and supervisors through automata formalism, be it tradi-
tional finite-state automata, extended finite-state automata or even hybrid automata, supporting
synchronization and invariant-based modeling. Furthermore, ESCET applies various techniques
to scale as best as possible with larger and more complex systems such as industrial plants by op-
timizing memory usage and computation time. Examples of such techniques include the usage of
Binary Decision Diagrams (BDD) data structures or the multilevel synthesis that allows the distri-
bution of the control problem over smaller subsystems. Finally, ESCET allows for code generation
in multiple programming languages, including Java, C99, Simulink, and some PLC standards.

3https://eclipse.dev/escet/

https://eclipse.dev/escet/
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Chapter 3

State of the Art

In this Chapter, we will describe other works presented throughout the years related to the pre-
sented work, either because they faced similar problems or applied solutions similar to those in
related fields.

3.1 Climatic heterogeneity within a greenhouse context

The problem of monitoring climatic conditions is well-known in agriculture, as even small changes
in such conditions may significantly impact plants’ growth and health status, even leading to
irreversible damages if left uncontrolled [39]. Greenhouses can significantly help farmers in this
regard, providing them more control over plants’ microclimate [40]. Such innovation led throughout
years to studying new research opportunities, such as finding the best values of climatic variables
to either maximize yield [39] or reduce energy consumption [41], water waste [42], and pesticide
usage [43]. A common factor among all these approaches is the requirement to model, in some
way, the climatic behavior of the greenhouse itself in order to estimate the evolutions of monitored
climatic variables and eventually act to modify it and avoid possible unwanted situations or, on
the other hand, only to force a specific wished scenario.

Generally speaking, models can be divided into two main classes. The first ones are mechanistic
models, which are described by equations derived from physical laws, such as energy or mass
conservation. In the first part of their work, Singh et al. [44] sums up the history of mechanistic
models, shortly describing the most important works since 1970. The second class of models
groups instead stochastic models, which aim to find relationships between given sets of input and
output data in order to minimize prediction error by using techniques from Statistics, such as
regressions [45], or Artificial Intelligence, such as neural networks [46].

Figure 3.1: Temperature map obtained by interpolating readings from blue points.

Past works often assumed the environment to be uniform [47] to reduce model complexity
and computational costs, while in truth climate heterogeneity can be easily observed inside the
greenhouse [48], as figure 3.1 clearly shows. These differences in the climate may lead to irregular
growth of crops and, if not correctly addressed, may hinder plant disease prediction. It is possible,
in fact, that a particular disease may appear at a specific point with favorable microclimate and
spread from there, even if the average climate behavior seems unfavorable. Nowadays, various
models can predict the insurgence of specific diseases based on climatic conditions, e.g., in [49];
therefore, a fine-grain vision of the greenhouse microclimate can greatly help detect possible critical
points and act preemptively.

27
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To account for this heterogeneity, different monitoring strategies have been proposed, ranging
from sensors scattering as in [50] to Computational Fluid Dynamics (CFD), which links temper-
ature to its physical causes, e.g., sunlight absorption, reflection, and refraction ([51, 52]). In [53],
authors took a step further and introduced virtual sensors inside the greenhouse via regression
techniques using outside data as inputs and then generating a microclimatic model in real-time
by using CFD. Such solutions produced accurate results to describe the greenhouse’s microclimate
heterogeneity. However, scattering sensors require many of them (and related infrastructure) to
work correctly, leading to a quick growth in costs; CFD models, on the other hand, require the
identification of hundreds of physical parameters. Furthermore, farmers are usually not interested
in climate variable values for every point of their greenhouse but rather in particular points of
interest, e.g., in correspondence of plant rows. In addition, not every greenhouse location can host
a sensor because of spatial and working constraints.

3.2 Soft Sensors applications

Soft sensing is a well-known technique used in statistics. It is traditionally applied to process
control, being used as a method to control industrial plants from the early ’90s, as shown in [54],
[55] and [56]. Generally, it focuses on developing approaches and algorithms to estimate or predict
physical quantities in industrial processes based on the available measurements and knowledge, as
defined in Jiang et al.’s review on the topic [57]. In agriculture, however, soft sensing has been
employed only recently. In [58], the authors developed soft sensors to monitor crop transpiration,
for which affordable sensors were not available, while in [53] soft sensors were used to run in real-
time the CFD model developed in that work. Authors of [59] first created a complete CFD model of
the greenhouse whose outputs were then used to train the soft sensors, oppositely to our approach,
which is instead purely data-driven as we train soft sensors directly with data from persistent and
temporary sensors.

3.3 Crop modeling

Throughout the years, many different crop models have been proposed, each developed to address
a specific objective, be it a particular crop species or emphasizing a specific resource used by crops,
such as water consumption, nitrogen, etc.

Outside of the TOMGRO model used in this document, other examples of crop models devel-
oped with such methodology include CERES [60] (Crop Environment Resource Synthesis), which
models crop yield, aboveground biomass, harvest index, evapotranspiration, and many more vari-
ables for crops such as wheat (CERES-Wheat), rice (CERES-Rice) and maize (CERES-Mize); SU-
CROS [61] (Simple and Universal Crop growth simulator), another model which simulates wheat
development given environmental factors; CROPGRO [62], a crop simulation that simulates crop’s
daily growth and development as a function of daily weather, soil properties, crop management,
and cultivar/species parameters; TOMSIM [63], an alternative simulation model for tomatoes’ dry
matter production and LAI.

Despite all the differences among all crop models developed throughout the years, we can find
a common aspect shared by all is the heavy parametrization of these model’s equations, which
allows us to tune models’ behavior according to the different conditions surrounding examined
crops without needing to re-implement anything or developing a new model. This particular trait
is also one of the reasons that made and keeps such models popular up to the present. Because of
such perks, more recent studies preferred to emphasize parameter variability rather than changing
and/or developing new models. Using the TOMGRO model as an example, after its presentation
paper in 1991 [19] the model has undergone only two significant changes, one in 1997 [64] and one in
1999 [21], and all subsequent manuscript shifted their focus on studying TOMGRO’s parameters,
in terms of how to properly calibrate them and how much the model is sensible to their variation.
Some of these studies include Cooman et al. in 2006 [65] and 2007 [66] where the uncertainty
of TOMGRO’s outputs were studied when subject to variation in parameters and inputs values
respectively; Bacci et al. [22] (2012) that calibrated TOMGRO’s parameters to use the model under
Italian climatic conditions; Vazquez-Cruz et al. [67] (2014) who performed sensitivity analysis to
determine TOMGRO’s most sensible parameters that impact on model’s output; Shamshiri et
al. [68] (2016) that evaluate TOMGRO’s reduced model under boundary condition and in different
geographical location concerning where the model was originally calibrated; Gong et al. [69] (2021),
who used evolutionary algorithms to perform calibration onto TOMGRO’s parameters.
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Finally, during the last two decades, other works have also begun to appear, addressing the
problem of modeling and control within a greenhouse environment. Such works do not focus on
the crop models themselves but rather aim to integrate and use those models to solve problems
of controlling the environment to achieve a specific objective, for example, to maximize yield or
prevent disease. Examples of these works include Van Henten et al. [70], who performed sensitivity
analysis regarding optimal control problem formulated to manage greenhouse climate, and the
two works of Vanthoor et al. [71, 72], that performed model-based design methodology by using
a greenhouse model and a crop model (tomato in their case) to optimize the design of their
greenhouse.

3.4 Disease modeling

Despite Oidium Neolycopersici being an evident problem for the growing of greenhouse tomatoes
and is of increasing significance for field crops [29], little research has been dedicated to modeling
the synchronous interaction between such disease and its host plant under the most common and
advisable environmental conditions for tomato growth. The model proposed in [30], which we
will use in Chapter 6, describes the development of powdery mildew symptoms caused by Oidium
Neolycopersici coupled with tomato plant development and is to our knowledge the only modeling
interactions between the pathogen and the crop. Similar works also include [31], where controlled
experiments in a glasshouse were conducted in order to determine the temporal progress of the
powdery mildew disease by performing artificial inoculation of conidia of Oidium neolycopersici
on tomato plants. The study focused on determining the difference between plants that are not
treated with anti-fungal sprays, plants that are treated after 10 days, and plants that are treated
after 20 days, from the perspective of host-pathogen interaction in various aspects such as disease
severity, disease distribution based on leaf position, actual leaf area, defoliated leaf area, plant
height, and healthy leaf area duration. The study also served as the precursor of [30] to define
the model. Alternatively, in [73], authors monitored the expansion of powdery mildew epidemic in
different greenhouses and found some typical expansion patterns: constant, linear, and a Gaussian
bell surface. A deterministic long-range trend and a short-range random residual are observed in
all three patterns. The primary sources of infection found are air currents from greenhouse doors
and openings, although workers and machinery also spread spores since higher severity was found
in the most frequently traversed pathways. In [74] and [75], instead, machine learning techniques
were used to develop an automated spray prediction model for the powdery mildew disease to
optimize the number of fungicide applications and the timing of application. Finally, in [26],
which, however, focused on Leveillula Taurica, authors built and evaluated a forecasting model
that aimed to minimize the number of fungicide spray applications based on climate data. The
model was able to determine whether climatic conditions were conducive to high disease severity
and throw a warning to alert the farmer that he should apply a fungicide.

3.5 Cellular Automata

Cellular Automata (CA) are formal models used to describe discrete dynamic systems that em-
phasize the interactions between multiple individuals living in a multidimensional space. Initially
introduced by John von Neumann and Stanislaw Ulam in the ’40s, CA have found their primary
usage in modeling physical, biological and epidemiological systems, such as reaction-diffusion sys-
tems, self-reproduction models, epidemic spreading, forest fire diffusion [76].

Since cellular automata work in a multidimensional space, different definitions can be provided
depending on the number of dimensions the modeled system has. In case of this work, the con-
frontation we face is against bidimensional cellular automata, which can be used to model the
spatial spreading of a pathogen. Formally speaking, a bidimensional cellular automaton consists
in a 2D, r × c grid of identical objects (cells) and is defined as a 4-tuple (C,Q, V, f) [77] where:

• C = {(i, j) , 1 ≤ i ≤ r, 1 ≤ j ≤ c} represents the cellular space,

• Q is a finite set of possible states for each cell.

• V = {(αh, βk) , 1 ≤ k ≤ n} ⊂ Z×Z defines the neighborhood of each cell. For each cell (i, j)
we can define its neighborhood as Vi,j = {(i+ α1, j + β1) , . . . , (i+ αn, j + βn)}. Specifically,
we also define here commonly-used Von Neumann neighborhood as V = {(0, 0), (−1, 0), (1, 0),
(0,−1), (0, 1)}, considering the cell itself and the four adjacent one, and Moore neighborhood
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as V = {(0, 0), (−1, 0), (1, 0), (0,−1), (0, 1), (−1,−1), (−1, 1), (1,−1), (1, 1)}, which extends
Von Neumann to include all surrounding cells.

• f : Q|V | → Q is the local transition function that dictates how, at each timestep t, each cell
updates its state sti,j based on its neighbors:

stij = f(st−1
i+a1,j+b1

, st−1
i+a2,j+b2

, . . . , st−1
i+an,j+bn

).

The evolution of a cellular automaton occurs in discrete time steps: at each step t, the state of each
cell is updated synchronously based on the transition function f and the values of its neighbors at
time t− 1. Figure 3.2 shows a graphic representation of the evolution for a simple CA, where each
cell changes color if one of its neighbors had changed state at the previous time step.

Figure 3.2: Evolution of the example Cellular Automata

Although CA posses a huge expressive power in terms of modeling spatial interactions, they
also suffer from two big limitations which limits the kind models that can be described. First,
traditional CA evolve their cells’ state over time following an update function depending only on
the state of neighbor cell; therefore, we can not to implement within traditional CA any kind of
temporal dynamic and as such any kind of hybrid behavior. Secondly, each cell in bidimensional
CA implements the same update function, meaning that we can not to differentiate cells such that
part of the grid evolve according a certain rule and another one following a different one. As such,
using cellular automata to model a system which evolves in time and space, such as a pathogen
growing and spreading across plants, is not possible. Meanwhile, we will show throughout this
thesis that using DTHA with opportune event synchronization, inspired by CA’s update functions,
we become able to model both temporal and spatial evolution for pathogen infesting crops inside
a greenhouse.

3.6 Greenhouse Environmental Control

The task of controlling environmental variables in a greenhouse context is not a trivial one. As
stated earlier, greenhouse control systems are very different from industrial ones, mainly due to
dealing with many different variables and their unpredictable behavior. Consequently, the variable
space grows exponentially with each new parameter we aim to control, making finding the optimal
strategy harder. In addition, a big difference between industrial plants and greenhouse systems
consists of the fact that control in greenhouses is not always fully automated; contrary, on many
occasions, it is achieved by manual labor, i.e., control actions are provided by human operators
who make decisions based on the greenhouse’s current status. Consequently, the greenhouse control
problem can be split into two possible subsets: Manual and Automatic Control.

3.6.1 DSS-Aided Manual Environmental Control

Manual control leaves the decision-making process of choosing the best environmental parameters
for the greenhouse entirely in the hands of human experts. Such people, strong in their knowledge
about crop growth and the greenhouse system and their experience, can use data coming from the
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field coupled with direct observations and sampling to assess the system status and subsequently
plan how control is performed by setting thresholds and set points for the installed equipment.
In this context, Decision Support Systems (DSSs) may offer significative help in the decision-
making process, collecting and elaborating data in real-time from the field to assist farmers and
agronomists in optimizing agricultural practices [78]. Additionally, DSS systems may already
offer some knowledge coded from experts or predictive models to further enhance the decision
process. Various DSSs exist today, each one offering different tools to support farmers in their
work. Among them, we cite ones described in [79]: DSSAT [80], a widely and well-know suite of
models that simulate crop growth, soil conditions, and climate interactions to support decision-
making; WOFOST (WOrld FOod STudies) [81], a simulation model developed for the quantitative
analysis of annual crops’ growth and production by modeling the physiological processes of plants;
InfoCrop [82], a generic simulation growth model providing data on a daily basis on crop’s growth
parameters, yield, nitrogen requirements, greenhouse gas emissions, as well as water and nitrogen
levels in the soil; AquaCrop [83], a crop model developed by FAO to assess environmental and
managerial effects on crop production, and specifically for herbaceous crops in conditions of limited
water; APSIM (Agricultural Production Systems sIMulator (APSIM)) [84], a highly advanced
simulator of agricultural systems composed by a large suite of modules enabling simulation for
systems made of plants, animals, soil, climate, and management interactions. Finally, we also
mention vite.net® [78], a web-based DSS for vineyard management, integrating weather data, crop
status, and disease models to provide real-time recommendations.

Although functional, however, nowadays DSSs suffer from what is called to what is called the
problem of implementation [78, 85], i.e. the lack of sustained use for these systems in a way that
they can actually produce results and be seen as beneficial, The causes of this under-performance
of DSS systems can be tracked down to two significant factors: technical limitations and user
resistance. Formers arise from the way the DSS system is built and presented, often tied to the
overall quality of offered services and software, with six major key points creating the main divisive
barrier between the tool and users:

• Considering the system in its entirety, instead of addressing single problems or sub-systems

• Quality of models built into the software

• User-friendliness

• Time required to by data processing and easiness of submitting inputs

• Software’s output must come at the right timing, providing enough room for decision-making
and acting

• Regular maintenance

In addition to such factors, DSS must also face users’ resistance, especially if such systems are tuned
to make decisions automatically and, therefore, replace human contributions. As a consequence,
there is a rejection of such full-automatic systems in favor of ones that simply assist the decision-
making process.

3.6.2 Full Automatic Environmental Control

Opposite to the previous section, automatic control aims to build an environment where decisions
on how and when to operate the greenhouse’s equipment are taken exclusively by a controller
aiming to keep the greenhouse’s conditions within a given range or to satisfy others requirements,
such as energy consumption or waste production, provided by farmers according to their own
desire.

Control techniques can be split into two main categories: open-loop and closed-loop. Open-loop
systems, sometimes also called sequence control, operate simply by following a given schedule of
actions according to the scenario currently playing in the greenhouse, meaning that multiple sched-
ules can be issued for different conditions, and the controller will actuate the one corresponding to
the greenhouse conditions. This type of control is probably the easiest to implement, relying only
on a limited amount of input and mainly on the knowledge of the people who program the actions,
thus being relatively cost-effective, although lacking in adaptability. On the contrary, closed-loop
(or feedback) control continuously monitors greenhouse conditions through sensors and adjusts ac-
tuators dynamically to maintain optimal conditions to ensure greater precision and responsiveness
to fluctuations in conditions. Obviously, this also comes with higher computation and monitoring
equipment costs.
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Various algorithms can be applied to achieve automatic control. In their work, Chenet al. [86]
deeply analyzed the most used control strategies applied in modern greenhouses and related algo-
rithms. Here, we will only report the ones we believe to be the most important ones. The first
type of control strategy proposed in the review is the Proportional-Integral-Derivative (PID), one
of the earliest and most used techniques in agriculture [87]. Based on a feedback loop schema,
this strategy continuously adjusts the control system based on the deviation between a measured
parameter and a desired setpoint: the proportional component reacts to the current error, the
integral component accounts for accumulated past errors, and the derivative component predicts
future errors. However, PID control is primarily effective for single-variable control but struggles
with complex, multi-variable greenhouse environments. Following, we have fuzzy logic control [88],
which is a nonlinear, model-less approach that processes inputs using a rule-based system to de-
termine appropriate actuator responses, and Model Predictive Control (MPC) [89], which is an
advanced closed-loop strategy that uses mathematical models to predict future greenhouse condi-
tions and determine optimal actions sequence. Finally, we can find neural network-based control
strategies, such as in [90], that utilize machine learning algorithms to model complex greenhouse
environments and optimize control strategies by analyzing historical and real-time sensor data and
predicting environmental trends to make control adjustments. Obviously, the presented strategies
are not mutually exclusive, but they can be combined in a way that covers the weak points of
another, thus strengthening the final strategy.

3.6.3 Speaking Plant Approach

All control strategies presented so far aim to optimize crop’s environmental conditions using as
input data those same variables they aim to control. Consequently, the system they aim to supervise
is not the actual complete greenhouse system but rather only the environmental one, and crops
can be considered a separate subsystem loosely tied to the controlled one only by sharing some
variables. Absurdly, one could think of using such a control technique regardless of the crop’s type
or presence inside the greenhouse.

In recent years, a novel method to manage the greenhouse’s environment has started rising
to close the gap between control techniques and crops’ growth status. This approach, known
as Speaking Plant Approach, or SPA [91, 92], is an innovative concept in intelligent greenhouse
management that aims to optimize crop cultivation by extending traditional controllers’ inputs with
crop’s physiological status, either estimated by a model or directly sampled using special sensors,
just like crops were “speaking” to it. Examples of data sensed from crops include chlorophyll
fluorescence, stomatal conductance, and photosynthetic activity.

