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Introduction

Due to climate change, increasing energy costs, high levels of urbanization, and rapid population
increase, ensuring food security is becoming one of the more significant global challenges. The
Food and Agriculture Organization of the United Nations [59] projects that by 2050, the world’s
population will have increased from 7.6 billion in 2024 to about 9.8 billion. This issue is made
more critical by urbanization, being a major factor in both environmental change and economic
growth. Arable lands are becoming scarcer as metropolitan areas are dramatically increasing, lim-
iting space for conventional farming activities. As a result, traditional agricultural methods, along
with the depletion of natural resources such as water and energy, are no longer sufficient to meet
the requirements of modern societies over the coming decades.

Accordingly, closed-field agriculture has been evolving from simple covered greenhouses to more
sophisticated protected cultivation such as vertical farming, a modern agricultural approach
emerged as a sustainable solution [|54]. This approach involves growing crops in vertically stacked
layers, optimizing, as a result, the cultivated surface per unit of occupied area. In addition, these
farms use, often, hydroponic or aeroponic systems growing variety of crops under controlled-
environment agriculture (CEA) where the temperature, the humidity and the CO, concentration
are constantly monitored [|128]. As a result, water and energy consumption are decreased com-
pared to traditional horizontal greenhouses. However, during the growth phase, crops typically
have a fixed volume of space available in the traditional vertical farms, even though their height
varies, resulting in a dynamic occupation of vertical space. Thus, the entire available vertical
space is not fully exploited and the energy consumption reduction remains limited since unoccu-
pied spaces are unnecessary air-conditioned and under artificial lighting systems [[131]]. Hence,
improvements in the current vertical farms configuration such as modeling, automation, and real-
time decision-making are required to enhance the efficiency and scalability of vertical farms.

A ninnovative vertical farming configuration have arose by 2021 with the goals of simplifying plant-
ing and harvesting tasks, while constantly monitoring environmental conditions to maximize effi-
ciency : the Adaptive Vertical Farm (AVF) (See Figure . Unlike traditional fixed vertical farms,
and based on the "adaptive principle" of the patent developed by Space V S.r.1 [47,|71], the AVF
is a modular structure that progressively adapts to the growth of the plants included in it, rather
than adapting the crops to the structure in order to meet the crops requirements of a variable vol-
ume from planting to harvest. In other words, the distance between the shelves is automatically
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adjusted according to the growth of the plants. Hence, compared to a traditional vertical farm with
fixed shelves, the main advantage is the potential to install more shelves within the given vertical
space, resulting in a significant increase of the production yield.

(LU

W

JR R

T

NI

Figure 1 — Sketch of the Adaptive Vertical Farm concept.

Thesis Framework and Objectives

This thesis is conducted within the framework of a joint PhD program (french: convention cotutelle,
italian: Convenzioni di cotutela) between the University of Genoa (Italy) and the University of Lor-
raine (France), in collaboration with Space V S.r.l. spin-off company from the University of Genoa.
The project is funded by the "PON Ricerca e Innovazione 2014-2020" through the FSE REACT-EU
program. The research was carried out at the Department of Mechanical, Energy, Management,
and Transportation Engineering (DIME) at the University of Genoa and the Research Center in
Automatic Control of Nancy (CRAN) at the University of Lorraine.

The primary objective of this thesis is part of a broader project aiming at developing the AVF, in
order to establish an eco-friendly and resource-efficient farming system as an innovative solution
of Precision Agriculture (PA). Aligning with the focuses of the PA field, the key goal of this thesis
is to optimize and automate the AVF configuration, including variables such as leaf spacing, indoor
environmental variables, and other agronomic factors to improve the crop yield and operational
efficiency.