3.7 Hybrid Automata Simulation and Control Syntehsis

Due to their popularity in the modeling context within computer science and the many algorithms
developed throughout the years to perform operations on them, many software tools have been
developed to simplify the modeling process on automata. In matter of Hybrid System model-
ing, the Control Systems Society provides an extensive list1 of available tools which can be used to
model, simulate and verify hybrid systems. For modeling and identification, we cite CHARON [93],
a tool for the hierarchical description of interacting and concurrent hybrid systems, where each
component is described as a hybrid automaton with its continuous flow updates and which com-
municates using shared variables and evolves according to a hierarchical state machine; HyEQ [94],
a simulation toolbox for Matlab/Simulink capable of computing approximations for system’s tra-
jectories given in terms of differential and difference equations with constraints; IOA [95], a toolkit
supporting algorithm design, development, testing, and formal verification of models described
using I/O automata [96]; Modest [97], a toolset which supports modeling and analysis of hy-
brid, real-time, distributed and stochastic systems using a modular framework centered around
the stochastic hybrid automata formalism. Regarding verification, we mention Ariadne [98], a
C++/Phython library that allows describing automata with nonlinear behavior while computing
conservative over-approximations for automata’s reachability problem; HyCreate, [99], a software
tool for defining hybrid automata and computing over-approximations of reachable sets for systems
with nonlinear, non-deterministic dynamics; HyTech [100], a C++ symbolic model checker for hy-
brid systems which computes the conditions under which system’s parameters satisfy the safety
and timing requirements for a given embedded system description provided as a collection of com-
municating automata; Finally, we mention UPPAAL [101], a toolbox for verification of real-time

1https://ieeecss.org/tc/hybrid-systems/tools

https://ieeecss.org/tc/hybrid-systems/tools
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systems represented by timed automata extended with integer variables, structured data types,
and channel synchronization developed by Uppsala University and Aalborg University. Originally
developed for timed automata only, it has evolved to support evaluating performance properties
of (stochastic) hybrid systems through UPPAAL SMC (Statistical Model Checking), which allows
defining continuous behaviors expressed via stochastic and nonlinear dynamics. UPPAAL SMC
focuses mainly on model checking by combining traditional methods and simulations to boost and
evaluate the system’s performance properties. Finally, in the matter of hybrid systems control, we
mention AMYTISS [102], a C++/OpenCL tool for designing correct-by-construction controllers
for large-scale discrete-time stochastic systems by building finite abstractions of the given original
systems as finite Markov decision processes (MDPs) and synthesizing a controller from it using
scalable parallel algorithms; CoSyMA [103], a tool for automatic control synthesis of incrementally
stable switched systems, which generates a controller for the system enforcing a given safety or
time-bounded specification starting from a description of a system as set of differential equations
and sampling parameters used to define an approximation of the state-space generates; SCOTS,
a software tool for automatic controller synthesis of nonlinear control systems which construct a
symbolic model of the input system via Lipschitz-based estimation and discretization to perform
controller synthesis for invariance and reachability goals using fixed-point computations. Finally,
we also must mention the recent works regarding least-violating controller synthesis for reactive
systems, such as in the work of Aminof et al. [104]. In such contexts, the focus shifts to developing
control systems capable of enforcing a specification while also managing exceptional events for as
far as possible, aiming to develop a winning strategy against all possible expected events and that
provide the best-effort answer to unexpected ones. In this regard, we cite TuLiP [105], a software
toolbox for the synthesis of embedded control software with respect to an expressive subset of
linear temporal logic (LTL) specifications, combining finite-state abstraction of control systems,
digital design synthesis from LTL specifications and receding horizon planning to build a controller
that is guaranteed to be correct for any admissible environment profile.

It is interesting to point out how most of the listed tools for the controller synthesis for hybrid
models rely on performing an abstraction step to reduce the input model into a more manageable
form. Abstraction is a powerful instrument, as it allows simplifying a given system to a more
manageable form where usage and development of algorithms are less demanding and, moreover,
provide more guarantees on the results. For example, in the work Nilsson et al. [106], authors
introduce augmented finite transition systems to abstract continuous dynamics via the encoding of
liveness properties in order to apply high-level specifications described using (LTL). The abstrac-
tion follows an incremental synthesis approach, starting with a coarse abstraction and refining it via
fixed-point structures according to LTL formulas. Similarly, the work of Girard et al. [107] presents
an abstraction-based method for controller design, focused on safety and reachability specifications
and based on approximately bisimilar models. The controller is synthesized for the abstract system
and then refined to the original system through a concretization process, thus ensuring correctness
by design. Finally, we also mention the work of Liu et al. [108], who present a method for synthe-
sizing robust controllers from temporal logic specifications using finite abstractions with built-in
robustness margins.

The last topic we want to discuss here regards the tool used for controller synthesis for regular
FSA. While, obviously, such tools can not be used on DTHA, they can be applied to an abstraction
of such systems to compute a controller capable of enforcing some specifications on the system.
Regarding control-focused tools, the most popular ones can be found in another list, again offered
by the IEE Control Systems Society, where software tools that can be used to model discrete-
time systems using FSA2 are reported. On a similar note, a portion of the work by Reniers
et al. [109] discusses some of such tools’ usage, investigating offered support within an actual
modeling context for a non-trivial system. Among all tools the IEE Control Systems Society, we cite
DESUMA [110], a software and educational tool used to model and control discrete event systems as
FSA written in Java combining the UMDES C library with the GIDDES tool for FSA visualization,
MDESpos [111], an open-source Python tool for analysis and control of discrete event systems
modeled as finite-state automata, including also non-deterministic systems, Supremica [112], a
tool for automatic verification and synthesis of FSA, and the Eclipse Escet [37] suite, a Java
framework implementing CIF, a modeling language capable to specify discrete event, timed, and
hybrid systems as a collection of synchronized automata. All presented tools implement the main
algorithms and theories of the Ramadge framework presented in Section 2.8 to perform supervisory
control of DES. In particular, the last two presented tools also allow for modeling systems not only
via FSA but also Extended FSA and, in the case of Escet, Hybrid Automata. Moreover, Escet

2https://ieeecss.org/tc/discrete-event-systems/resources

https://ieeecss.org/tc/discrete-event-systems/resources


34 CHAPTER 3. STATE OF THE ART

also allows the specification of the model and performs supervisory controller synthesis, as well as
validation, visualization, verification, testing, and code generation.



Chapter 4

Soft Sensors for microclimate
control

As noted in section 3.1, the greenhouse’s climatic conditions are far from uniform, meaning using
a single instance of a model to assess crops’ conditions is not the correct choice. In order to solve
this problem without needing to develop overly complicated models or deploy an excessive number
of sensors, we proposed a new approach that combines permanent and temporary sensors, external
sources of information, and statistical regression to create a microclimatic map of the greenhouse
and to extend the concept of soft sensors (also called “virtual sensors”) with different categories
depending on the modeling technique and their usage. As depicted in Fig. 4.1, the proposed
infrastructure mainly consists of the following entities:

1. Persistent sensors, installed permanently in low numbers to reduce costs and encumbrance,
provide accurate data regarding the inside of the greenhouse (red circle in the figure) and its
outside (green box in the figure).

2. additional information sources, e.g., for weather forecasting.

3. Sparse Soft Sensors, each created by correlating data from persistent sensors to data sampled
by a temporary sensor in the same location (black crosses in the figure).

4. A 2D-Sensor is a soft sensor describing the 2-dimensional behavior of a climatic variable
obtained by interpolating data from Sparse Soft Sensors.

Figure 4.1: Proposed methodology for monitoring multiple points of interest based on a single
sensor

Initially, only persistent and temporary sensors are placed, and sensing data forms the points
of interest. Then, from those data, Sparse Soft Sensors can be modeled to substitute temporary
sensors. Finally, a 2D-Sensor is created, covering locations not directly considered in the sampling
process. Additionally, removed temporary sensors can be placed again at different positions to
restart the sampling process and increase the covered area and accuracy. Additionally, by changing

35
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the input, this approach can also be used as a weather forecast system and a fault detection system
for persistent sensors. We will label models that use forecast data as Forecast Sparse Sensors, while
models for anomalies detection Anomaly-Detection Soft Sensors.

In particular, we applied our methodology specifically to compute air temperature at different
locations since it is the main driving variable for all previous models.

4.1 Soft Sensors development

In order to give a proper order to previously defined soft sensors, a hierarchy was developed and is
presented in Fig. 4.2. At the top are two main types of soft sensors, i.e., Regressed (R) Soft Sensors,
obtained by using regression techniques, and Interpolated (I) Soft Sensors, obtained instead via
interpolation. From there, R-Soft Sensors can then be divided as Sparse Soft Sensors, which air
temperature value at specific locations, Forecast Sparse Sensors, that model future temperature
using general weather forecast, and Anomaly Detection Soft Sensors, used to assess the status of a
persistent sensor in function of other sensors’ data. On the other hand, 2D-Sensors derives from
I-Soft Sensors and computes temperature at any location through 2D interpolation for a single
moment in time. In total, nine Sparse Soft Sensors, and the same number of Forecast Sparse

Figure 4.2: Hierarchy of Soft Sensors and their relationships with available data sources.

Sensors were created, one for each point of identified position (and later increased to fifteen each),
more than ten Anomaly Detection Soft Sensors to cover all Evjas’ and Davis’ station sensors, and
an unspecified amount of 2D-Sensor, as with each new set of measures a new sensor had to be
computed.

4.1.1 Regressed Soft Sensors

Regressed soft sensors allow for estimating the value of a climatic variable at a given location using
input readings from sensors placed elsewhere, which are obtained as results of linear regression.

As in classical linear regression, the starting point to develop the models is the column vector

Y =
[︁
y(t1) y(t2) . . . y(tn)

]︁T
that stores the measurements taken from time t1 to tn by the

sensor we want to model (defined as target model), and matrix

X =

⎡⎢⎣x1(t1) x2(t1) . . . xm(t1)
...

...
...

x1(tn) x2(tn) . . . xm(tn)

⎤⎥⎦ =

⎡⎢⎣x(t1)...
x(tn)

⎤⎥⎦
which is an n by m matrix collecting measurements taken at the same n time instants from m
other sensors (defined as input sensors). Generally, the X matrix can store any type of sensed
data without restrictions. Therefore, the first step of the presented methodology is to use either
the lasso and stepwise techniques to automatically remove variables that do not contribute to or
may even reduce, regression accuracy. This step turns the X matrix into a smaller one, denoted
as X̄, where only functional components remain.

Although useful, removing useless elements from matrix X alone is insufficient to obtain a good
model for the targeted sensor, as data from input sensors can only sometimes suffice to explain
all phenomena that affect target models. Particularly, while the persistent sensors’ readings allow
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modeling of some recurring events (such as the day-night cycle of air temperature), they may not
capture other phenomena, being “local” phenomena related to specific locations. However, if local
phenomena are time-dependent (e.g., shades), they can still be included in the model by adding to
the input set some variables explicitly representing the time at which each measurement has been
collected. This leads to a new matrix X̃ defined as X̃ =

[︁
M | D | H | X̄

]︁
where M , D

and H are binary maps defined as:

M =

⎡⎣m1(t1) . . . m12(t1)
. . .

m1(tn) . . . m12(tn)

⎤⎦
D =

⎡⎣d1(t1) . . . d31(t1)
. . .

d1(tn) . . . d31(tn)

⎤⎦
H =

⎡⎣h1(t1) . . . h24(t1)
. . .

h1(tn) . . . h24(tn)

⎤⎦
were M , D, and H stand for Month, Day, and Hour, respectively. The i-th row of M , D, and
H encodes the timestamp of the samples at the i-th row of the matrix X̄, such that only the
entry that has column index matching the month, day and hour of the timestamp is set to one,
while other the row elements are set to zero. For instance, if the i-th row of X̄ has the timestamp
2021-10-15 13:00, then the i-th rows of M , D ad H will have a 1 in column index 10, 15 and 13,
respectively:

Mi =
[︂m1 . . . m9 m10 m11 m12

0 . . . 0 1 0 0

]︂

Di =
[︂ d1 . . . d14 d15 d16 . . . d31

0 . . . 0 1 0 . . . 0

]︂

Hi =
[︂h1 . . . h12 h13 h14 . . . h24

0 . . . 0 1 0 . . . 0

]︂

Having defined what the Y vector and the X matrix mean for R-Soft Sensors and which form
they should have, it is now possible to give a more mathematical definition for such soft sensors.
Assuming Sk to be a source of data (defined as target) placed in a point of interest that monitors
the value of the variable V , then Sk can be described as the function

V (t) = Sk(t) (4.1)

that for each instant of time t produces a value V (t). The corresponding R-Soft Sensor Ŝk, which
generates the estimate V̂ (t) of Sk, can then be described as

V̂ (t) = Sk̂(x̃t) (4.2)

= x̃(t)Â (4.3)

= x̃(t)(X̃
T
X̃)−1X̃

T
Y (4.4)

Where x̃(t) is a row related to the timestamp t of the matrix X̃ calculated before, and Y is the
column vector described at the beginning of the section.

The following sections present the three types of R-Soft Sensors.

4.1.2 Sparse Soft Sensors and Forecast Sparse Sensors

We define s Sparse Soft Sensor as special R-Soft Sensor where the matrix X̃ is obtained from
historical data gathered from persistent sensors, while the training vector Y consists of historical
data coming from a temporary sensor placed at a specific a point of interest inside a greenhouse
for a limited amount of time. Fig. 4.3 shows the complete set of operations to create the model
following previously-explained steps, whereas Fig. 4.4 shows runtime operations to use such model
to estimate the variable at time t in the corresponding point of interest.
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Figure 4.3: Creation flow of Sparse Soft Sensors starting from acquired data.

Figure 4.4: Runtime usage of Sparse Soft Sensors at time t.

Sparse Soft Sensors allow the modeling of greenhouse microclimate in real-time according to
data obtained from persistent sensors. However, on different occasions, knowing the greenhouse’s
internal status may not suffice to choose which agricultural actions must be undertaken. On
different occasions, in fact, information about the near future is preferable to assess crops’ risk
and which actions to take to avoid damages. Typically, information about climatic conditions for
the near future is provided by weather forecasts, which often refer to a wide geographical area.
However, we can slightly adjust the described regression methodology such that the X matrix
is filled with the weather forecast data, and the Y vector contains data read from persistent or
temporary sensors depending on the point of interest. With this change, we can obtain a model
capable of localizing weather forecasts to specific positions within the greenhouse. We defined this
new type of soft sensor as Forecast Sparse Sensor. Obviously, since weather forecasts typically have
a lower time granularity than sensor readings, they cannot be directly related to the regression
operation. To solve such a problem, sensor readings must before be averaged over the same time
window forecasts refer to so that both sensed and forecast values have the same time granularity,
and Eq. (4.4) can be used.

4.1.3 Anomaly Detection Soft Sensors

Since our methodology heavily depends on data gathered from sensors, anomalies generated by
faulty persistent sensors introduce noise in soft sensors that use such data as input, thus resulting
in wrong estimations.

To validate the measurements obtained from each persistent sensor, the proposed modeling
technique can be exploited again. For each persistent sensor, we can use its historical data as our
target Y vector and put it in relationship with readings from the other persistent sensors, which
constitute the X matrix. We can then proceed to create a regression model, thus obtaining a soft
sensor capable of estimating readings of the modeled sensor. We defined this type of soft sensor
as an Anomaly Detection Soft Sensor. As explained in Fig. 4.5, these soft sensors can be used at
runtime to estimate the climatic variable associated with each persistent sensor regarding readings
from the others. Then, the estimation is compared to the actual sensor reading, and a difference
is interpreted as an anomaly. It is worth noting that this mechanism can implement reciprocal
supervision of the persistent sensors, and models can be continuously re-trained with new incoming
data.
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Figure 4.5: Runtime assessment of a persistent sensor’s status.

4.2 2D-Sensor

Sparse Soft Sensors, Forecast Sparse Sensors and Anomaly Detection Soft Sensors allow monitor-
ing a fixed number of locations without needing physical permanent sensors. However, in some
occasions, it would be more desirable to monitor those same variables in arbitrary locations of
the greenhouse area without introducing other temporary sensors and training new Sparse Soft
Sensors. The 2D-interpolated estimation of a physical variable, given by Eq. (4.5), can be used

to cover for such a task, as it estimates the variable values V̂
px,py

t for a given location (px, py) at
time t using the interpolation function S2D. In this case, the function itself is the soft sensor, as it
allows the estimation of a climatic parameter for a specified position. We named this type of soft
sensor as 2D-Sensor.

V̂
px,py

t = St
2D (px, py) (4.5)

The 2D-Sensor takes two parameters as input, i.e., the spatial coordinates of the point to
monitor (px, py). It is worth highlighting that the sensor is bound to a time parameter: the
interpolation process uses, in fact, data from sensors (of any type) to create a 2D surface and
compute the value for the desired position. However, since climatic variables evolve over time, the
interpolation function must be recalculated every time new data are available and can only be used
to estimate data for that specific time frame.

Finally, the interpolation mechanism is flexible and can be combined with the previously de-
scribed R-Soft Sensors. A 2D-Sensor can create a microclimatic map referring to either the current
time if it is fed by persistent sensors and Sparse Soft Sensors or a future time if it is fed by Forecast
Sparse Sensors.

4.3 Experimental Setup for Applications

The proposed methodology has been applied using data from a real-world scenario. Within such
an experiment, we

• modeled a microclimatic map via 2D-Sensor fed by different Sparse Soft Sensorss;

• modeled Forecast Sparse Sensors for air temperature by using weather forecast obtained from
an online web service;

• designed an Anomaly Detection Soft Sensor for each persistent sensor for fault detection
purposes.

The research was conducted in greenhouse tunnels of two farms located near Verona (45◦ 20′

25.9′′N 11◦ 05′ 12.3′′E and 45◦ 20′ 47.13′′N 11◦ 1′ 46.4′′E respectively) in north-eastern Italy
and spanned from late August 2021 to early July 2022. Each tunnel is 275.6m2 (50m x 5.3m)
northeast-southwest oriented and covered with transparent plastic film.

The primary data sources used as persistent sensors consisted of two microclimatic stations
by Evja s.r.l. installed in each farm as well as a Davis Vantage Pro2 weather station installed
relatively close to the greenhouses. The microclimatic stations were equipped with sensors to
capture data for air temperature, relative humidity, solar radiation, soil humidity, soil temperature,
and soil electrical conductivity. In contrast, the weather station monitored barometric pressure,
temperature, relative humidity, wind speed, rainfall, and solar radiation, as well as computed dew
point, wet bulb temperature, and heat index. Sampling time was set to fifteen minutes for all
persistent sensors, and data were stored in the cloud through a SIM-based Internet connection and
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Figure 4.6: The microclimatic station (Evja) hosting persistent sensors and the weather station.

accessed using MQTT protocol. Figure 4.6 shows the two data sources and their position in the
greenhouse.

Within the two greenhouses, nine points of interest were chosen for each farm and positioned as
in figure 4.7: in positions 1 to 8 HOBO S-TMB-M0xx air temperature sensors have been placed and
connected to two UX120-006M loggers providing four channels each; in position 9 a HOBO UX100-
011A Data Logger was used to monitor both air temperature and relative humidity. Additionally,
six more temporary sensors were later introduced to cover larger gaps between installed sensors.

Figure 4.7: Position of persistent and temporary sensors across the two greenhouses. Sensors
denoted by letters were added in a second moment for validation purposes.