Thesis Contributions

The thesis proposes contributions to the development of the AVF in both the theoretical and com-
putational aspects of PA, particularly in the areas of data-driven models and state estimation :

1. Enhancing Crop Growth Modeling for Adaptive Vertical Farms Through Data-Driven Ap-
proaches : To optimize the system and the control of shelf movements, an accurate crop



growth model, able to predict the heights of the plants at each time step, is crucial. Dynamic
growth models of crops in greenhouse systems are available in the literature, however, many
of these models have limitations. They typically depend on a large number of parameters to
be tuned, require a solution of a set of Ordinary Differential Equations (ODEs) which may be
complex and computationally demanding, are valid for specific crop types, and their accuracy
often remains unproven. Thus, we propose the construction of a crop growth model directly
from data collected on the field by using a black-box paradigm. The developed model relies
on neural networks owing to their simplicity and approximating capabilities. The advantages
of the proposed black-box model include :

the adaptability to different crop types;
the representation of a variety of dynamic behaviors;

the reduce computational burden after the training procedure;

the possibility of being used in innovative vertical farming systems, such as the afore-
mentioned AVF, with very different characteristics than conventional systems.

2. Contribution to LMI-based Observers for UAVs operating in the Adaptive Vertical Farm :
This contribution addresses the design of a nonlinear observer for UAV-based automation and
their potential practical integration into the Adaptive Vertical Farm (AVF) system for different
tasks (i.e., real-time monitoring of crop health, environmental conditions, growth patterns,
etc..). Since the UAV is operating in a confined space including potential disturbances such as,
for instance, variable artificial lighting conditions, close proximity to surfaces or crop density,
an accurate and reliable state estimation is crucial for ensuring the UAV’s effective and safe
operation in the AVF.

Thus, we propose in this thesis new Linear Matrix Inequality (LMI) based methods ensuring
the stability of the observer design, ans as a result, providing practical tool for the operating
UAV:

e The first method investigates an # ., observer design via Linear Matrix Inequalities (LMI)
aiming to provide accurate state estimation of the UAV where a novel less conservative
LMI condition is applied to solve the H, circle criterion design.

e The second method introduces an observer design by using a new output-based dynamic
extension technique which allows the decrease of the effect of the measurement noise in
the state observer. We propose, hence, a new Linear Matrix Inequality (LMI) condition,
ensuring the Input-to-State Stability (ISS) property of the estimation error.

Thesis Organization

The thesis manuscript is organized in different 4 chapters. A brief summary of each of the next
chapters is given below:

e Chapter[l]: introduces the key concepts of vertical farming and precision agriculture in Sec-
tion to motivate the innovation behind the Adapative Vertical Farm presented in Section
[1.3]detailing the structure, competitive capacity compared to present solutions, the integrated
technologies and its current applications.

e Chapter[2]: establishes theoretical background on fundamental concepts applied in the con-
tinuity of this work. Section is a brief overview on Artificial Neural Networks and Data-
driven models followed by a brief state-of-the art on the nonlinear observer design in Section
presenting basic concepts, mainly the stability concept and the estimation for nonlinear
dynamic systems.
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e Chapter 3| : is dedicated to the crop growth model in the AVF. It is organised as follow,
Section is dedicated to the lettuce growth dynamic model considered in this research
work. Section [3.3|reports a parameter estimation strategy aiming to tune the dynamic model
parameters. The proposed data-driven, black-box model is described in Section [3.4 whereas
the simulation results are presented in[3.5

e Chapter |4] : addresses the need for accurate state estimation through observer design, for
indoor operating UAV in the AVF subject to disturbances and noises such as sensor noise,
lighting changes, and space constraints. The chapter is structured as follows: Section (4.2
introduces the an observer design via Linear Matrix Inequalities (LMI) and the Hoo criterion
to ensure accurate state estimation under challenging conditions. Building upon this, Section
proposes a novel observer design approach using an output-based dynamic extension
exploring the design in the continuous-time and discrete-time cases. Section showcases
the effectiveness of the proposed observer designs through the simulations performed on an
indoor quadrotor model.