4.4 Sparse Soft Sensors design and validation

Data from temporary sensors were used to create nine vectors Yk to apply the methodology de-
scribed in previous sections. The input matrix X collected all data produced from the Evja
microclimatic station and the weather station for a total of 24 different input variables and more
than 14, 000 readings over the observation period. Furthermore, in each row, we collected the
measurements of the three previous time instants (hence up to 45 minutes in the past) from the
weather station and Evja station

X =

⎡⎢⎣x1(t3) . . . xm(t3) x1(t2) . . . xm(t2) x1(t1) . . . xm(t1)
...

...
...

x1(tn) . . . xm(tn − 1) x1(tn − 1) . . . xm(tn − 1) x1(tn − 2) . . . xm(tn − 2)

⎤⎥⎦
bringing the total input matrix’s size up to 72 columns.

A MATLAB script was used to perform the regression automatically. First, we divided the X
matrix and the Y vectors and split them into a training set and a test set, the former taking 80%
(first 40% and last 40%) of the total measurements, while the latter the remaining 20%. After the
division, we used MATLAB’s stepwiselm function to compute a stepwise regression, which applies
a forward selection and a backward selection in sequence to add all needed variables to the model
and to later eliminate those that were not statistically significant, to minimize a given cost function.
In our case, the cost function set was the adjusted R-squared. Before computing the regression, the
input matrix X and output vector Y were normalized to feature zero mean and unitary variance.
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Following component selection, the matrix was enhanced with temporal information as described
in Section 4.1.1; the resulting matrix X̃ matrix is used in a final regression process to obtain the
coefficients of the models representing the Sparse Soft Sensors.

To evaluate the resulting models’ performance, the following three evaluation metrics have been
used:

• adjusted-R-squared

R2
Adj = 1− n− 1

n− k − 1

∑︁n
i=1(yi − ŷi)

2∑︁n
1 (yi − ȳ)2

,

• Adjusted Root Mean Square (RMSEAdj), calculated as the ratio between the Root Mean
Square Error (RMSE) and the Root Mean Square Error(RMS) of y

RMSEAdj =
RMSE(Y, Ŷ )

RMS(Y )
=

√︄∑︁n
i=1 (yi − ŷi)

2∑︁n
i=1 y

2
i

;

• Relative Root Square Error (RRSE), calculated as the ratio between the Root Mean Square
Error and the standard deviation σ

RRSE =
RMSE(Y, Ŷ )

σ(Y )
=

√︄∑︁n
i=1 (yi − ŷi)

2∑︁n
i=1 (yi − ȳ)2

.

Where n is the number of samples, k the row number of coefficient vector A, yi and ŷi are elements
belonging respectively to vectors Y and Ŷ , and ȳ is vector Y ’s mean value.

Tables 4.1 and 4.2 list the metrics for air temperature of all the nine sensors placed in each farm,
with the addition of relative humidity for the two points of interest further away from the Evja
station (number 9 in Fig. 4.7). As it is possible to see in tables, each soft sensor reaches a precision
of 85% or more both for training and testing, with most of them reaching an accuracy of 98-99%,
meaning that Sparse Soft Sensors can estimate very precisely temperatures at the given points in
space. The time series for the temperature Sparse Soft Sensor of the First Farm is reported in
Fig. 4.8 and compared to the actual value of the temporary sensor used for training and to the
values provided by the microclimatic station. Estimated values follow the actual ones as desired,
whereas the microclimatic station does not, serving as another proof of the heterogeneity of the
greenhouse’s microclimate.

Sensor R2 Adj RMSE RRSE

0.98 0.04 0.14
Temp #1

0.96 0.05 0.19
0.99 0.03 0.11

Temp #2
0.99 0.03 0.12
0.99 0.03 0.09

Temp #3
0.99 0.03 0.10
0.99 0.03 0.10

Temp #4
0.99 0.02 0.10
0.99 0.03 0.11

Temp #5
0.98 0.03 0.12
0.99 0.04 0.14

Temp #6
0.97 0.04 0.16
0.98 0.04 0.13

Temp #7
0.97 0.04 0.16
0.98 0.04 0.13

Temp #8
0.98 0.03 0.15
0.99 0.03 0.10

Temp #9
0.99 0.03 0.12
0.98 0.04 0.15

RH #9
0.94 0.05 0.24

Table 4.1: Accuracy results for each sensor
in the first farm.

Sensor R2 Adj RMSE RRSE

0.98 0.02 0.08
Temp #1

0.99 0.02 0.07
0.99 0.02 0.08

Temp #2
0.99 0.02 0.08
0.99 0.02 0.08

Temp #3
0.99 0.02 0.07
0.99 0.02 0.08

Temp #4
0.99 0.02 0.08
0.99 0.02 0.08

Temp #5
0.99 0.02 0.09
0.99 0.02 0.09

Temp #6
0.99 0.02 0.10
0.99 0.01 0.06

Temp #7
0.99 0.02 0.07
0.99 0.02 0.08

Temp #8
0.99 0.02 0.10
0.98 0.07 0.15

Temp #9
0.87 0.11 0.31
0.97 0.04 0.16

RH #9
0.94 0.05 0.21

Table 4.2: Accuracy results for each sensor
in the second farm.
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Figure 4.8: Plot for validation phase of regression for sensor #9.

4.5 Impact of temporal information on the model

In order to test how much the time information impacts the regression model, two tests were
conducted. In the first one, named Unmodified-output test, we aimed to assess the difference
between a traditional regression model obtained using the available dataset and a regression model
computed with the addition of temporal information. In the second test instead, named Modified-
output test, the same operations from the first one were performed, only with outputs altered
in order to introduce a local daily event, in our case by forcing a temperature decrease of 5°C
only between the 16:00 and 18:00 every day. In this way, an important recurring event, although
synthetic, was introduced in the output dataset to see how well-timed and un-timed regression
models were capable of handling it.

Table 4.3 reports the values of the accuracy metrics for each test and each model. In the case
named “Modified-output”, the timed model is more accurate since it allows for coping with the
variation introduced by the presence of the local phenomenon, which persistent sensors cannot
detect. Interestingly, even for the unmodified output case, the timed model performs better than
the un-timed one with an average accuracy increase of 2% (0.99 against 0.97). Such difference can
be explained by the presence of local phenomena, which may also affect the persistent sensors and
which the timed model still manages to capture differently from the un-timed one, thus resulting
in an increase in accuracy. Figure 4.9 compares the behavior of the two models in the Modified-
output case: the timed model (red line) is much closer to actual values (black line) with respect
to the un-timed one (blue line), with a difference in accuracy of 4%.

Output Metric Timed Model Un-timed model

R2
Adj 0.99 0.97

Adj RMSE 0.03 0.04Unmodified-output
RRSE 0.11 0.16

R2
Adj 0.99 0.95

Adj RMSE 0.07 0.07Modified-output
RRSE 0.21 0.21

Table 4.3: Metrics for each model and test. The timed model is always more accurate than the
un-timed one.

Figure 4.9: Accuracy comparison for un-timed and timed models when a local recurring event
occurs.
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4.6 Integration of weather forecast

Weather forecasts for the geographical zone where the experiment was conducted were retrieved
from a specialized website, which provided an estimation for temperature, air pressure, and relative
humidity for each hour of the day, assumed to be average values for the one hour the forecast refers
to. Therefore, we modified the target vector Y to store hourly average readings, taken as the mean
between all measurements done within a −30 and +30 minutes span from a given timestamp. For
example, if a forecast refers to 10:00 am, the corresponding value in the Y vector was computed
as the average between the sensors’ readings from 9:30 a.m. to 10:30 a.m.

Regression results for conducted tests show that model accuracy reached an R-squared value
greater than 0.8 for both the calibration and validation phases. Fig. 4.10 shows the actual temper-
ature measurements (in blue) of the weather station near the greenhouse, the temperature forecast
used (taken the prior day) related to a nearby town (in black), and the corresponding predicted
greenhouse temperature forecast (in red). The obtained model provides a good estimation of future
conditions near the greenhouse for most of the time, even if we used a free forecast web service,
which had limited accuracy. Therefore, we believe a better forecast service can easily surpass the
reported performance.

Figure 4.10: Validation of the forecast model against the original forecast and actual sensed values.

4.7 2D map generation and validation

After modeling fourteen temperature points of interest as Sparse Soft Sensors, the area delimited
by them was split into a grid whose points were used to design the 2D map. The 2D-Sensor was
implemented by using MATLAB’s griddata interpolation function fed by positions and estimated
values of all the Sparse Soft Sensors. This function is called every time a new set of measurements
is available for the Sparse Soft Sensors (i.e. when new samples from the persistent sensors are
available).

2D-Sensors validation was done by comparing, for each of the fourteen monitored spots, the
actual sensed value, the estimation from the corresponding Sparse Soft Sensors, and the 2D-
Sensor ’s estimation obtained by interpolation of all Sparse Soft Sensorss, but the one in examined
position. Fig. 4.11 shows the values for a central location (upper plot) and for a corner location

Figure 4.11: Comparison between estimated values with Sparse Soft Sensors and interpolation for
two locations in the map.

(bottom plot). Results show that the difference between the Sparse Soft Sensors and interpolated
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values grows more prominent for points closer to the border, while near the center, interpolation
manages to be even more accurate than the Sparse Soft Sensors. We can, therefore, conclude
that Sparse Soft Sensors are necessary for peripheral points of interest, while for central points of
interest, the 2D-Sensor may be sufficient, and the creation of specific Sparse Soft Sensors is not
needed. Finally, Fig. 4.12 gives instead an idea of how the final result of the interpolation process
should look like, basically creating a heat map of the monitored area to let farmers know at first
glance how the situation inside the greenhouse is.

Figure 4.12: Temperature map obtained by combining estimation from Sparse Soft Sensors and
the 2D-Sensor.

4.8 Validation of anomaly detection

To validate the anomaly detection methodology previously explained, a model of each persistent
sensor was built based on data coming from the weather station and vice versa. Results showed
that for physical variables that both stations monitored, prediction accuracy managed to be very
accurate (R2 > 0.8), whereas the prediction of variables sensed only by one station (e.g., the
soil moisture not present in the weather station) was less precise. Fig. 4.13 shows the original
behavior of the persistent temperature sensor, its fault-injected version, and the predicted behavior
by using data from the weather station. The anomalous behavior of the sensor is denoted by the
difference between its current output and the corresponding prediction, and therefore, it is possible
to continuously check the validity of a data source simply by using incoming data from the other
one.

Figure 4.13: Comparison between the faulted sensors and model’s predicted values.

4.9 Improving model robustness

The presented methodology has as its founding element the use of linear regression to develop
models capable of estimating present or future greenhouse conditions, be they climatic or related
to sensors’ status. Throughout linear regression, we manage to obtain a model capable of combining
various inputs to estimate a certain quantity with relatively good accuracy, as the presented results
show. Although simple to use, however, linear regression models suffer from severe limitations in
the sense of not being very robust. Despite the fact that the presented methodology can be used
to detect faults, a noisy or missing value for even a single input variable may lead to unpredictable
behavior, making the model unusable. While there are ways to work around these problems, such
as using redundant models with fewer input variables to cover for cases of missing readings, these



4.9. IMPROVING MODEL ROBUSTNESS 45

solutions may not be practical. Therefore, it could be beneficial to move on from linear regression
to a more robust technique for creating models capable of dealing with unexpected input behavior.
In this regard, Recurrent Neural Networks (RNNs) offer a promising alternative, as they can handle
the absence of measurements and outlier values much better than traditional linear regression. In
particular, the usage of Long Short Term Memory (LSTM) networks appears to be a good solution,
as they handle better long-term dependencies between input variables, are less susceptible to the
vanishing gradient problem, and are very efficient at modeling complex sequential data. In addition,
the introduction of the concept of context [113, 114], which enriches the measure with elements
such as position and acquisition time, allows to boost the model’s effectiveness furthermore.
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Chapter 5

Crop Model Description and
Calibration

The proposed extended automaton implements the reduced TOMGRO model. However, to take
advantages the most out of automaton composition, the model was break down into its core
components, and for each one an ad-hoc automaton was developed, allowing us to avoid the
explosion in states number that we would have obtained by describing with a single automaton
all model’s possible behaviors. In this section we will provide only the key information for each
automaton, while all formal specification are reported in table 5.1,appendix A

The first step to convert the model was to re-write it using only discrete-time variables, which
allow for an easier conversion later on. This was made possible due the fact that all equations
presented previously were either daily-based or hourly-based, with no actual continuous time in-
volved. Therefore, the transition from the formulation given by original authors and the one we
propose here, which uses discrete time, does not introduce any error, as we simply rewrite the
equations to exhibit their innate property of being at discrete-time. In each developed DTHA,
constructed following rules expressed in Section 2.7, we introduce the temporal variable c that
evolve in continuous time over a give period Tp, after which it is reset to zero, thus acting as a sort
of clock for the system and allowing to separate time into discrete moments. The total period T
was set to be one-hour long, meaning that once c reaches the value of one, an hour as passed and
we reset it. Tp was chosen to be hourly-based since one hour is the minimum granularity required
by all TOMGRO’s equations.

The decomposition process ended up in three distinct models, each one representing a core
element for crop’s growth: node, LAI and fruits development. Each model possesses its inputs,
that can be shared across models, and eventually may depends on values computed by other
models. This last statements may seem contradictory with the idea of working using separated
models, but since the dependency graph of the model’s equations turns out to be a DAG, it means
that it is possible to put the models in a cascade formation, where for each level an automaton
depends only on external inputs and value from automata at the upper value, without any circular
dependency. This permit us to model automaton stating from the top, where no dependencies
are presents, and then to move to lower level without worrying of changes propagating backwards.
Figure 5.1 gives a visual representation of what stated so far.

Nodes

Nodes
Model

LAI

Leaf Are Index
Model

Fruit 
Biomass

Total
Biomass

Mature
Biomass

Biomass
Model

Input Data

Figure 5.1: Diagram representing dependencies within the TOMGRO model.
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Before proceeding with discussing the actual sub-models, we report here table 5.1, which re-
ports information for each variable and parameters which will appear in equation we will discuss
throughout this chapter.

Table 5.1: Legends of state variables, functions and parameters for the TOMGRO model.

Name Meaning Reference Eq. Source(s)

State Variables

N # of crop’s nodes 2.1,5.2 [21]
LAI Leaf Area Index (m2leaf/m2 ground) 2.2,2.7,5.3 [21, 22]
W Aboveground dry weight (g/m2) 2.3,5.7 [21]
Wf Total fruit dry weight (g/m2) 2.4,5.8 [21]
Wm Mature dry weight (g/m2) 2.5,5.9 [21]
Pg Gross photosynthesis (g[CH2O]/m2) 2.8,5.10,5.12 [19]
Rm Maintenance respiration ((g[CH2O]/m2)) 2.9,5.11,5.13 [21]

Inputs

T Hourly mean Temperature (°C)
Tm Daily mean temperature (°C) 5.14
Tdm Daily daytime mean temperature (°C) 5.15
CO2 Hourly average CO2 concentration
PPFD Hourly average photosynthetic photon flux density (µmol/sm2)

Parameters and Auxiliary functions

Nm Maximum rate of node appearance at optimal temperature [21]
Nb Coefficient in expolinear equation 2.2 [21]
fN Function to modify node development depending of temperature 5.16 [19]
ρ Plant density per m2 2.2,2.2,2.3,5.7 [21]
σ Maximum leaf area expansion per node 2.2 [21]
λ Function to reduce rate of leaf area expansion 2.2 [21]
β Coefficient in expolinear equation 2.2 [21]
a Parameter in sigmoidal equation 2.7,5.3 [22]
b Parameter in sigmoidal equation 2.7,5.3 [22]
LAIMAX Maximum leaf area expansion 2.7,5.3 [21]
d Parameter in sigmoidal equation 2.7,5.3 [22]
GRnet Net aboveground growth rate 2.6 [21]
p1 Loss of leaf dry weight per node after LAIMAX is reached 2.3,5.7 [21]
Vmax Maximum increase dry weight per node 2.3,5.7 [21]
αf Maximum partitioning of new growth to fruit 2.4,5.8 [21]
Ff Function to modify partitioning to fruit w.r.t temperature 5.20 [115]
θ Transition coefficient between vegetative and full fruit growth 2.4,5.8 [21]
Nff Nodes per plant when first fruit appears 2.3,2.5,5.8,5.9 [21]
TCrit Mean daytime temperature above which fruit abortion starts 2.4,5.8 [21]
Kff Nodes from first fruit to first ripe fruit 2.55.9 [21]
Df Rate of fruit’s development w.r.t average daily temperature 5.21 [115]
E Ratio of biomass to photosynthate available for growth 2.6 [19]
fR Function to modify partitioning to roots w.r.t nodes number 5.18 [19]
cfgt Parameter in equation 5.20 [115]

5.1 Nodes

The first implemented automaton refers to the Node state variable, being it the only one without
any dependencies except from external input and also being the one all other variables depend on.

TOMGRO’s original formulation for node development was given in (2.1) and is reported here
for simplicity. Here fn is a reduction factor that can be defined either as in equations 5.16 and
5.17, while Nm is the maximum daily node appearance rate.

dN

dt
= NmfN (Tm)

The discrete version of equation (2.1) is given by equation (5.1):

N(d) = N(d− 1) +NmfN (Tm) (5.1)



5.2. LEAF AREA INDEX 49

where d is a discrete-time variable representing the current day, while all other parameters retain
their original meaning. Since, however, we decided to have an hourly-based time step, switching
from a daily-based increment as the one proposed to an hourly-based one could prove beneficial,
as working with hourly input may help in describing better plant’s response to big variations in
temperature, otherwise, hidden when by average values. Luckily, the formulation of equation (5.1)
allows us to easily change the time scale for the increment by changing the Nm parameter from
expressing maximum daily node appearance to maximum hourly node appearance. Moreover, since
the original Nm parameter had to be calibrated in any case, changing it to be hourly-based does
not add additional work. Therefore, the final formulation for the node’s growth in our model is:

N(h) = N(h− 1) +NmhfN (T ) (5.2)

where h is a discrete variable that represents the current hour, Nmh is the hourly maximum node
appearance, and fN is the reduction function. To stick with the original TOMGRO, we decided to
implement such a function using its original formulation (eq. 5.16), and from now on, we will only
refer to it when talking about the fN function. T represent instead the hourly mean temperature,
to distinguish from Tm being the daily mean temperature

Translating equation (5.2) into a discrete-time hybrid automaton is relatively straightforward,
as it can be represented with a single state with a self-loop, updating the state variable. Figure 5.2
depicts the resulting automaton, stutter transitions are omitted to simplify the reading process.

N0

ċ = 1
c < Tp

start
c = Tp/
N := N +NmhfN (T ); c := 0

Figure 5.2: Node Automaton

5.2 Leaf Area Index

Following node modeling, we moved to model the Leaf Area Index (LAI). Back in section 2.3,
we described that such a variable was computed in two different ways by two studies. In the
TOMGRO model, LAI evolution is given by an expolinear function represented by the differential
equation shown in (2.2); on the other hand, Bacci et al.described the LAI evolution via a sigmoidal
function that binds LAI and nodes number directly as depicted in 2.7. Out of the two possibilities,
we decided to implement our model using Bacci’s formulation, as the sigmoidal growth better
matches the actual evolution of leaf area for tomato crop [116].