The thesis concludes with a summary of the contributions and proposes extensions and possible
future works.
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Vertical Farming Solution

The Adaptive Vertical Farm: A New

“We live vertically, so why can’t we farm vertically? ”

Dickson Despommier

Father of Vertical Farming
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Chapter 1. The Adaptive Vertical Farm: A New Vertical Farming Solution

1.1 Introduction

In this chapter, we present in deep the concept of AVF, a forward-thinking solution aimed at address-
ing the challenges of modern agriculture. In the first part of the chapter, we start with Section (1.2}
where we track the outlines of the vertical farming and precision agriculture evolution in order
to highlight key developments in these fields and their pivotal role in shaping sustainable farming
solutions. This overview provides a context to understand the groundbreaking technological ad-
vancement of the AVF, particularly in terms of crop volume occupancy and energy efficiency. The
main focus of the second part is on the technical aspects and features of the AVF in Section [1.3]
highlighting its key advantages compared to traditional existing vertical greenhouses. Additionally,
we discuss the integration of Unmanned Aerial Vehicles (UAVs), emphasizing their role in enhanc-
ing farm automation to support PA. Finally, we present existing applications of the AVF in different
farming contexts.

1.2 A Brief Overview on Vertical Farming and Precision Agriculture

In this section, we introduce a brief state of the art on two fundamental topics anf field of our
research work: Vertical Farming in Subsection and Precision Agriculture in Subsection [1.2.2,
to highlight the innovation of the AVF and its adaptive principle compared to the existant modern
farming solutions

1.2.1 Vertical Farming: Concept and Key Considerations

Although the concept of vertical farming has been newly introduced as a sustainable solution to
meet the needs of modern societies, as motivated in the introduction of this research work, the
roots of the concept can be traced back to the ancient era, around 600 BCE, where ” Hanging
Gardens of Babylon ” are considered an early example of vertical agriculture [[13]. However, the
modern concept of vertical farming took a more structured form in the 20th century. In the 1910s,
Gilbert Ellis Bailey first established the term ” vertical farming ” as part of a vision to grow food
in urban environments using vertical space. His concept focused on creating a method that would
not rely solely on traditional soil farming, but instead using hydroponic farming and artificial light-
ening in a controlled vertical environment to improve the supply of food along with economic and
environmental benefits [13,[81]. The concept of vertical farming gained significant attention in
the late 20" and 21! centuries as a solution to the challenges posed by urbanization and pop-
ulation growth to optimize space, reduce the need for land and afford for the growing demand
and the popularity of organic food [1]] impacting the global vertical farming market that reached
USD 5.6 billion in 2022 and predicted to exceed USD 35 billion by 2032 In this context,
” Apparatus for the Artificial Cultivation of Plants” is the first detailed technical description of a
three-dimensional space for the cultivation of plants independently of seasons and climate condi-
tions [[92]]. However, Despommier, a key figure in modern vertical agriculture, made an important
contribution to the development of the concept of vertical agriculture in its current form with his
vision of growing food in urban centers. In 1999, the concept of the ” Vertical Farm (VF) ” was intro-
duced as a method of food production in multi-storey buildings in the context of a broader concept
of ” Controlled Environment Agriculture (CEA) ”. CEA involves the management of generated in-
door climate conditions, such as temperature, humidity, light, and carbone dioxide levels, in order
to optimize plant growth and enable year-round production, independent of external conditions.
Popularized through his book ” The Vertical Farm: Feeding the World in the 21st Century (2010)
” [49]], Despommier emphasized the potential of the concept to renew urban spaces and reduce
the environmental footprint of traditional agriculture. The idea was, first, argued as a contribution