LAI(N) =
ab+ LAIMAX ·Nd

b+Nd

While chosen formulation could be already implemented as-is, however, as previously appointed,
Bacci’s formulation provides computes the LAI value directly from nodes’s number, meaning LAI
becomes a stateless variable directly tied to the nodes. Because of this, any changes in nodes
will directly and inevitably reflect on LAI’s value even when not necessary, and, even worse, it
becomes impossible to change the LAI value, for example to reset it as a consequence of a direct
observation, without changing the node’s value first. To solve this limitation, we decided to derive
Bacci’s formulation over dN

dt , turning the equation from a closed solution over the node’s number
into a differential equation over time:

dLAI

dt
=

(︃
ab+ LAIMAX ·Nd

b+Nd

)︃
dN

dt

=
bd(LAIMAX− a)Nd−1

(b+Nd)
2

With this change now the LAI becomes a proper state variable, and its dependence from nodes is
weakened. Now, in fact, it is the LAI increment that is computed using nodes rather and not its
actual value, thus allowing us to easily solve the problems we previously addressed.

Following our choice, the next step would be to turn such equation into a discrete form. More-
over, the derivation process returned an equation expressed on a daily basis, meaning that if we
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wish to express such a formula on an hourly basis, the result must be divided by a factor of 24.
This leads to the final formulation for the finite difference equation expressing the hourly evolution
of the LAI state variable, expressed in equation (5.3).

LAI(h) = LAI(h− 1) +
bd(LAIMAX− a)N(h− 1)d−1

(b+N(h− 1)d)
2 (5.3)

Thanks to the derivation process, we managed to obtain a finite difference equation to express
LAI change over time, but in doing so, we also lost track of a crucial LAI behavior. According to
the original formulation, in fact, zero growth in nodes causes the LAI to not change at all due to
the original function receiving two identical inputs. Applying such logic to the derived function,
however, does not work since two identical inputs would lead to two identical increments, which
would cause the LAI to grow even in conditions where it should not be possible. Therefore, the
special case of zero growth had to be handled to recreate TOMGRO’s original behavior in full. To
do so, we decided to change equation (5.4) to (5.6).

LAI(h) = LAI(h− 1) + ∆LAI(h) (5.4)

∆LAI(h) = min(δLAI,max(0,LAIc(h)− LAIc(h− 1))) (5.5)

δLAI(h) =
bd(LAIMAX− a)N(h− 1)d−1

(b+N(h− 1)d)
2 (5.6)

Basically, alongside regular LAI, we also introduce a second variable used for control, LAIc, which
is updated following Bacci’s formulation. For every time step, we first compare the new control
variable with its value at the previous time step to compute the increment Bacci’s formula would
provide. Secondly, we take the minimum between such increment and the one computed thanks
to the equation derived in (5.3). In this way, we can guarantee LAI’s update will only occur when
conditions allow while also allowing LAI to grow without being strictly tied to nodes.

The resulting automaton is shown in figure 5.3 (stutter transitions are omitted), which consists
of a single location, similar to the nodes’ one, with a self-loop that updates the LAI variable every
time c reaches the given time step, synchronously with the update of nodes.

L0

ċ = 1
c < Tp

start

c = Tp/
LAI = LAI +∆LAI,

LAIc = ab+LAIMAX·Nd

b+Nd ; c := 0

Figure 5.3: Automaton for Leaf Area Index

5.3 Fruits and Biomass

While nodes’ number and leaf area index allow us to have a general idea of how the crop is growing,
these variables do not permit us to estimate how much the crop has produced in terms of fruit
weight. For this reason, alongside previous state variables, TOMGRO computes three more state
variables on a daily basis: W , the total dry weight (i.e. biomass weight after removing all the
water) of the crop, root excluded; Wf , which accounts the dry weight of all fruits, independently
of their maturation; Wm, which holds information about the dry weight only for fruits that have
reached full maturation and are therefore ready for harvest. Equations expressing the dynamic
of such variables have already been shown in section 2.3, equations (2.3) to (2.5), but are also
reported down below for ease of readability.

dW

dt
= MIN(GRnet − p1ρ

dN

dt
,
dWf

dt
+ (Vmax − p1)ρ

dN

dt
)

dWf

dt
=

⎧⎪⎨⎪⎩
0 if N < NFF

GRnetαfFf (Tm)(1− e−θ(N−NFF)) if Tdm ≤ Tcrit

GRnetαfFf (Tm)(1− e−θ(N−NFF))(1− 0.154(Tdm − Tcrit)) if Tdm > Tcrit

dWm

dt
=

{︄
0 if N ≤ Nff +Kff

Df (Tm)(Wf −Wm) if N > Nff +Kff
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Since all equations represent the crop’s biomass evolution throughout different growth stages,
the three state variables were condensed into a single automaton representing the biomass change
in tomato crops. In particular, from the given equation, it is possible to divide the crop’s growth
into three separated phases, depending on nodes’ number, which dictates how the three state
variables evolve: in the first phase the plant is still relatively young, therefore only the total dry
weight increase, indicating a growth in the stem and other organs; in the second phase the crop
has reached adulthood and begins to develop fruits, and the correlated state variable begins to
evolve accordingly; finally once the first fruits have reached maturity, the last state variable starts
evolving alongside the other two. Figure 5.4 visually represents the three phases the tomato plants’
growth was split into.

Young
Plant

First
Fruits

Mature
Fruits

Adulthood Maturation

Figure 5.4: Phases of tomato’s growth

Alongside the equations ruling biomass accumulation, the TOMGRO model also specifies
the equations needed to compute the crop’s photosynthesis, which is then converted into actual
biomass. The three equations ruling such process are eq. (2.6),(2.8),(2.9), and are reported here
for simplicity.

GRnet =E(Pg −Rm)(1− fR(N))

Pg =

∫︂ (︃
DτCO2PgR(Tm)

K
ln

(︃
(1−m)τCO2 +Qe ·K · PPFD

(1−m)τCO2 +Qe ·K · PPFD · e−K·LAI

)︃)︃
dh

Rm =

∫︂ (︂
Q

T−20
10

10 rm · (W −Wm)
)︂
dh

In such equations, Tm is the daily mean temperature, Tdm is the daily daytime mean temperature,
CO2 is the hourly concentration of CO2, and PPFD is the hourly average photosynthetic photon
flux density.

As already explained in past sections, the first step to rewrite TOMGRO’s equations in a
discrete-time form. This can be done almost trivially since such formulations were already discrete
from the start, as the equations evolved at a fixed time step, either daily or hourly. Therefore,
the discretization process for given formulas simply substitutes the derivative operator with finite
differences and the integral one with a summation. The result of such a procedure is shown in
equations (5.7) to (5.11).

W (d) = W (d− 1) +MIN(GRnet − p1ρ
dN

dt
,
dWf

dt
+ (Vmax − p1)ρ

dN

dt
) (5.7)

Wf (d) =

⎧⎪⎨⎪⎩
0 if N < NFF

Wf (d− 1) + GRnetαfFf (Tm)(1− e−θ(N−NFF)) if Tdm ≤ Tcrit

Wf (d− 1) + GRnetαfFf (Tm)(1− e−θ(N−NFF))(1− 0.154(Tdm − Tcrit)) if Tdm > Tcrit

(5.8)

Wm(d) =

{︃
0 if N ≤ Nff +Kff

Wm(d− 1) +Df (Tm)(Wf −Wm) if N > Nff +Kff
(5.9)

Pg(d) =

24∑︂
h=1

DτCO2PgR(T )

K
ln

(︃
(1−m)τCO2 +Qe ·K · 5PPFD

(1−m)τCO2 +Qe ·K · PPFD · e−K·LAI(h−1)

)︃
(5.10)

Rm(d) =

24∑︂
h=1

Q
T−20

10
10 rm · (W (d− 1)−Wm(d− 1)) (5.11)

Note that equation (2.6) is not present in the list of adapted formulas. This is due to the fact
that equation (2.6) is simply an algebraic formula and is not tied to time dynamics, meaning no
changes are required to it. It is instead important to underline that the last two adapted equations,
namely the total daily gross photosynthesis Pg and the maintenance respiration rm, are computed
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as the sum over 24 hours of the hourly value of photosynthesis and respiration. This allows us to
break down such variables into hourly steps rather than daily-based, meaning that equations (5.10)
and (5.11) can be rewritten as seen in (5.12) and (5.13).

Pg(h) =Pg(h− 1) +
DτCO2PgR(T )

K
ln

(︃
(1−m)τCO2 +Qe ·K · PPFD

(1−m)τCO2 +Qe ·K · PPFD · e−K·LAI(h−1)

)︃
(5.12)

Rm(h) =Rm(h− 1) +Q
T−20

10
10 rm · (W (d− 1)−Wm(d− 1)) (5.13)

Therefore, the complete discrete model representing TOMGRO’s biomass growth is given by com-
bining the previous two equations with equations (5.7) to (5.9). It must be noted, however, that
the two sets of equations evolve with different granularity: in the case of dry weight, variables
evolve over a daily interval, whereas nutrient production evolves on an hourly basis and accumu-
lates over 24 hours before resetting for the next day. From this consideration, it follows that the
resulting automaton must use the finer granularity between the two possible, i.e., evolve on an
hourly basis. Therefore, the resulting automaton still works using an established time-step, albeit
this time coupled with the variable h responsible for counting the elapsed hours and detecting
when a full day has passed (h = 24) to perform the daily update and reset such variable to zero.
Simultaneously, average daily temperature and average daytime temperature are also computed
alongside updating the h variable. Formulas accounting for the update of the two temperatures
are shown in equations (5.14) and (5.15), with T being the mean hourly temperature.

Tm(h) =
Tm(h− 1)(h− 1)

h
+

T

h
(5.14)

Tdm(h) =

⎧⎨⎩
Tdm(h− 1)(h− 1)

h
+

T

h
if 8 ≤ h ≤ 18

Tdm(h− 1) otherwise
(5.15)

The resulting automaton is pictured in figure 5.5, with table 5.2 acting as a legend for the used
labels. Stutter transitions are omitted to simplify the reading process.

B0
ċ = 1
InvB0

start
B1

ċ = 1
InvB1

B2
ċ = 1
InvB2

c = Tp ∧ h < 24/
uh; c := 0

c = Tp ∧ h = 24/
ud
1; c := 0

c = 0∧
N ≥ Nff

c = Tp ∧ h < 24/
uh; c := 0

c = Tp ∧ h = 24/
ud
2; c := 0

c = 0∧
N ≥ Nff +Kff/

c = Tp ∧ h < 24/
uh; c := 0

c = Tp ∧ h = 24/
ud
3; c := 0

Figure 5.5: Automaton computing Biomass growth

Table 5.2: Legend expanding the labels pictured in fig. 5.5.

Label Expression

uh h := h+ 1, Pg := (5.12), Rm := (5.13), Tm := (5.14), Tdm := (5.15)
ud
1 W := (5.7)h := 0, Pg := 0, Rm := 0, Tm := 0, Tdm := 0

ud
2 W := (5.7),Wf := (5.8)h := 0, Pg := 0, Rm := 0, Tm := 0, Tdm := 0

ud
3 W := (5.7),Wf := (5.8)h := 0,Wm := (5.9), Pg := 0, Rm := 0, Tm := 0, Tdm := 0

InvB0 c < Tp ∨ (c = 0 ∧N < Nff)
InvB1 c < Tp ∨ (c = 0 ∧N < Nff +Kff)
InvB2 c < Tp
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5.4 Algebraic functions

Previous sections focused solely on equations ruling the dynamic of state variables. Such formulas,
however, heavily rely on other functions to describe limiting factors or crop’s response to climatic
changes, for example, the reduction in nodes’ growth under sub-optimal temperatures. These
functions are computed at each step, and are time-independent and agnostic of the model’s state;
i.e., they are pure, stateless, algebraic functions. In this section, we will describe them by providing
their formulation.

The very first function used appears in equation (5.2) as fN , the function responsible for
reducing node development under sub-optimal temperatures. According to [19], this function is
computed by interpolating points given in table 5.3, resulting in the formula presented in 5.16.
A different formulation for fN was instead given by Bacci et al.in [22], where the function was
computed as in 5.17.

Table 5.3: Value used for Node reduction function from original TOMGRO.

Temperature fN (T )

0.0 0.0
9.0 0.0
12.0 0.55
28.0 1.0
50.0 0.0

fN (T ) =

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

0.183̄T − 1.65 if 9 < T < 12

0.028125T + 0.2125 if 12 ≤ T ≤ 28

2

11
− T

22
if 28 < T < 50

0 otherwise

(5.16)

fN (T ) = Cfnm ·min
(︁
min (0.25 + 0.025T, 2.5− 0.05T ) , 1

)︁
(5.17)

Figure 5.6 shows graphically the differences between formulation given in 5.16 and 5.17: the former
equation penalizes development under low temperatures much more with respect to the second one,
which instead penalizes higher values of temperature.

Figure 5.6: Curves for the two formulation of the fN functions: orange is 5.16 and blue is 5.17

In this work, we choose to implement the fN function according to the original TOMGRO’s
implementation, as it is more flexible with respect to Bacci’s. Moreover, the four temperature
points (that in the original table corresponded to 9, 12, 28, 50°C) were set to be parametric to
allow for better calibration during experiments. This means that giving a direct formulation of the
fN function is impossible, as it can only be interpolated by using the four temperature parameters
after they have been set.
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Proceeding with the equations, the second algebraic formula used is found in equation (5.7) in
the form of GRnet. Such formulation was already presented in section (2.6), and is computed as
follow:

GRnet = E(Pg −Rm)(1− fR(N))

Here, E represents the growth efficiency, while fR indicates the fraction of biomass destined to
roots depending on the nodes’ number. Such function can be obtained from [19], which computes
it by interpolating data we report here in table 5.4, therefore obtaining the formula (5.18)

Table 5.4: Value used in the fR function in the original TOMGRO.

Nodes fR(N)

1 0.2
12 0.15
21 0.10
30 0.07

fR(N) =

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

0 if N < 1

0.205− 0.0045N if 1 ≤ N < 12

0.217− 0.006N if 12 ≤ N < 21

0.17− 0.003N if 21 ≤ N ≤ 30

0.07 otherwise

(5.18)

Similarly, the function PgR(T ) that appears in equation (5.12) and computes the reduction of
photosynthetic rate due to sub-optimal temperature values and is given too by interpolating data
represented in table 5.5 (obtained again from [19]), leading to the formula as in (5.19)

Table 5.5: Value used for the photosynthetic rate reduction function in the original TOMGRO.

Temperature PgR(T )

0.0 0.0
9.0 0.67
12.0 1.0
28.0 1.0
35.0 0.0

PgR(T ) =

⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩

0.074T if 0 ≤ T < 9

0.11T − 0.32 if 9 ≤ T < 12

1 if 12 ≤ T ≤ 28

5− T

7
if 28 < T ≤ 35

0 otherwise

(5.19)

Moving on, the next function to consider is the one responsible for modifying biomass partition-
ing to fruit with respect to the average daily temperature, Ff (Tdm), appearing in equation (5.8). Of
such function, however, no formulation was given in the considered paper [21], and a correspondent
one could not be found in the original 1991 TOMGRO model.

Because of this, the function was instead adapted from the SGx software [115], which also runs
using the TOMGRO model as its core. Therefore, the formula computing Ff (Tdm) was set as
in (5.20), where CfNFGT represents the reduction coefficient for tomato dry matter production.

Ff (T ) = max
(︂
0,min

(︁
1, 0.0625 (T − cfgt)

)︁)︂
(5.20)

On a similar note, we have the function Df (T ), which appears in equation (5.9) and computes the
rate of development of fruit under daily temperature. Since such a function could not be established
from either the TOMGRO model or its reduced version, such function was also imported from the
SGx software as it appears in (5.21)

Df (T ) = max
(︂
0,min

(︁
1, 0.0714 ∗ (T − 9)

)︁)︂
(5.21)
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5.5 Parameter Calibration

Previous sections described in detail all changes made to the original TOMGRO’s equations in
order to develop automata for the three main model’s components. During such work, however,
we focused only on the structure and the meaning of the equations themselves while leaving behind
another crucial aspect of the model itself: its parameters. As with many other agronomical models,
in fact, TOMGRO heavily relies on the value of such parameters to model crops’ development and
estimate their evolution characteristics that our formulation also inherits. Despite such importance,
computing the correct value for all parameters is not a trivial task, mainly due to the fact that
all the parameters are obtained from the field and hence related to crops, which are by nature
heterogeneous. Therefore, computing the exact value for a specific parameter is almost impossible,
as we can only estimate it from crops’ behavior, which is driven by their genetics and growth
conditions, two very fluctuating elements. As such, the only possible way to proceed is to search
for the best parameters set which minimizes the total error and variance across all crops in the
calibration sets. However, there is no guarantee that the same crop grown in different places, time
or conditions will behave in the same way. Because of this, parameters’ values are often left apart
in publications, meaning the only way to access their values is to compute them by ourselves.

In this work, four datasets were made available. The first two refer to tomato cultivation of the
Caramba tomato variety (Solanum lycopersicum, cv. Caramba) set in the facilities of DiSAAA-a,
Pisa, from April to June 2005 and August to November of the same year. The other two datasets,
instead, refer to a cultivation of tomato of the Jama variety (Solanum lycopersicum, cv. Jama),
this time in the heated greenhouse of the Department of Crop Biology at the University of Pisa,
from March to June and July to November 2001 respectively. Of the four, we decided to use the
first two to estimate the parameters, as they contain more precise data related to nodes, LAI, and
biomass over time, while we left the last two for validation. The estimation procedure followed the
dependencies between the three automata, as we started by estimating parameters only for the
nodes to move later to LAI and biomass. For nodes, estimation focused on the four temperature
values delimiting the different reduction functions plus the maximum appearance rate Nmh; for
LAI, the four parameters of the sigmoid were computed, and for biomass, all parameters for which
a known value could not be found had to be estimated.

Parameter estimation was performed using a brute-force algorithm, which tested all possible
parameters’ combinations, selected within a given range, by setting them in the corresponding
automaton and by running it. From the simulation’s results, average Root Mean Square Error
(RMSE) and variance were computed across all test sets. In the end, the combination of minimum
RMSE and variance was chosen as the best possible values to use for parameters, as it provided us
with a model providing the lower error and variability,therefore constantly performing well across
the cases instead of extremely well in specific case and bad in others. Once estimation returned
the parameters for a specific group of crops, the algorithm moved to the next one until all groups
had been analyzed. To speed up the process, the algorithm was parallelized, allowing the split
combination testing among different cores and processors. Subsequently, models were validated
using the remaining two datasets. For each model, three metrics were used to estimate prediction
goodness: Root Mean Squared Error (RMSE), the Relative Error (RE,[117]), Willmott’s index of
agreement d [118] and the Nash and Sutcliffe’s model efficiency index NSE [119], defined as follows:

RMSE =

√︄∑︁N
i=1 (xi − xî)2

N

RE =
RMSE

x̄

d = 1−
∑︁N

i=1 (xi − xî)
2∑︁N

i=1 (|xi − x̄|+ |xî − x̄|)2

NSE = 1−
∑︁N

i=1 (xî − xi)
2∑︁N

i=1 xî − x̄

where xi refers to predicted values, xî refers to expected outputs and x̄ is the mean value for
expected outputs. Results for both calibration and validation are depicted in table 5.6, where c1
and c2 represent the two calibration sets from April-June and August-November 2011, respectively,
while v1 and v2 are the two validation set from March-June and July-November respectively.

Figures 5.7 to 5.11 show gives a visual representation for validation phase results, specifically
for the second validation set.
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Nodes prediction accuracy
Dataset RMSE RSE d NSE

c1 0.89 0.05 0.99 0.98
c2 0.27 0.01 0.99 0.99
v1 1.20 0.05 0.99 0.98
v2 0.94 0.04 0.99 0.99

LAI prediction accuracy
c1 0.04 0.07 0.99 0.99
c2 0.14 0.20 0.98 0.91
v1 0.12 0.21 0.97 0.86
v2 0.24 0.26 0.96 0.88

Total Biomass prediction accuracy
c1 25.7 0.18 0.99 0.96
c2 37.8 0.34 0.97 0.88
v1 34.2 0.20 0.99 0.96
v2 22.1 0.15 0.99 0.98

Fruit’s Biomass prediction accuracy
c1 12.5 0.16 0.99 0.97
c2 16.7 0.27 0.99 0.95
v1 28.8 0.28 0.98 0.93
v2 16.8 0.23 0.99 0.96

Mature Fruit’s Biomass prediction accuracy
c1 18.9 0.34 0.98 0.93
c2 19.9 0.59 0.97 0.88
v1 43.8 0.75 0.93 0.81
v2 11.2 0.21 0.99 0.97

Table 5.6: Model’s accuracy using the four error indexes.
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Figure 5.7: Predicted vs Estimated values for nodes’ model
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Figure 5.8: Predicted vs Estimated values for the LAI’s model
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Figure 5.9: Predicted vs Estimated values for the total biomass’ model
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Figure 5.10: Predicted vs Estimated values for the fruit biomass’ model
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Chapter 6

Disease Modeling

The previous chapter showed how automata formalism can be used to convert the popular tomato
model TOMGRO from its original description to a more formal one based on automata. Further-
more, in the process, we also gave a small showcase of how automata composition works by using
it to compose the three sub-models derived from the original description to obtain the simulation
of the complete system. However, such an example does not show the true power of automata
composition, as we simply re-assembled the original model we first divided. Therefore, alongside
the tomato model, a disease model based on Oidium Lycopersici was adapted from literature and
rewritten as a Discrete-Time Hybrid Automaton to be composed later with the crop model.

The model we decided to implement has already been explained in section 2.5 and is directly
taken from [30]. The adaptation procedure followed the same rules dictated for the TOMGRO
model, resulting in a set of finite-difference equations dictating the disease’s progress, which were
later used to develop the automaton implementing the pathogen’s model. Furthermore, in order
to better compose the two models later on, we also decided to change the pathogen’s time-step
by switching it from a daily-based one to an hourly one, therefore synchronizing it with all the
crop’s automaton, especially the one accounting for LAI development. To do so, we divided the
RateY term in equation 2.14 by 24 and used the hourly increment of sane leaf tissue instead of
the daily one. Finally, just like the tomato model, the Oidium DTHA also shares the same time
granularity T and clock variable c, dictating when updates must occur. Equations 6.1 to 6.3 shows
the pathogen’s discretized equation with hourly update:

H(h) = H(h− 1) + ∆Hs(h)−∆Y (h) (6.1)

Y (h) = Y (h− 1) + ∆Y (h) (6.2)

∆Y (h) =

⎧⎪⎪⎨⎪⎪⎩
0 if 0 ≤ h < IP

rLINmaxDE(T,RH) if IP ≤ h < LP + IP

rYmaxDE(T,RH)Y (1− Y

H + Y
) otherwise.

(6.3)

DE(T,RH) =

{︄
d(T − Tmin)

n(Tmax − T )m(1− e−aRH)b if Tmin ≤ T ≤ Tmax

0 otherwise.
(6.4)

where h denotes the hourly time step, ∆Hs is the hourly update to the sane leaf tissue, and IP and
LP are the incubation and latent period respectively, expressed in hours. ∆Y represents instead
the rate at which the infection spread and is basically a renaming of the term RateY , sharing the
same formulation described back in equation 2.15. Finally, the Disease Efficiency function DE
remains the same as in the original model, limiting pathogen growth under suboptimal conditions.
Remaining parameters are listed all in table 6.1.

An important consequence of switching from a daily-based model to an hourly-based one can
be observed when we consider the relationship between the LAI (Leaf Area Index) computed by
the TOMGRO model and the H (absolute leaf area) variable computed by the disease model. By
definition, LAI is obtained as the ratio between the absolute area covered by leaves and the ground
surface, or, in other words, as the product between the plant density ρ and the absolute covered
leaf area H. Therefore, we have that LAI = ρH, while we can also rewrite the update to sane
leaves as ∆Hs = ∆LAIρ, with ∆LAI being computed as in the TOMGRO model, assuming it to

59
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Table 6.1: Legends of state variables, functions and parameters for the Pathogen model.

Name Meaning Reference Eq. Source(s)

State Variables

Y Ill leaf area (m2) 2.146.2, [30]

Inputs

T Hourly mean Temperature (°C)
RH Relative humidity (%)
LAI Leaf Area Index

Parameters and Auxiliary functions

IP Incubation Period 2.15,6.3 [30]
LP Latent Period 2.15,6.3 [30]
DE Disease Efficiency function 2.16 [30]
a Parameter in function DE 2.16 [30]
b Parameter in function DE 2.16 [30]
d Parameter in function DE 2.16 [30]
n Parameter in function DE 2.16 [30]
m Parameter in function DE 2.16 [30]
Tmin Parameter in function DE 2.16 [30]
Tmax Parameter in function DE 2.16 [30]
rho Crop Density 6.5

be the LAI maximum possible hourly expansion. Subsequently, we can rewrite equation 6.1 as 6.5

H(h) = H(h− 1) + ∆Hs(h)−∆Y (h)

LAI(h)ρ = LAI(h− 1)ρ+∆LAI(h)ρ−∆Y (h)

LAI(h) = LAI(h− 1) + ∆LAI(h)− 1

ρ
∆Y (6.5)

meaning we can establish a connection between the TOMGRO model and the disease. Following
this consideration, two separate automata were built starting from the pathogen model: one re-
sponsible for modeling the damage dealt to leaves by the pathogen and a second one modeling the
life cycle of the disease. The choice to separate the life cycle from the damage it deals was driven
by the fact that, thanks to composition, in the future, it will be possible to swap the pathogen life
cycle with another one without the need also to replace the component responsible for computing
damages dealt to leaves, which now becomes independent of the pathogen’s life. Figure 6.1 gives
a visual representation of the described concept.

CROP
MODEL

PATHOGEN
MODEL

1

CROP
MODEL

CROP
MODEL

DAMAGE
MODEL

PATHOGEN
MODEL

2

PATHOGEN
MODEL

1

PATHOGEN
MODEL

2

Figure 6.1: Benefits of separating the damage model and the pathogen life cycles. We can use the
damage model as conjunction point between crop and disease without changing the plant model
each time.

6.1 Oidium Lycopersici infection cycle

The model for the pathogen itself was derived from equations 6.2 and 6.3, coupled with consider-
ations from the pathogen life cycle such as the distinction between latent and infective period or
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primary and secondary infections. As a result, the five-state automaton presented in figure 6.2 was
modeled, with table 6.2 expanding the model’s invariant in each location. For simplicity, stutter
transition were not reported in the figure.

The automaton starts in location P0, which represents the absence of a pathogen, and remains
in such location until the plant’s LAI reaches a given threshold LAIt, indicating the plant has
reached a stage where leaves have grown enough in dimension to allow the pathogen’s spore to
land and start developing. This is, obviously, a simplification of what happens in reality, where the
probability of spores landing depends on the presence of such spores in the air, their concentration,
and lastly on the leaf tissue available, and even if all previous conditions are satisfied, there is no
guarantee of them landing and starting an infection. However, to keep the model simple while
avoiding stochastic behavior, we decided to put ourselves in a condition where spores are always
present and are guaranteed to land on plants as long as enough leaf tissue is available, symbolized
by the threshold LAIt. Once the starting threshold has been exceeded, the automaton moves to
location P1, and the pathogen starts its life cycle. From location P1, a counter starts to measure
elapsed hours and detect the end of the incubation period, which coincides with when damages
start to appear on leaves. The incubation period lasts until IP hours have passed, but within
this time frame two separate phases can be detected: one which spans up to LP, coinciding
with location P1 where the pathogen grows without any effect, and a second one, represented by
location P1I, spanning from the end of LP to the end of IP, where the plant becomes actually
infective for its neighbor. While the pathogen itself does not change its way of growing, we still
decided to split up the two phases to emphasize the moment a plant may become contagious and,
therefore, act as a starting point to infect its neighbors. As the incubation period (IP) ends, the
plant starts showing the disease’s symptoms-i.e., a white cover on the leaves. As a consequence,
the automaton moves from location P1I to P2, which computes damage done by the primary
infection. Location P2 estimates damage dealt by the pathogen on leaves according to the first
case of equation 6.3, meaning the pathogen follows a linear growth during the entire first infection
cycle. As the incubation period ends and the spores start germinating, new infections begin on
the same plant as consequences of released spores, meaning that following a second latent period
a new infection will start. This is represented in the automaton with the last location, P3, which
is entered only after the total time from the infections begins to surpass another IP + LP time
period. Here, the infection dynamic changes, moving from a linear growth to a sigmoidal one,
which better represents the damage done by secondary infections.
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InvP0
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Figure 6.2: DTHA representing the infection cycle caused by Oidium Lycopersici.
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Table 6.2: Invariant for automaton in fig. 6.2.

Label Expression

InvP0 c < Tp ∨ (c = 0 ∧ LAI < LAIt)
InvP1 c < Tp ∨ (c = 0 ∧ h < LP)
InvP1I c < Tp ∨ (c = 0 ∧ h < IP)
InvP2 c < Tp ∨ (c = 0 ∧ h < LP + IP)
InvP3 c < Tp

6.2 Damage Model Automaton

For how the pathogen automaton has been modeled, composing it as is with the adapted TOMGRO
model does not produce the correct simulation behavior. As said earlier, in fact, in order for the two
models to synchronize, we must introduce a third automaton capable of enabling communication
between the crop model and the pathogen one. The automaton in question must handle two tasks:
first, it must pass information about the LAI status to the pathogen needed by its growth function;
on the contrary, it must also transmit information about ill LAI to the crop model. Figure 6.3

Nodes

Nodes
Model

Leaf Area Index
Model

Biomass
Model

LAI

Total
Biomass

Fruit
Biomass

Mature
Biomass

Pathogen
Model

DAMAGE

Input Data

Crop Model

Full System

Figure 6.3: Updated diagram representing dependencies between the crop model and the pathogen
model

clearly shows the relationship between the pathogen and the crop model, clearly evidencing how
LAI is the conjunction point between the pathogen and the crop. As a consequence, our disease
model can be derived by simply modifying the LAI automaton, with the caution of keeping it
compatible both with the TOMGRO model and with the pathogen’s automaton. The result of
such an operation is shown in figure 5.3. Initially, this automaton behaves precisely like the original
one, looping in the initial location and updating the LAI variable following the original model to
maintain backward compatibility. However, as soon as the infection starts and damages begin to
appear, the automaton switches location, moving into a new one where the only difference with
respect to the first one lies in the LAI formulation, which is changed with equation 6.5. Therefore,
while the disease increases, LAI’s net growth is reduced up to the point it starts to decrease,
meaning that the disease is consuming the sane tissue and causing, as a side effect, a reduction in
biomass accumulation, strictly tied to LAI.

The new LAI automaton was inserted into the TOMGRO model, and the new model was
composed alongside the pathogen model. Simulation results are depicted in figure 6.5 and 6.6,
which plots both the simulation output for a healthy crop and for a crop infected by the pathogen.
Plots clearly show damages dealt by the pathogen to the leaves and, as a side effect, on produced
biomass, with a decrease of about 10% with respect to the maximum production, slightly below
average estimated damages.
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ρ
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Figure 6.4: Automaton for Leaf Area Index

0 10 20 30 40 50 60 70 80 90

Time (days)

0

0.2

0.4

0.6

0.8

1

1.2

1.4

LA
I

LAI- Sane and Ill evolution

Infected Crop
Sane Crop

Figure 6.5: Simulation of an ill plant’s LAI vs an healthy one
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6.3 Modeling Interactions between Infected Crops

Results presented so far refer only to simulations of a single ill plant. In reality, however, multiple
crops are present inside a greenhouse, and the pathogen can spread from a plant to nearby ones
following traditional epidemic dynamics. Nevertheless, our models currently do not permit us to
describe such a phenomenon, as even by composing multiple pairs of disease-crop, each pair would
evolve independently with respect to others since all pathogens would activate as soon as the paired
crop reaches sufficient leaves surface, meaning that, since all crops reach such threshold more or
less at the same time, all crops would become infected almost at the same time, without the disease
actually spreading.

To better understand how to model such behavior, we can consider the example shown in
figure 6.7. In the picture, nine pairs of crops/pathogen (P0 to P8) are displaced in a 3x3 grid
representing their spatial position, with only one of them, pair P0 at position (0, 0) being already
infected and with the pathogen actively growing. After some time, cell (0, 0)’s pathogen reaches
the point where it becomes infective and spreads the pathogen to its cardinal neighbors, this being
pairs in position (0, 1) and (1, 0), causing their pathogen to grow and starting its cycle, which will
prolong the infection chain and spread the disease even more.

Upon first consideration, using bidimensional cellular automata to model the described scenario
may seem a good solution, as the example can be easily mapped onto such formalism. However, as
we already mentioned at the end of section 3.5, cellular automata do not allow to properly describe
a model’s dynamics, meaning the pathogen life cycle can not be expressed. It is important to
remember, in fact, that each pair depicted in Fig. 6.7 is actually the composition of the pathogen
hybrid automata with the crop one, which itself is the composition of the Nodes, LAI, and Biomass
automata. As such, every single cell in the grid evolves according to its dynamics, and are those
specific dynamics that dictate whenever a pathogen can spread or a crop can be infected. Therefore,
our main task now becomes to find a formulation that allows us to keep both the temporal dynamics
of the systems described so far but also implement some mechanisms inspired by how cellular
automata evolve spatially.

P0 P1 P2

P3 P4 P5

P6 P7 P8

(a)

P0 P1 P2

P3 P4 P5

P6 P7 P8

(b)

P0 P1 P2

P3 P4 P5

P6 P7 P8

(c)

Figure 6.7: Example used to model pathogen spreading across a field

The solution to such a problem can be found by noticing how, in figure 6.7, arrows indicating
the epidemic spread can also be seen as events triggered by automata. Therefore, we can model
the field with an array of DTHA, each one capable of triggering a specific event indicating the
pathogen’s contagious status to its neighbors while also being capable of receiving the same event
type from those same neighbors. For example, should pair P0 become infected, it will trigger
event I0 on which its neighbors, pairs P1 and P3, will synchronize to preemptively exit their initial
state, potentially skipping the condition on the LAI threshold and starting their life cycle, thus
emulating the pathogen “jump” from one crop to nearby. Similarly, newly-started pathogens will
trigger their own event Ii on which neighbors will synchronize, spreading the infection through the
entire cultivar. Figure 6.8 graphically represents how synchronization between automata happens.

The scenario depicted in figure 6.7 has been implemented in the ESCET tool. Nine pairs of
crops (made respectively by Nodes, LAI, and biomass) and pathogens were instantiated using the
ESCET’s template feature, which allowed for easy reuse of the automata’s source code. Next,
simulation was performed and data plotted, resulting in figures 6.9 and 6.10. The two plots in
the first figure show pathogen development over time, showcasing how each crop develops the
pathogen at a different time and with different growth depending on the available leaf tissue, with
even cases where a crop infected later develops symptoms much faster than another infected earlier;
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Figure 6.8: Flow diagram explaining how a pathogen automaton can trigger nearby ones by using
an event to allow neighbors to exit their initial location preemptively

conversely, the second figure shows how the pathogen spread, starting from the top-left corner, the
only one where the infection condition is tied to LAI, to its neighbors. As the figure shows, we
successfully managed to add the spatial dimension to our problem, becoming able to simulate not
just the life cycle of a single crop-pathogen pair but possibly an entire field.
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Figure 6.9: LAI development over time for nine infected crops

Following presented experiment, other ones were conducted in order to test the scalability of our
solution by increasing the grid size of considered crops. Since such tests were, however, conducted
within a different and more complex simulation setup, we remand to Section 8.5 for a full analysis
on the scalability of our approach.
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Figure 6.10: Disease spreading across nine crops in the field



Chapter 7

Supervisor Synthesis for
Greenhouse Environmental
Control

In this chapter, we apply the Control Supervisory Theory onto previously obtained models in order
to enforce certain requirements onto the systems by automatically developing a supervisor capable
of satisfying given needs. The controller synthesis is performed using the ESCET tool, which
implements algorithms mentioned in section 2.8.

Due to the nature of their models, both the implemented tomato model and the pathogen can
not be controlled directly in any kind, as their evolution is tied only to the passage of time, which
is, by definition, not controllable. As a consequence, no possible control actions are available on the
models themselves, and therefore, indirect control must be performed by manipulating the models’
driving variables. Therefore, we first need to expand our modeled system by adding a simple
model of the temperature inside a greenhouse, which instead can be influenced, for example,
by the controlling windows’ opening/closure to regulate the airflow. Specifically, we decided to
focus only on modeling such type of control and not other types for two main reasons: first, it
helps us keep the greenhouse model as simple as possible, whereas other forms of control would
require a more complex greenhouse model to be developed, and this is not inside the scope of this
work; secondly, it is one of the first type of control used in most greenhouses regardless of their
technological level, meaning that found solution could be applied almost in any context.

Since modeling greenhouse systems is a complex task, we also make the following assumptions
to ease the modeling process:

• The system sampling time is much greater than the controller processing speed. This ensures
that the supervisor will always be able to react to system changes and output corresponding
commands before any other change in the system occurs.

• The system sampling time is big enough to ignore small fluctuations in temperature. This
allows us to assume that the temperature inside the greenhouse will be at least greater or
equal to the outside.

We believe these assumptions to be plausible: traditionally, sampling time for sensors within
greenhouses works at best in the order of seconds; on the contrary, the CPU processing speed
of supervisors is in the order of microseconds. Additionally, fluctuations in external temperature
usually do not last for long and, therefore, can be ignored with a sufficient long sampling time.
Obviously, the obtained model will be far from an actual complete description of how temperature
evolves inside a greenhouse, but we simply need it to faithfully describe its variations and how it
responds to control actions so that we can use its outputs as inputs for crop models, allowing to
produce trustworthy outputs.

Following the completion of the greenhouse model, we proceed to generate an abstract rep-
resentation of our entire system by using the Finite-State Automata formalism, which does not
possess any kind of dynamic, and tag it with requirements we want to enforce. The reason we are
required switching to regular FSA instead of keep using DTHA is due ESCET’s synthesis algorithm
for supervisor and control, which only works with this specific kind of automata, meaning that
any other kind, even if openly supported by the tool, can not be used in the synthesis algorithm.
Following the conversion, we synthesize the supervisor and put it in parallel to our models, to
simulate the system and assess its effectiveness.

67
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7.1 Simple Greenhouse model

A simple model to estimate greenhouse conditions has been developed in order to estimate the
greenhouse’s inside temperature as a function of the external one and solar radiation. Moreover,
this model also takes as inputs the state of windows’ opening, which regulates the thermal difference
between the inside and outside and is directly under our control, thus giving us the possibility to
change it and influence temperature’s evolution.