6



1.2. A Brief Overview on Vertical Farming and Precision Agriculture

to sustainable food production by maximizing yields per square meter, reducing water and pesti-
cide use, and minimizing land requirements, eventually offering a more eco-friendly alternative to
conventional farming. However, over the years, the key sustainable benefits of vertical farming has
been spanning environmental, social, and economic dimensions. From an environmental perspec-
tive, vertical farming has the potential to lower food miles by minimizing transportation distances,
reducing water usage with advanced irrigation and recycling techniques, and recycling organic
waste, which reduces reliance on landfills. Furthermore, vertical farming plays a role in managing
floods, droughts, and seasonal variations, improves energy efficiency through the use of renewable
energy sources, and promotes biodiversity by integrating nature into urban settings. From a the so-
cial point of view, vertical farming contributes to improving air quality and people’s health, making
potable water more accessible, creating local jobs, and offering opportunities for social interaction
within local farming communities. Economically, vertical farming reduces energy, packaging, and
transport fuel costs, offers greater yields, and decreases costs by reducing dependence on fertilizers,
herbicides, and pesticides [|36,/46,(73].
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Figure 1.1 — Vertical Farms’ Market Growth Projection for 2022-2032 (adapted from []1])

1.2.1.1 General Structure and Types of Vertical Farms

The general architecture of a VF is designed to ensure optimal space and resource use along with
efficient and sustainable food production operations. This is achieved thanks to interconnected
subsystems ensuring an optimal crop growth regardless of external climate conditions. According
to [13,/49,(125,131]], the main subsystems of a VF are the following:

e Infrastructure: VFs, in its simple principle, are vertically stacked cultivation shelves that may
constitute multi-storey buildings often located in urban areas where land is scarce.

e Growing Mediums and Irrigation Systems: Unlike traditional greenhouses, VFs rely on soilless
growing methods, such as hydroponics, aeroponics, or aquaponics detailed in[1.2.1.2] These
farming techniques provide plants with the correct balance of nutrients, water, and pH levels,
ensuring optimal growth conditions. This type of farms are closed-loop systems that recycle
water.

e Artificial Lighting System: To ensure year-round farming independent from natural sunlight
through the photosynthesis operation, VFs rely on light-emitting diode (LED) to control the
light spectrum, intensity, and duration based on the crop requirements.
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e Climate Control Systems : These systems regulate the climate growth conditions such as
temperature, humidity levels and carbon dioxide enrichment to ensure optimal plant growth
thanks to monitoring techniques.

Nowadays, as a result of the advancements achieved in the field, other related indoor farming sys-
tems based on CEA such as high-density vertical growing (HDVG), building-integrated controlled-
environment farms (BICEFs), plant factories with artificial lighting (PFALs) and plant production
systems with artificial lighting (PPALs) may be included within the scope of vertical farming. Multi-
storey farms, mainly ” skyfarms ” are less common used terms but refers to agricultural practices
conducted in high-rise buildings [[13}/92}/125]]. To address this multitude of interconnected in-
door farming systems with relation with VFs, [[165] provided a comprehensive overview of these
different vertical farming concepts, detailing their characteristics and classifying them based on
influencing factors such as size, density, control systems, arrangement, architectural design, and
site selection as represented in Figure adapted from [125]].

Building
Building Integrated
. Controlled
Skyfarms, Building- Environmental
Integrated Agriculture Farms (BICEFs)
Layout C !
Vertical Farms (VFs) : O_Htro S Plant
vertically stacked Con_trolled Environment Factories
cultivation shelves Agriculture (CEA) (PFs)

Density

Production size .
Crop density

High Density
______________ Vertical

Growing
(HDVG)

Figure 1.2 — Types of Vertical Farms and Influencing Factors (adapted from [165])

Table provides a list of the main leading projects of VFs (installed and in progress) in different
cities around the world, mainly in Europe, Asia, and America.
1.2.1.2 Vertical Farming Methods

Over the years, in order to maximize productivity and sustainability of VFs, researchers have been
developing and improving farming methods for eventual deployment and better integration into
urban planning [|55,56]]. The main system paradigms along with their characteristics, key benefits
and main technologies are presented in the following and summarized in Figure :

1.2.1.2.a Hydroponics

Hydroponics refers to a farming technique that involves growing plants without soil, basing on
nutrient-rich water solutions instead. This method allows accurate management of nutrient supply,
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Table 1.1 — Summary of existing VF’s projects.