The model’s dynamic computing greenhouse temperature is presented in equation (7.1), ob-
tained by taking inspiration from the capacitor dynamics in RC circuits.

T ′
in(t) = τRad(t)S − (Tin(t)− Tout(t))S

r + rk cos(θ)
(7.1)

Tin and Tout represent the temperature inside and outside the greenhouse, Rad is the solar radi-
ation, and θ is the window’s opening angle. Finally, S represents the greenhouse surface, r and
rc are the thermal resistance, either fixed and in the case of open windows, and τ is a reduction
factor for the incoming radiation.

Obviously, the described model does not integrate very well with previous ones, as this one is
described by a pure continuous dynamic, whereas other ones followed a discrete-time formulation.
In addition, this formulation needs continuous inputs in the form of Tout and Rad, which, however,
are sampled with a fixed, discrete time step. Therefore, we discretized equation (7.1) by solving
it first and implementing the obtained solution, shown in equation (7.2), allowing us to estimate
inside temperature at a given time step h as a function of external temperature and radiation at
the same time.

Tin(k) = τRad(k)(r + rk cos(θ)) + Tout(k) + c · e
−kS

r+rk cos(θ) (7.2)

After obtaining the presented equation, we finalize our model by wrapping it into the DTHA
shown in figure 7.1 (stutter transitions are omitted) to be used later for simulation. In the figure,
T represents the automaton’s time step, which is shared with all other automata and set to be one
hour.

G0

ċ = 1
c < Tp

start

c = Tp/

Tin := τRad(r + rk cos(θ)) + Tout + c · e
−kS

r+rk cos(θ) ;
k := k + 1; c := 0

Figure 7.1: Automaton for Greenhouse temperature evolution

The described greenhouse model alone can not be used to develop the controller since, in order
to complete the entire system description, we must add information about the opening and closure
of the windows and shades to explicate how such operations change the θ parameter. Therefore,
we completed the greenhouse system description by adding automata shown in figure 7.2. Initially,
the windows are still and do not move, waiting for a command to be issued. As soon as one of the
two possible commands, either OPEN or CLOSE, arrives, the model changes in the corresponding
location, resetting the clock in the process. Here the opening angle changes either by increasing or
decreasing of three degrees at every discrete time-step, defined by the time constant Tc set to be
at 5 seconds. The model keeps increasing/decreasing the angle, bound to never grow higher than
90° and lower than 0°, until a STOP command is issued, which forces the model to return to the
HALT location, where the opening angle remains constant until a new command is received.

7.2 System Abstract Description

In order to operate the supervisor synthesis within the ESCET framework, we need first to abstract
the system we aim to control so that it is only composed by FSA. In our case, we decided that
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start
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CLOSE/c = 0

STOP/c = 0

c = Tc/
c = 0, θ = min(90, θ + 3)

STOP/c = 0

c = Tc/
c = 0, θ = max(0, θ + 3)

Figure 7.2: Automaton describing windows opening and closure.

our system is composed of the pair crop-greenhouse, leaving the pathogen aside for the moment.
Therefore, our first objective is to find a way to rewrite such models using FSA formalism in a way
that allows them to interact and synchronize using nothing but shared events while also giving
us the freedom to express properties we want to enforce on it that can actually be synthesized
without resulting into an empty controller. Figure 7.3 gives a visual representation of the system
we aim to abstract.

External 
Temperature

Solar
Radiation

Internal
Temperature

GREENHOUSE
MODEL

Crop
 Status

CROP
MODEL

Actuation

SUPERVISOR

Figure 7.3: Control loop for the system we want to abstract.

The first step in abstracting our system is to find a correct representation of the crops. However,
abstracting automata shown in Chapter 5 would not be enough, as those descriptions heavily
rely on values from internal variables to change state, greatly limiting possible interactions with
other automata. As such, we decide to slightly modify and expand automata for Nodes and
Biomass in order to better express the relations the models have with the temperature. Expanded
automata can be seen in figures 7.4 and 7.5: for nodes we now fully express the various cases
that compose equation 5.16; meanwhile Biomass automata now openly depicts cases related to
the critical temperature Tcrit appearing in equation 5.8. Importantly, we want to underline how
the formulation presented here are completely equivalent to ones used in Chapter 5, as underlying
equations remains the same-the only difference being that in Chapter 5 we kept cases for equation
implicit when designing the automata. In figure 7.4, the four parameters T0, T1, T2, T3, T4 are the
same used to define the intervals in equation 5.16, here generalized and expressed as parameters.
Notably, locations N3 and N4 do not update the state variable, as they are the cases where
temperature is too low or too high and therefore nodes’ growth is null. Meanwhile, in figure 7.5,
updates follows rules depicted in table 5.2, with the only note being that in locations B1c and B2c
we applied the case T > Tcrit of equation 5.8 (marked as updates ud

2c and ud
3c), while in location

B1 and B2 the other case is applied.
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Figure 7.4: Expanded version of the Nodes automaton.
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Figure 7.5: Expanded version of the Biomass automaton
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Following such redesign, we abstract those designs and turn them into FSA to use them within
ESCET’s synthesis process. In our case such process is trivial: since our interest is focused only
on which state the two automata are in, our abstraction process can be performed by simply
removing all dynamics and self loops from each location, and turning state-switching edges into
ones bound to specific event triggered when the original switching condition is satisfied. Therefore,
after applying such process we obtain FSA shown in figure 7.6. The abstract version for the
Nodes’ automaton behaves the same as its hybrid counterpart minus the updates del loops: the
crop begins its growth in the OPTIMAL state and changes it whenever an event signals a change
in the temperature: in state OPTIMAL, the crop has the best conditions for nodes’ developments,
which subsequently positively affects both LAI and Biomass; in states COLD and HEAT the
temperature is out of the optimal range, but still enough for the crop to keep growing; finally, in
states COLD STRESS and HEAT STRESS temperature goes completely outside allowed range,
hindering crop’s growth and potentially damaging it. Meanwhile, the Biomass automaton starts in
state GROWING, where the crop is still young, and change states following the event FRUIT ON,
symbolizing the crop’s age passage to adulthood, represented as state FRUITS. Here our attention
shifts on controlling whether the sensed temperature is above or below a critical threshold. In
the former case crops’ fruit will grow without problem, while in the latter fruit’s growth will be
hindered. The passage between state FRUITS and CRIT is regulated by events CRIT UP and
CRIT DOWN. Notably, it is possible to see that the structure of this last automaton is slightly
different from its DTHA counterpart, as states B3 and B3c are absent. The reason of such absence
comes from the consideration that this abstraction only focus on indicating whether environmental
conditions are hostile to crops; since thresholds for such triggers are the same across both states
B2 and B3, we decided to merge states B2 with B3 as well as B2c with B3c.

OPTIMAL

start

HEAT
HEAT
STRESS

COLD
COLD
STRESS

HEAT 1

COLD 1

OPT

COLD 2 OPT

HEAT 2COLD 1

HEAT 1

(a)

GROWINGstart FRUITS CRIT
FRUIT ON

CRIT ON

CRIT OFF

(b)

Figure 7.6: FSA obtained after abstracting Nodes (a) and Biomass(b) automata.

All events depicted in figure 7.6 (OPT, HEAT 1, HEAT 2, COLD 1, COLD 2, FRUIT ON,
CRIT ON, CRIT OFF) are all assumed to be generated by sensors detecting when given thresholds
are crossed, and are therefore considered uncontrollable. Finally, to give our system more reactivity,
we coupled such a sensor with another one detecting whether the temperature is increasing or
decreasing, triggering events RISING or FALLING as consequence.

Next, we must add to our abstract description of the system the windows’ opening and closure
model. Such process is immediate, since we simply need to remove variables and updated from the
automaton to obtain its abstract version. This process is trivial, and therefore resulting automaton
is not depicted.

Finally, the last automaton we must implement serves to represent the system’s reactivity to
events. This automaton is based directly on the one shown in Diekmann’s work [120] and is
depicted here in figure 7.7. State F0 represents the system in its processing phase, where we can
issue commands and trigger controllable events at will, which, in our case, happen to be only the
commands regulating windows. After all control actions needed have been issued, event τ brings
the automaton from the processing state to the listening one, where we wait for any event σ to
trigger, with ΣG defined as the union of all events set of automata described in this section minus
τ .

ΣG = {COLD 2,COLD 1,OPT,HEAT 1,HEAT 2,FRUIT ON,CRIT ON,CRIT OFF

OPEN,CLOSE,STOP,RISING,FALLING}
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This particular model allows us to express the first assumption we made, which states that our
controller processing time is smaller than our system time. This means that every time an event
triggers, our controller has enough time to capture it, process it, and respond accordingly with an
appropriate control action before any other event is generated by the system.

F0

start

F1

τ

OPEN,
CLOSE,
STOP σ ∈ ΣG

Figure 7.7: Automaton modeling system reactivity to other events.

7.3 Supervisor synthesis

Automata presented in the previous section have been put together to obtain an abstract model
of the entire crop-greenhouse system capable of going through the control supervisory synthesis
in the ESCET framework. Therefore, the next step is to express some requirements we want to
enforce in order to apply CST algorithms for the supervisor synthesis subsequently.

Despite the simplicity of the described system, specification of requirements is not an easy
task. Since, in fact, the system is moved almost exclusively by uncontrollable events related to the
temperature, which we can only affect indirectly via windows control, requirements we can enforce
are minimal, causing, in most cases, the synthesis to fail and produce an empty supervisor. For
example, preventing temperature from exceeding a certain threshold will always fail to produce a
supervisor, as it is impossible to prevent the external one from growing above given thresholds,
and the modeled greenhouse does not possess a cooling system. Therefore, we limited ourselves to
specifications that restrict possible combinations of states to only safe ones for the system. This,
obviously, poses a limitation in our approach, but we still believe our methodology to be correct,
as such limitation is not caused by the method itself but rather by the system we modeled and
the decisions we made, preferring to keep the model as simple as possible and, therefore, limiting
our control actions. Certainly, future works may address and solve such limitation, by employing
different abstraction techniques or tools.

Traditionally, system specifications that are used in the supervisor synthesis are expressed using
FSAs, which are composed with the system to compute the controller automaton. Since we are
using the ESCET framework instead, we can skip this passage as the tool allows us to express
such requirements as boolean predicates that are internally interpreted and used by the synthesis
algorithm. Therefore, we simply had to formulate wished requirements using a common language
and then convert them into boolean expressions understandable by the software to proceed with
the synthesis. In total, two requirements were established and formulated in common language,
these being:

1. If temperature rises, windows should start opening.

2. If temperature falls, windows should start closing.

3. If one of the two crop automata is in a critical state (either CRIT or HEAT STRESS),
windows must open.

4. If the Nodes’ automata is in state STRESS COLD, windows must close.

5. If the temperature is within the optimal range, windows should stop moving.

Stated requirements have been converted into logical expressions compatible with the ESCET
framework, which treats states’ and events’ names as boolean functions expressing whether the
corresponding automaton is in such state/the event is enabled (true) or not (false). Furthermore,
ESCET introduces the “needs” keyword (here represented as →), which specifies that an event
or state can be true only if the boolean expression which follows is also true. Following such
statements, the two requirements were reformulated as follows:

1. OPEN → (HEAT STRESS ∨ RISING ∨ FRUIT CRIT)

2. CLOSE → (COLD STRESS ∨ FALLING)
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3. STOP → OPTIMAL

Obtained statements were incorporated alongside system description in a single .cif file and
submitted to ESCET’s synthesis algorithm. Obtained supervisor consisted in a Finite-State Au-
tomaton consisting of 360 states and 1321 transitions, although it is possible not all of them
are actually used since, due to the abstraction process, all events are possible at the same time,
whereas in reality only some of them may be possible at a particular time. For example, only one
temperature-related event may be enabled at a given time, whereas such limitation is absent in
the abstract model, and all events are enabled at each step.

The obtained supervisor has been integrated into the actual system by composing it along-
side the greenhouse model described earlier and the crop model. Integrating the supervisor is a

Figure 7.8: Simulated systems made of the greenhouse model, the crop model, the supervisor, and
sensors generating events.

straightforward operation, even if it refers to an abstract version of our system since all events
used are still present in the actual system thanks to sensors triggering them. In the end, the fully
controlled system resulted in the setup shown in figure 7.8.

The obtained system was simulated in the ESCET framework, and data related to internal tem-
perature, solar radiation, crop nodes, LAI, and biomass were extracted and plotted in MATLAB.
Plots from figure 7.9 to 7.11 show simulation results compared against cases where the greenhouse
control is absent and the windows are always fully opened or closed. The results show that the
control system manages successfully to keep the temperature within the best range possible at all
times, how the figure 7.12 shows. In particular, we can notice from figure 7.12 that implemented
supervisor appears to implement a proportional rule to operate the windows, by increasing or de-
creasing the angle accordingly to the temperature variations. Additionally, figures 7.13 and 7.14
showcase how states for the abstract versions of Nodes and Biomass automata (and consequently
their hybrid counterpart) respond to chages in temperature. Notably, we can see how, since the
threshold for critical temperature of biomass is lower than the one causing stress on nodes, we
never enter the state STRESS HEAT, since the controller act to reduce temperature as soon as
we enter state FRUIT CRIT. Consequently, we can see how biomass’ automaton changes states
more frequently than nodes one, exactly in virtue of having lower thresholds. Conversely, Node
automaton changes state less frequently, usually only during sunset and sunrise phases.

While at first, obtained control policy may appear too simplistic, we must consider that the
obtained control strategy is very close to how actual greenhouse controllers are implemented nowa-
days. In fact, following discussions with experts in the greenhouse control sector, we discovered
that proportional control is one (if not the most) of the used control strategies related to control-
ling windows in the greenhouse. Therefore, we successfully implemented a controller that could
actually be considered for use within a greenhouse, proving our methodology can produce actual
results.

Still, we must also note that there are many other paths to explore regarding the presented
subject. First, we must address the fact that the obtained results came from a manually abstracted
model for which regular supervisor synthesis was applied. Obviously, checking whether such a
problem can be solved differently by using tools working directly on HA or performing a more
rigorous synthesis process is a task we aim to perform to check if better results could be achieved.
Secondly, introducing other elements from the greenhouse context, such as heating or humidity
control, would lead to a more complicate model to study, but also provide us with more interesting
scenarios for control strategies.
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Figure 7.9: Simulated internal nodes’ growth for a fully closed, fully opened, and supervised
greenhouse
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Figure 7.10: Simulated internal LAI for a fully closed, fully opened, and supervised greenhouse
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Figure 7.11: Simulated internal total biomass for a fully closed, fully opened, and supervised
greenhouse
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Figure 7.12: Extract of internal and external temperature evolution under implemented supervisor.
Plots shows also the opening angle
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Figure 7.13: Temperature against Nodes’ automaton states
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Chapter 8

Parameters Assessment for
Existing Control Strategies

In the previous chapter, we shown an attempt of automatically obtain a control procedure to find
the best strategy to regulate windows opening. In this chapter, instead, we move our focus from
developing our own control strategy to improving an already existing one by using our model
to perform simulations and search for the best parameters set to improve control results, either
by finding the best one for a given time period or the one who generally produces best results.
Furthermore, we also show how such methodology can be used also to find parameters at runtime
in an MPC approach.

8.1 Actual Controller Modeling

In order to optimize a control strategy, we need first to model the actual controller as a DTHA so
that we can compose it with the system developed so far. In particular, we focused on implementing
a P-type controller, following results obtained in previous chapter and experts’ advices which
informed us that such strategy is the used in most commercial products. However, we decide not
to use previously obtained supervisor as basis for our tests, but rather implement the controller
itself as a DTHA, to simplify its description and have more control on its behavior and parameters.

The proportional (P) controller possesses a simple behavior, represented in figure 8.1. The

u(t)K Y(t)Systeme(t)-+Set Point

Figure 8.1: Typical structure of a P controller

measured value is compared with a given set point, and the error is multiplied by a gain to obtain
the corresponding control action, which is then applied by the controller, producing a new measure
to close the loop. However, in our case, the controller works by using two temperature points
rather than one, known as Full-Close Temperature (FCT) and Full-Open Temperature (FOT),
that represent the temperatures at which greenhouse’s windows must be entirely closed or opened
respectively. Subsequently, the windows’ opening angle is adjusted according to how internal
temperature poses between the two points. For example, if we pose FCT and FOT respectively
to be 20 and 30°C, we will have that each single degree Celsius over the FCT will correspond
to an opening of about 9°. Therefore, we can express the controller’s output θ by simply using
equation (8.1), where T represents the greenhouse’s internal temperature.

θ(t) = max (min (K · (T − FCT) , 0) , 90) (8.1)

K =
90

FOT− FCT
(8.2)

In the equation, the max and min terms serve only to restrict possible results within our admissible
range of [0, 90] degrees.

77
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From the given equation, we can easily construct the corresponding DTHA, shown in figure 8.2,
constituted by a single state computing the angle at each time step by using the previous equation.
However, a big change we must underline in the presented automaton is the time-step it uses,
here depicted as Tc, to differentiate it from previously used one T . According to experts who
suggested the strategy, in fact, the controller must perform in the order of seconds, and therefore,
the automaton must run at a much lower time step than all previously implemented automata. As

C0

ċ = 1
v(c) < Tc

start

c = Tc/
θ = max (min (K · (T − FCT) , 0) , 90) ;

c := 0

Figure 8.2: Automaton implementing the windows’ controller. Stutter transition is omitted.

a consequence, we decided to set the modeled controller’s time step Tc to be five seconds.

8.2 Parameter Assessment for the Control Strategy

An interesting point to note is that the proportional component of the modeled controller is heavily
dependent on the FOT and FCT parameters, whose values are, however, left to be decided by end
users based on their own knowledge and experience of the greenhouse and the crops growing inside.
While this solution may work and produce good results, it is clearly improvable using more scientific
methods, capable of providing end users with more information and suggestions on which value
to assign for parameters based on data analysis and simulation that can subsequently be used to
boost user’s knowledge and therefore enhance the overall quality of the decision-making process.
As such, we set up an experiment to prove how, using our methodology, we can find the best
combination for parameters FCT and FOT across multiple seasons and time periods.

The experiment was conducted by using the climatic dataset already presented in section 4.3,
made of data sampled every 15 minutes for about a year and a half, from August 26, 2021, to
January 19, 2023. From this dataset, 17 different input traces were obtained, each one covering 90
days and with a temporal shift between a trace and the next one of 30 days. Furthermore, data
were augmented using interpolation to reduce the time step from the above-mentioned 15 minutes
down to the 5-second step used in the control loop. Obviously, this operation does not help us to
reconstruct actual data in such time frame, but we believe the approximation provided to us by
interpolation to be sufficiently precise, especially considering missed fluctuations would be ignored
in any case due to the larger time step of the original model. Next, a model of the entire system was
created by putting together the previous chapter’s greenhouse model, Chapter 5’s tomato model,
and this chapter’s control model using ESCET’s tools. Again, we left out the pathogen since we
prefer to focus only on improving crops’ growth.

The composed model was simulated within the ESCET framework using obtained traces as
input. However, it turned out that even a single trace’s size was too much for the tool to handle,
causing memory problems and aborting the simulation. Therefore, we could not proceed with
using ESCET to complete our task but were forced to find another way to implement and test
the model. Luckily, ESCET itself provided us with a solution by implementing code generation
algorithms capable of synthesizing executable code from models in various programming languages.
Among available possibilities, we decided to set on the C99 language, which is better suited for
memory control and fast computation, two elements much needed for massive simulation with
significant input traces. As such, we ended up with a C99 implementation of the composed system
with an already delineated entry point for traces’ inputs and parameter values, meaning we only
had to write down the main code responsible for looping over traces and collecting results. Impor-
tantly, we want to underline how we did not implement any part of our model since the synthesis
procedure constructed the source code correctly by construction, thus relieving us from the task of
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demonstrating the equivalence between the implemented and formal model. Figure 8.3 graphically
shows the procedure described so far.

Code
Syntehsis

Full
System

C99 code

Single
Automata

Composition

Main program Included

Traces

Parameter Combinations

Simulation
Results

Figure 8.3: Steps to integrate the formal model into an executable source code for faster simulations

Working now in the C99 standard, an algorithm to search for the best parameter combination
was developed. Since the set of values assignable to each FOT and FCT are limited only to
actually meaningful values, we decided to opt for a simple brute-force algorithm trying all possible
parameters’ combinations onto a trace to find the best result before moving to the next one and
restarting the process. More complex search techniques could also be applied, but since searched
values are most likely to be in the integer domain due to the limited precision of sensors responsible
for reading them, we believe that the brute force approach is sufficient. Parameter FOT was given
a possible range of [25 . . . 32], while for FCT, the set range was [15 . . . 20], and each possible
combination was numbered for a total of 48 possibilities.

Upon simulating each combination, the result for crop nodes, LAI, and the three biomass’
outputs were put together in a linear combination, resulting in the total simulated outcome. All

MAIN SOURCE CODE

Trace 1 Trace 2 Trace 3 Trace N
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i-th Trace
Assets

Trace Combination 1 Combination 2 Combination 3 ... Combination K
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Ranking

Output

Output

Output

Output

Rank
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 Code

C99
 Code

C99
 Code

C99
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Figure 8.4: Schema depicting how ranking for different combinations is performed

outcomes for a single trace were subsequently compared, and each combination was given a rank
equal to its position in the ordered list of outcomes: the combination with the highest outcome
obtains rank one, the second highest a rank of two, and so on. Figure 8.4 provides a general schema
on how the developed code operates to test combinations for a single input trace i.

All 48 combinations were tested against all 17 test traces, and all outcomes were gathered and
analyzed. The results can be seen in Figure 8.5, which shows a color map where the lowest ranks
(better results) are colored in yellow, whereas the higher ranks are in blue. Even without further
analysis, we can already retrieve useful information from the presented figure. For example, we can
clearly see how the optimal strategy does not exist, since no combination consistently holds the
best ranks across all traces, with certain parameters’ combinations even switching from beneficial
to negative in different situations. Moreover, we can also see a trend in how ranks are distributed
across traces, such as in traces 1-7, where ranks tend to decrease as the FOT parameter grows,
which happens exactly every six combinations, i.e., every time all possible FCT combinations have
been tested. Meanwhile, this trend becomes inverted from traces 9-14, where combinations with
lower values of FOT and higher values for FCT produce good results. In addition to information
retrieved from figure 8.5, we also performed some statistical analysis to gather more information,
presented here in figures 8.6a and 8.6b. The first figure helps us find the best overall combinations
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Figure 8.5: Colormap showing rankings for each parameter combination with respect to simulation
traces

by plotting mean ranks, meaning lower values indicate a better average rank; similarly, the second
figure also plots mean ranks but with the addition of their variance, in order to properly assess
how much a combination’s score varies over simulations. From the presented plot, we can easily
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Figure 8.6: Average rank (a) and rank + variance (b) per combination

see how combination twelve (FOT 26, FCT 20) scores low ranks consistently, resulting in a low
average and low variance, while the second-lowest average rank is held by combination six (FOT
25, FCT 20), which however possesses much higher variance, and therefore must be considered less
consistent in producing good results. Moreover, the presented figures also help us to delineate the
trend already noticed in figure 8.5 and understand it better. We can, in fact, notice not one but
actually two different trends in how ranks change in response to parameters’ values, one for each
parameter. Starting from combination 1, we can notice how the average rank decreases consistently
until reaching combination 7, where the rank immediately ramps up. From here, however, ranks
return to decrease until combination 14, where it rises again. This trend repeats itself across the
entire plot, and if we tie it to how combinations are computed, i.e., trying all possible values for
parameter FCT with a fixed FOT before incrementing it, it allows us to deduce that higher values
of FCT positively affect production. On the contrary, the second trend we can identify is a general
increment in average rank across all combinations, which ties with the constant increment of the
FOT parameter, meaning that using higher values negatively affects overall production.

Concrete results for simulations can be seen in figure 8.7, showcasing for each of TOMGRO’s
state variables the two best and worst simulation outcomes for the trace that achieves the highest
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Figure 8.7: Simulation results for highest-yield trace: top two and bottom two strategies

yield. From plots, we can see that while all strategies reach approximately the same outcome for
nodes and LAI, results for the three produced biomass clearly show a difference between a good
set of values for parameters FOT and FCT against a bad one, resulting in a 1.2%, 1.6% and 1.7%
percentual loss in total, fruit, and mature biomass. Such difference becomes even higher if we
decide to change the considered input trace, reaching up to a 2% point difference in both fruit and
mature biomass between best and worst possible combination (figure 8.8) form only managing how
windows’ opening policy.
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Figure 8.8: Highest difference obtained between best and worst strategy for a single input trace

The presented results clearly showcase how a common and straightforward control technique for
greenhouse climatic regulation can be easily enhanced throughout simulations using a correct-by-
construction source code, allowing us to search for the best parameters’ value to implement either
an overall solid strategy or an ad-hoc strategy for specific cases and conditions where a generic
approach would lead to suboptimal outcomes. Moreover, we also showed that even enhancing a
simple control strategy such as regulating windows opening can lead to an increase in yield of up
to 2%, meaning that applying such strategy to more complex systems with more control options
could lead to an even bigger increase.
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8.3 Parameter Control via an MPC approach

In the previous section, we presented a methodology that allowed us to estimate the best com-
bination for parameters FOT and FCT for different simulation traces. Nevertheless, with this
methodology, we can only produce static and a-priori solutions by limiting ourselves to studying
the effect of parameters’ combinations on the entire simulation trace. However, by slightly modi-
fying how our methodology works, we can change how predictions are performed, permitting us to
perform parameter estimation not just on a complete input trace but rather at a fixed time step
in order to implement an MPC approach capable of dynamically adjusting parameters on the fly.

The basis of implementing an MPC approach lies in the usage of a computational model, which
is fed with future data to simulate possible behavior, choose the best parameters leading to such
outcome, and force them into the model at the current time to ensure actual behavior will match
predicted one. To do this, we changed our methodology in order to use two models simultaneously,
as shown in figure 8.9: the Main model evolves by actual data sampled every five seconds and acts
as a twin for crops in the greenhouse. From it, its current state is copied into the prediction model,
which is fed with an input trace representing forecast data of the immediate future. Using such
data, the prediction model computes possible scenarios to search which parameter combination
results in the highest yield and communicates them to inform the end user about a possible change
in the control strategy. If the user agrees, the parameters are updated automatically in both the
controller and the main model.

Forecast Data

Main Model

Best FOT and
 FCT values

Prediction Model

Greenhouse
Data

Current State
Copyed

Parameter Combinations

End User

Update FOT and FCT User
Agrees?

Figure 8.9: General Schema of proposed MPC approach

The presented scheme has been implemented starting from the model’s source code used in the
previous section by starting two distinct processes, one for the main model and a second for the
prediction one, working as shown in schema 8.10. At the start of each new day, the main process
communicates to the prediction one its state, represented by states’ variables values, and asks it
for a prediction. Using such information, the prediction model resets itself to copy the main’s
state fully and, from there, performs the search process to find which combination of parameters
leads to the best result, using as input trace a forecast for the current day. In our case, since
actual forecasts for each day were not available, we used as input trace the actual one available
for the day but with the addition of some noise. Once the search task is over, the prediction
process communicates its results to the main one and halts until a new request is submitted.
Meanwhile, the main process receives parameter combinations for windows opening and, in our
case, immediately applies them. Finally, it proceeds to simulate the model using actual daily data
from the input trace until reaching the beginning of the next day, where the loop restarts.

Using the developed code, simulations were performed over various traces, and results were
compared against the best static solution found in the previous section, obtaining results depicted
in figure 8.11, which display all state variables for the tomato model for two models, one simulated
under our MPC control and another one under the optimal strategy for considered trace found in
the previous section. Moreover, the figure also shows temperature data provided as input to both
models. For all presented plots, we also overlapped how FCT and FOT parameters evolve. Final
results show how, in our case, differences between the MPC control and an a-priori control strategy
are minimal, remaining below 0,1%. Still, we must consider that we compared our approach with
the best possible obtainable only after all climatic data have been gathered, and even in this
situation, our approach manages to remain on par with it thanks to the continuous adaptations
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Model's State

Actual
Daily Data

Current Day
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State 
Reset
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Simulation

Best Parameter Combination

Parameter
Update

Model
Update

Day

Model's State

Figure 8.10: Flow diagram showing how main and prediction processes communicate.

the model performs and clearly visible in presented plots. As such, we believe that our methodology
can become much more prominent in cases with more significant systems and more complex control
strategies made of multiple actuators. Furthermore, we also want to point out how the developed
technique separates itself from traditional climate control techniques, as it does not limit itself
to using only climatic data to estimate optimal commands, but rather crops’ responses to them,
bringing the proposed solution much closer to an actually speaking plant solution rather than a
traditional environmental control technique.
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Figure 8.11: MPC-based control against best static control strategy.

8.4 Methods Combination to achieve Spatio-Temporal Sim-
ulation

During the entire course of this document, we presented various methodologies aimed at monitoring
and controlling different aspects of key components constituting a greenhouse system. However,



84 CHAPTER 8. PARAMETERS ASSESSMENT FOR EXISTING CONTROL STRATEGIES

each time, we limited ourselves only to verifying the presented solution by itself, writing experi-
ments and simulation setups aimed to showcase the benefits of the discussed methodology. Now,
instead, we showcase how presented solutions can be combined by using them all at the same
time and by combining them into a pipeline aimed at creating a model representing the entire
greenhouse system both in space and time.

The combined system is depicted in figure 8.12, where each module is obtained by applying a
methodology described in this document. The initial point of everything lies in data collection from
the greenhouse, be it in real-time through sensors or obtained via a model of the greenhouse fed
by external data. From there, data are localized by using soft sensors, which act as a sort of prism
that splits incoming climatic conditions into their location-specific version to model microclimate
in different spatial positions of the greenhouse accurately. In such locations, one or more crops will
grow, and therefore climatic data directly feed crop models implementing TOMGRO. However,
each crop can also potentially house pathogen spores, meaning each crop may start to become
infected and spread the pathogen using the mechanism shown before. Finally, data obtained from
crop models are provided both to end users and to a control system, which aggregates them and
decides the best policy for the greenhouse.

External 
Climatic Data

Greenhouse
Model Soft Sensors

Crop-Pathogen
Pair

Crop-Pathogen
Pair

Crop-Pathogen
Pair

Location-specific cliemtic data

Collected Data

To end user

Controller

Suggested Control Action

Figure 8.12: Pipeline combining all presented models

Similarly to how presented in section 6.3, we divided our virtual field into nine different areas,
each one represented by a different crop/pathogen pair receiving data by a distinct virtual sensor,
to model microclimatic heterogeneity, fed itself by our simple greenhouse model. Data produced
by crops are then collected and shown to users while also feeding the control system, which plans
how to adjust the current strategy to maximize the final outcome. Figure 8.13 shows the evolution
over time of crops’ and pathogens’ main state variables. There, we can clearly see how all crops
evolve following different curves dictated by the microclimate they grow inside, leading to different
outcomes. Moreover, we can also notice how the pathogen expands, starting with crop 1 (top-left
corner) and expanding onto others in the same way as modeled previously. Interestingly, we can
also see how microclimatic differences affect pathogens’ growth, such as crop 9 being the last one
getting infected but having pathogen’s growth much quicker with respect to other crops infected
earlier, even leading to worse outcomes. Meanwhile, figure 8.14 depicts a spatial representation of
the crop’s status across the field for those same state variables on the final day of simulation. From
it, we can clearly see the variability in crops’ production caused by both the difference between
the microclimate and pathogen development.

With this setup, we have now shown how all presented methodologies and models can be used
together. In our case, we limited ourselves only to simulate using a single input trace sampled
from the field. However, we can easily swap out the greenhouse model we used with actual data
coming from sensors positioned in the greenhouse. In this way, we can transform our system to
mirror in real-time crop’s state, similarly to how an actual digital twin actually behaves.

8.5 Scalability analysis for bigger crops’ grids

As a follow-up to the test presented in the previous section, we decided to test the scalability of
our solution and extend it to bigger grids of crops. As such, experiments with a grid dimension
of 5x5, 10x10, 20x20, 30x30, and 40x40 were conducted, and metrics regarding memory usage and
timing were gathered. For each experiment, four metrics were registered: the time required by the
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Figure 8.13: Simulation results for our combined model: a) nodes, b) LAI, biomass (c-total, d-fruit,
e-mature), and f) infected leaves
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Figure 8.14: Spatial results for our combined model: a) nodes, b) LAI, biomass (c-total, d-fruit,
e-mature) and f) infected leaves
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ESCET tool to generate the C source code, the total size of the generated files, the time required to
run a full simulation using a given input file, and the memory used by the program while running.
All programs were set up to run using the same main file, which was responsible only for reading
the input, and all logs were turned off to prevent tests with a higher number of automata from
being penalized just due to having more variables to log. Tests were all conducted on a 13th gen
Intel i7 machine with 16 GB RAM.

Table 8.1 presents described metrics for considered test configurations. Regarding code gener-
ation, we can clearly see that, as the problem’s size increases, generation time grows exponentially
with it, as we can clearly see in figure 8.15: for instance, the code generation time increases from
six seconds for the 3x3 test to more than three hours (11682 seconds) for the 40x40 test. Similarly,
the code size also scales accordingly, growing from 308KB up to 41MB. Both results for code gen-
eration were to be expected, with an increment of both time and memory growing exponentially
with respect to the number of simulated crops’ blocks. Obtained results regarding code generation
may seem to point out that the procedure can become rapidly ineffective with the increase of the
problem size; however, we must remember that the code generation process is usually once in the
software’s lifetime, and therefore, the time requirement can be easily overcome by the lifespan of
the program. Similarly to code generation, the simulation time, show in Figure 8.17, also rapidly

Table 8.1: Performance metrics for varying test sizes

Test Codegen Time (s) Code Size Sim Time (s) Memory Usage

3x3 6.00 308KB 1.060 25MB
5x5 9.00 704KB 1.940 26MB
10x10 19.0 2.60MB 9.630 26MB
20x20 235.0 11.0MB 82.48 30MB
30x30 2170 23.0MB 391.3 35MB
40x40 11.682 · 103 41.0MB 1180 43MB

Figure 8.15: Code generation time vs. Grid size Figure 8.16: Code size vs. Grid size

increase with the problem scale, as consequence of the increased number of automata simulated.
Interestingly, memory usage (figure 8.18) increase at a much smaller rate with respect to other
metrics.

Figure 8.17: Simulation time vs. Grid size Figure 8.18: Memory usage vs. Grid size

Reported experiments show that the presented methodology can be easily scaled up to an
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arbitrary grid of crops, although they also underline some limitations caused by the tools used.
In particular, the algorithms used by the ESCET tool to perform code generation seem to be a
possible bottleneck for our procedure, meaning future investigations should focus on searching for
different code synthesis techniques capable of outperforming presented ones and producing more
optimized results.
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Chapter 9

Conclusions

The research conducted during this doctoral thesis aims to lay down the foundations needed to
take a significant step toward the integration of computational techniques and modern agriculture.
By taking as a starting point a simple model of a greenhouse system, we broke it down into
its core components and mapped them into a digital twin architecture, taking advantage of the
vast historical knowledge in a matter of modeling, control, and computational techniques developed
throughout the years. For each identified system component, we addressed its issues and limitations
and proceeded to overcome them by applying formal techniques typical of system engineering.

First, we addressed the critical importance of how climatic variables, temperature above all,
are monitored by showing that there is a contradictory behavior between simulation tools and
reality, the formers assuming complete homogeneity for climatic variables, whereas the truth is that
the differences between various microclimate zones of a greenhouse can reach important values.
Therefore, we developed a cost-effective methodology to monitor greenhouse climatic variables at
various locations, which could be easily used and replicated to extend covered positions. Moreover,
we also aimed to keep computational costs low to improve usability on most infrastructure by
applying a data-driven machine-learning approach based on linear regression that also allowed for
better explainability of the model. Furthermore, thanks to its simplicity, the proposed approach
was also reused for anomaly detection in the physical sensors, an essential functionality in an actual
agricultural setup. Obtained results showed how our methodology reaches a prediction accuracy
of 99% for temperature and 94% for relative humidity; furthermore, false sensor readings were
promptly detected.

The second examined component in the greenhouse system was crops. Here, we took the well-
known tomato model TOMGRO as a case study, mainly due to its popularity, which granted us
access to a good amount of bibliography. The TOMGRO model was deeply studied and adapted
following the formal specifications of Discrete Time Hybrid Automata (DTHA), which we identified
to be the best formalism capable of representing the considered model. By using automata’s ability
to be composed together, we broke down the TOMGRO model into three sub-components, each
one representing a key growth process: node development, leaf area index (LAI), and biomass
accumulation. Each automaton was tuned using actual growth data collected from the field,
and, in the end, they were composed and synchronized to re-obtain the entire model. Finally,
the adapted TOMGRO model was simulated, and results showed that the obtained model could
produce a good estimation for tomato growth when compared to actual data, reaching an index of
agreement value in the validation phase higher than 0.9.

Subsequently, we extended our work to include plant-pathogen interactions by modeling the
Oidium Neolycopersici disease using a model taken from a completely different study as a reference.
The pathogen was also modeled as a DTHA capable of composing and synchronizing with our crop
model, thanks to the introduction of a third model acting both as an LAI automaton replacement
for the crop model and an estimator of damages dealt by the disease. In this way, communication
between the crop and pathogen was established, thus permitting the two automata to evolve
together. Once the models were simulated, simulation results depicted a scenario close to an actual
one, providing a plausible estimation of damage dealt to the crop’s total production. In addition,
by taking as reference the usage of cellular automata to model epidemics, we also updated our
methodology in order to allow the modeling of multiple pairs of crop-pathogen planted at different
locations of a field. This was achieved by using synchronization between automata, which allows
a pathogen model to communicate with its spatial neighbors and activate them, thus simulating
the infection’s spread.

Following the modeling of elements growing within the greenhouse, we shifted our focus to the

89
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description of the greenhouse control systems. To do so, we developed a very simplistic greenhouse
model to generate the greenhouse’s internal conditions starting from the external one and to sim-
ulate its response to control actions, in our case limited only to a change in windows’ openings.
Using the aforementioned model, we applied supervisory control theory to showcase how to auto-
matically synthesize a supervisor capable of forcing wished requirements into the greenhouse. To
do so, we first abstracted our models of greenhouse and crop conditions into Finite State Automata
in order to make them compatible with the ESCET framework used to perform synthesis. On those
models, we laid our requirements to restrict the window’s opening behavior, and a supervisor was
automatically synthesized and integrated into the closed loop with others DTHA to simulate the
fully controlled system. The result was a supervisor enforcing a policy that opened and closed
greenhouse windows according to the tendency of the internal temperature, similar to how the
actual controller behaves.

On a similar note, we also showcase how our developed model could be also used to perform ex-
ploration and assessment of already-implemented control strategies. To do so, we first expanded our
model system by adding a control strategy relying on user-defined parameters and, subsequently,
we used the ESCET framework to perform code synthesis and obtain an executable source code
correct by construction of our entire model. Next, we implemented a brute-force search algorithm
using the obtained code to find out the best set of parameters for the controller to maximize the
outcome. Using our algorithm, we simulated our model onto sixteen different simulation traces for
forty-eight possible parameter combinations and ranked them to search for the best ones. Results
showed us that no parameter combination was actually the best one across all traces, but each trace
had a different combination, leading to the best results and providing end users with helpful infor-
mation on which combination to adopt depending on the considered time period. Furthermore, we
also adapt our search algorithm in order to perform an online prediction by using a model fed by
actual data and a second one fed by forecasts, thus implementing a hybrid MPC-Speaking Plant
approach where the forecast model searched for the best parameters in the provided horizon to
maximize crop’s outcome, and communicated it to the main model, which subsequently proceeded
to use such combination while evolving with actual data.

Finally, we showcased how presented methodologies were not only standalone solutions but
actually parts of the entire system. As such, we composed them all by connecting the greenhouse
model to soft sensors to specialize climatic data for different locations inside a 9x9 grid where
multiple crops were positioned. To each crop, a pathogen model was associated, with only being
allowed to burst out, whereas other ones were coded to remain silent. As crops grew, the pathogen
began to grow and spread, infecting nearby and damaging the entire field. Data from all nine
locations and crops were also retrieved and provided both to end users to give them a view of
the field’s status and to the control system, which computed the best action possible to maximize
crops’ yield. Using this setup, we showcased how easily all presented solutions can be used together,
simply thanks to choosing the usage of formal methods to represent the various system’s compo-
nents, while also successfully building a setup that, despite only in simulation, closely behaves as
an actual digital world. Following this experiment, we repeated our procedure for growing grid
sizes, up to reaching a 40 by 40 grid of crops. Such experiments showcased that our methodology
can be effectively scaled up, with the main limiting factor becoming the tool used to generate the
code.

Future Work

While the presented work showcased multiple techniques to use computer science knowledge and
agricultural research together, it only presented a small subset of all possible junction points
between the two research fields. Therefore, searching for more connections between the two subjects
is certainly the first and most important point to explore in the future.

Besides this primary goal, there are also topic-specific goals related to perfecting presented
techniques by addressing and solving limitations encountered while developing the described solu-
tions. For microclimatic mapping, this translates into investigating smarter techniques to model
soft sensors, such as the usage of neural networks, to produce more robust models resistant to
nosy readings and missing data. Furthermore, exploring other methods of data acquisition, such
as the usage of drones and mobile robots, may lead to a less cumbersome method of obtaining data
needed to create models.

Regarding the topic of crops and pathogen modeling, obviously, investigating how our method-
ology applies to different crops and diseases is the primary task here. Investigating how other
formalisms perform when used to model such systems is also a possible road.
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Regarding simulation and control, the main limitations we encountered here came from the
chosen tool, ESCET. While at the beginning of our work ESCET appeared promising due to how
automata can be easily described using the CIF language, it provided us only limited tools while
performing supervisor synthesis. As such, investigating other strategies to achieve such a process,
such as performing modeling using different tools or applying different synthesis strategies that use
more defined abstraction strategies, is certainly an open path we can follow to improve obtained
results. Furthermore, the code generation feature provided by the tool, albeit functional, suffered
heavy limitations caused by the time needed to synthesize the code and the overall quality of the
source code itself, with simulation time quickly degrading as the problem size grew. In this regard,
besides investigating other possible tools to generate code, another plausible path to follow is to
skip the synthesis process and direct the development of ad-hoc source code by hand. In this
case, however, the focus would be on boosting the code’s performance by applying parallelization
techniques to take advantage of the fact that evolutions of multiple crops and pathogens seem
to be easily parallelizable due to the small interaction models have between them, meaning each
crop could be mapped into a GPU/CPU core to boost simulation performance. Alternatively
to searching for different tools, another path to follow is to improve the ESCET tool and add
missing features. Throughout the development of this thesis, on multiple occasions, we entered
into contact with curators of the ESCET tool, which is constantly evolving and updating. During
such occasions, developers proved to be very open to feedback on updating the tool to add missing
features or improve existing ones.



Appendix A

Automaton definitions

Nodes:

Nodes ={LocN ,VarN ,LabN ,EdgN ,ActN , InvN}
LocN ={N0}
VarN ={N, c}
LabN ={τ,hour}
EdgN ={updN0 : (N0,hour, µ,N0), s : (N0, τ, Id,N0)}

ActN (N0) : f(t) = ν ∈ {v ∈ V |ν(c) = t+ k, k ∈ R ∧ ν(N) = N}
InvN (N0) = {v ∈ V |v(c) < Tp}
where

µ : (νg, νu) ; νg ∈
{︁
v ∈ V |v(c) = Tp

}︁
, νu ∈ {v ∈ V |v(c) = 0, v(N) = N +∆N},

∆N = NmhfN (T )

LAI:

LAI ={LocL,VarL,LabL,EdgL,ActL, InvL}
LocL ={L0}
VarL ={LAI,LAIc,LAIc−1, c}
LabL ={τ,hour}
EdgL ={updL0 : (L0,hour, µ, L0), s : (L0, τ, Id, L0)}

ActL(L0) : f(t) = ν ∈ {v ∈ V |ν(c) = t+ k, k ∈ R ∧ ν(z) = z∀z ∈ VarL\{c}
}︁

InvL(L0) = {v ∈ V |v(c) < Tp}
where

µ : (νg, νu) ; νg ∈
{︁
v ∈ V |v(c) = Tp

}︁
; νu ∈ {v ∈ V |v(c) = 0 ∧ v(LAI) = LAI +∆LAI∧

v(LAIc) =
ab+ LAIMAX ·Nd

b+Nd
∧ v(LAIc−1) = LAI}

with

∆LAI = min(δLAI,max(0,LAIc − LAIc−1)), δLAI =
bd(LAIMAX− a)Nd−1

(b+Nd)
2

Biomass:

Bio ={LocB ,VarB ,LabB ,EdgB ,ActB , InvB}
LocB ={B0, B1, B2}
VarB ={W,Wf ,Wm, Pg, Rm, h, Tm, Tdm, N−1, c}
LabB ={τ,hour}
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EdgB ={upd00h : (B0,hour, µh, B0),upd
00
d : (B0,hour, µ

0
d, B0),upd

01
h : (B0,hour, µ

01, B1),

upd11h : (B1,hour, µh, B1),upd
11
d : (B1,hour, µ

1
d, B1),upd

12
h : (B1,hour, µ

12, B2),

upd22h : (B2,hour, µh, B2),upd
22
d : (B2,hour, µ

2
d, B2), s0 : (B0, τ, Id,B0),

s1 : (B1, τ, Id,B1), s2 : (B2, τ, Id,B2)}
ActB(B0) = ActB(B1) = ActB(B2) :

f(t) = ν ∈ {v ∈ V |ν(c) = t+ k, k ∈ R ∧ ν(z) = z∀z ∈ VarB\{c}
}︁

InvB(B0) = {v ∈ V |v(c) < Tp ∨ (v(c) = 0 ∧N < Nff)}
InvB(B1) = {v ∈ V |v(c) < Tp ∨ (v(c) = 0 ∧N < Nff +Kff)}
InvB(B2) = {v ∈ V |v(c) < Tp}

where

µh : (νg, νu) ; νg ∈
{︁
v ∈ V |v(c) = Tp ∧ v(h) < 24

}︁
; νu ∈ {v ∈ V |v(c) = 0 ∧ v(h) = h+ 1∧

v(Tdm) =
Tm · (h− 1)

h
+

T

h
∧ v(Tdm) = ∆Tdm(h), v(Pg) = Pg +∆Pg∧

v(Rm) = Rm +∆Rm}
µ0
d : (νg, νu) ; νg ∈

{︁
v ∈ V |v(c) = Tp ∧ v(h) > 24

}︁
; νu ∈ {v ∈ V |v(c) = 0∧

v(W ) = W +∆W ∧ v(h) = 0 ∧ v(Pg) = 0 ∧ v(Rm) = 0 ∧ v(Tm) = 0∧
v(Tdm) = 0 ∧ v(N−1) = N}

µ01 : (νg, νu) ; νg ∈
{︁
v ∈ V |v(c) = 0 ∧N ≥ Nff

}︁
; νu ∈ {v ∈ V |v(Wf ) = 0}

µ1
d : (νg, νu) ; νg ∈

{︁
v ∈ V |v(c) = Tp ∧ v(h) > 24

}︁
; νu ∈ {v ∈ V |v(c) = 0∧

v(W ) = W +∆W ∧ v(Wf ) = Wf +∆Wf ∧ v(h) = 0 ∧ v(Pg) = 0 ∧ v(Rm) = 0∧
v(Tm) = 0 ∧ v(Tdm) = 0 ∧ v(N−1) = N}

µ12 : (νg, νu) ; νg ∈
{︁
v ∈ V |v(c) = 0∧ ≥ Nff +Kff

}︁
; νu ∈ {v ∈ V |v(Wm) = 0}

µ2
d : (νg, νu) ; νg ∈

{︁
v ∈ V |v(c) = Tp ∧ v(h) > 24

}︁
; νu ∈ {v ∈ V |v(c) = 0∧

v(W ) = W +∆W ∧ v(Wf ) = Wf +∆Wf ∧ v(Wm) = Wm +∆Wm ∧ v(h) = 0∧
v(Pg) = 0 ∧ v(Rm) = 0 ∧ v(Tm) = 0 ∧ v(Tdm) = 0 ∧ v(N−1) = N}

with

∆Tdm(h) =

⎧⎨⎩
Tdm · (h− 1)

h
+

T

h
if 8 ≤ h ≤ 18

Tdm otherwise

∆Pg =
DτCO2PgR(T )

K
ln

(︃
(1−m)τCO2 +Qe ·K · PPFD

(1−m)τCO2 +Qe ·K · PPFD · e−K·LAI

)︃
∆Rm =Q

T−20
10

10 rm · (W −Wm)

∆W =min
(︂
GRnet − p1ρ(N −N−1),∆Wf + (Vmax − p1)ρ(N −N−1)

)︂
GRnet =E(Pg −Rm)(1− fR(N)

∆Wf =

{︄
GRnetαfFf (Tm)(1− e−θ(N−NFF)) if Tdm ≤ Tcrit

GRnetαfFf (Tm)(1− e−θ(N−NFF))(1− 0.154(Tdm − Tcrit)) if Tdm > Tcrit

∆Wm =Df (Tm)(Wf −Wm)

PgR(T ) =

⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩

0.074T if 0 ≤ T < 9

0.11T − 0.32 if 9 ≤ T < 12

1 if 12 ≤ T ≤ 28

5− T

7
if 28 < T ≤ 35

0 otherwise

fR(N) =

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

0 if N < 1

0.205− 0.0045N if 1 ≤ N < 12

0.217− 0.006N if 12 ≤ N < 21

0.17− 0.003N if 21 ≤ N ≤ 30

0.07 otherwise

Ff (T ) =max
(︂
0,min

(︁
1, 0.0625 (T − cfgt)

)︁)︂
Df (T ) =max

(︂
0,min

(︁
1, 0.0714 ∗ (T − 9)

)︁)︂
Pathogen:
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Pathogen ={LocP ,VarP ,LabP ,EdgP ,ActP , InvP }
LocP ={P0, P1, P

I
1 , P2, P3}

VarP ={Y, h, c}
LabP ={τ,hour}
EdgP ={upd0 : (P0,hour, µ

0, P0),upd
01 : (P0,hour, µ

01, P1),upd
1 : (P1,hour, µ

1, P1)

upd1I : (P1,hour, µ
1I , P I

1 )upd
I : (P I

1 ,hour, µ
I , P I

1 ),upd
I2 : (P I

1 ,hour, µ
I2, P2),

upd2 : (P2,hour, µ
2, P2)upd

23 : (P2,hour, µ
23, P3),upd

3 : (P3,hour, µ
3, P3)

s0 : (P0, τ, Id, P0), s1 : (P1, τ, Id, P1), sI(P1I, τ, Id, P1I), s2 : (P2, τ, Id, P2),

s3 : (P3, τ, Id, P3)}
ActP (P0) = ActP (P1) = ActP (P1I) = ActP (P2) = ActP (P3) :

f(t) = ν ∈ {v ∈ V |ν(c) = t+ k, k ∈ R ∧ ν(z) = z∀z ∈ VarP \{c}
}︁

InvP (P0) = {v ∈ V |v(c) < Tp ∨ (v(c) = 0 ∧ LAI < LAIt)}
InvP (P1) = {v ∈ V |v(c) < Tp ∨ (v(c) = 0 ∧ h < LP)}

InvP (P1I) = {v ∈ V |v(c) < Tp ∨ (v(c) = 0 ∧ h < IP)}
InvP (P2) = {v ∈ V |v(c) < Tp ∨ (v(c) = 0 ∧ h < LP + IP)}
InvP (P3) = {v ∈ V |v(c) < Tp}
where

µ0 : (νg, νu) ; νg ∈
{︁
v ∈ V |v(c) = Tp}; νu ∈ {v ∈ V |v(c) = 0}

µ01 : (νg, νu) ; νg ∈
{︁
v ∈ V |v(c) = 0 ∧ LAI ≥ LAIt

}︁
; νu ∈ {v ∈ V |v(h) = 0}

µ1 : (νg, νu) ; νg ∈
{︁
v ∈ V |v(c) = Tp}; νu ∈ {v ∈ V |v(c) = 0 ∧ v(h) = h+ 1}

µ1I : (νg, νu) ; νg ∈
{︁
v ∈ V |v(c) = 0 ∧ v(h) ≥ LP

}︁
; νu ∈ {v ∈ V |v(x) = x∀x ∈ VarP }

µI : (νg, νu) ; νg ∈
{︁
v ∈ V |v(c) = Tp}; νu ∈ {v ∈ V |v(c) = 0 ∧ v(h) = h+ 1}

µI2 : (νg, νu) ; νg ∈
{︁
v ∈ V |v(c) = 0 ∧ v(h) ≥ IP

}︁
; νu ∈ {v ∈ V |v(x) = x∀x ∈ VarP }

µ2 : (νg, νu) ; νg ∈
{︁
v ∈ V |v(c) = Tp}; νu ∈ {v ∈ V |v(c) = 0 ∧ v(h) = h+ 1∧

v(Y ) = Y + rLINmaxDE(T,RH)}
µ23 : (νg, νu) ; νg ∈

{︁
v ∈ V |v(c) = 0 ∧ v(h) ≥ LP + IP

}︁
; νu ∈ {v ∈ V |v(x) = x∀x ∈ VarP }

µ3 : (νg, νu) ; νg ∈
{︁
v ∈ V |v(c) = Tp}; νu ∈ {v ∈ V |v(c) = 0 ∧ v(h) = h+ 1∧

v(Y ) = Y + rYmaxDE(T,RH)Y

(︃
1− Y

LAI
ρ + Y

)︃
}

with

DE(T,RH) =

{︄
d(T − Tmin)

n(Tmax − T )m(1− e−aRH)b if Tmin ≤ T ≤ Tmax

0 otherwise.

Infected LAI:

I-LAI ={LocI ,VarI ,LabI ,EdgI ,ActI , InvI}
LocI ={L0, Ld}
VarI ={LAI,LAIc,LAIc−1, Y−1, c}

LabI ={τ,hour}
EdgI ={upd0 : (L0,hour, µ, L0),upd1 : (Ld,hour, µ

′, Ld),upd01 : (L0,hour, µ01, L1),

s0 : (L0, τ, Id, L0), s1 : (Ld, τ, Id, Ld)}
ActI(L0) = ActI(Ld) : f(t) = ν ∈ {v ∈ V |ν(c) = t+ k, k ∈ R ∧ ν(z) = z∀z ∈ VarI\{c}

}︁
InvI(L0) = {v ∈ V |v(c) < Tp ∨ (c = 0 ∧ Y ≤ 0)}
InvI(Ld) = {v ∈ V |v(c) < Tp}
where

µ : (νg, νu) ; νg ∈
{︁
v ∈ V |v(c) = Tp

}︁
; νu ∈ {v ∈ V |v(c) = 0 ∧ v(LAI) = LAI +∆LAI∧
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v(LAIc) =
ab+ LAIMAX ·Nd

b+Nd
∧ v(LAIc−1) = LAI}

µ01 : (νg, νu) ; νg ∈
{︁
v ∈ V |v(c) = 0 ∧ v(Y ) > 0

}︁
; νu ∈ {v ∈ V |v(c) = 0 ∧ v(Y1) = 0}

µ′ : (νg, νu) ; νg ∈
{︁
v ∈ V |v(c) = Tp

}︁
; νu ∈ {v ∈ V |v(c) = 0∧

v(LAI) = LAI +∆LAI− Y − Y−1

ρ
∧ v(LAIc) =

ab+ LAIMAX ·Nd

b+Nd
∧

v(LAIc−1) = LAI ∧ v(Y−1) = Y }
with

∆LAI = min(δLAI,max(0,LAIc − LAIc−1)), δLAI =
bd(LAIMAX− a)Nd−1

(b+Nd)
2

Greenhouse:

Greenhouse ={LocG,VarG,LabG,EdgG,ActG, InvG}
LocG ={G0}
VarG ={Tin, k, c}
LabG ={τ,hour}
EdgG ={updG0 : (G0,hour, µ,G0), s : (G0, τ, Id,G0)}
Act(G0) : f(t) = ν ∈ {v ∈ V |ν(c) = t+ k, k ∈ R ∧ ν(z) = z∀z ∈ VarG\{c}

}︁
Inv(G0) = {v ∈ V |v(c) < Tp}

where

µ : (νg, νu) ; νg ∈
{︁
v ∈ V |v(c) = Tp

}︁
; νu ∈

{︁
v ∈ V |v(c) = 0 ∧ v(k) = k + 1∧

v(Tin) = τRad(r + rk cos(θ)) + Tout + c · e
−kS

r+rk cos(θ)
}︁

P-Controller:

P-Controller ={LocC ,VarC ,LabC ,EdgC ,ActC , InvC}
LocC ={C0}
VarC ={θ, c}
LabC ={τ, sample}
EdgC ={updC0 : (C0, sample, µ, C0), s : (C0, τ, Id, C0)}}

Act(C0) : f(t) = ν ∈ {v ∈ V |ν(c) = t+ k, k ∈ R ∧ dθ

dt
= 0

}︁
Inv(C0) = {v ∈ V |v(c) < Tc}

where

µ : (νg, νu) ; νg ∈
{︁
v ∈ V |v(c) = Tc

}︁
; νu ∈

{︁
v ∈ V |v(c) = 0∧

v(θ) = max (min (K · (T − FCT) , 0) , 90)
}︁

with

K =
90

FOT− FCT
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