Vertical Farm

Location

Nuvege Kyoto, Japan

PlantLab Den Bosch, Holland
Skygreen Singapore

FarmedHere Bedford Park, Illinois, USA
The Plant Chicago, Illinois, USA

Green Girls Produce

Memphis, Tennessee, USA

Brooklyn Grange

Brooklyn, New York, USA

Gotham Greens

Brooklyn, New York, USA

AeroFarm Danville, Virginia, USA
iFarm Dubai, UAE & Riyadh, KSA
Plantagon Sweden

La Tour Vivante

France

Harvest Green Tower

Vancouver, Canada

Skyfarm Toronto, Canada
’ Core Features: Water-Based Growth ‘
Hydroponics H Technologies: Automated Irrigation, LED Lighting

Advantages Fast Growth, Minimal Pests ‘

’ Core Features: Air-Based Growth ‘

/ x

Farming Methods }—»{ Aeroponics

}—>{ Technologies: Climate Control Systems, Misting

Advantages: Water-Efficient, Fast Growth ‘

’ Core Features: Fish + Plants ‘

/
\

N

Aquaponics

Technologies: Closed-Loop Systems, Aquaculture Tanks

’ Advantages: Sustainable, Low Water Use ‘

Figure 1.3 — Diagram of Farming Methods: Features, Advantages, and Technologies

allowing crops to obtain the exact mix of necessary nutrients for optimal growth [50]. Figure
shows the structure of the hydroponics VF in Sweden [96]] where the system (A) represents Nutri-
ent Film Technique. For such hydroponic system, each tray has LED illumination above it. Water is
pushed into a channel where the plant roots hang. Nutrient water flows (shown by black arrows)
continue down the levels, collecting in a reservoir before being recirculated back to the system’s
top. The hydroponic system (B) is a drip irrigation system where the nutrient water is drip-fed
down the column. Wicking substance in the column draws water to the roots. The water that is
not consummed by the plants drains out the bottom of the tower and is recirculated.,This arrange-
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ment can provide more natural light or be illuminated from the side with LEDs. While the idea of
soil-less cultivation dates back to ancient times, it has only become widely adopted in recent years,
especially within modern agricultural configurations like VFs and space exploration field where
the National Aeronautics and Space Administration (NASA) investigates its viability for cultivat-
ing crops (i.e. lettuce, onions, radish, etc..) in controlled settings, mainly the International Space
Station (ISS) [[167]]. Compared to traditional soil-based farming, hydroponics mitigates many of
the challenges associated with soil, such as pests. The technique is also water-efficient, requir-
ing significantly less water than conventional farming since the water in hydroponic systems is
circulating in a closed-loop, it minimizes waste and supports sustainable agricultural practices, par-
ticularly in areas where water resources are scarce. Additionally, hydroponic systems are relatively
low-maintenance and labor-efficient, as they eliminate the need for soil cultivation tasks like dirt
removal and kneeling. Hydroponics also allows for better control of plant growth conditions. By us-
ing inert growing mediums such as nutritive solutions, it enables uniform distribution of nutrients,
leading to consistent growth. This precision ensures that plants receive the necessary nutrients
without the variability introduced by natural soil conditions. The method is considered ” cleaner ”
since it helps reduce the risk of diseases commonly associated with soil-based agriculture.

}
I
ve v o
Yo %o b _
}
(A) (B)

Figure 1.4 — Hydroponic Vertical Farming System (adapted from [70])

1.2.1.2.b Aeroponics

Similar to the hydroponic paradigm, the aeroponic method is soiless farming technique, using a
mist or aerosolized nutrient solution applied to the crops’ roots. These roots are suspended in
the air, allowing them to absorb the nutrients and oxygen necessary for growth. The absence of
soil offers several advantages, including increased root oxygenation and faster plant growth [[139]].
In contrast to hydroponics, depending on nutrient-rich water solution as the growing medium,
aeroponics uses air-mist as to deliver essential nutrients through aerosols minimizing, thus, water
waste and promoting uniform growth. According to [37]], this method reduces water consumption
significantly, using up to 90% less water compared to the most efficient hydroponic systems. The
system can be employed in various setups, including vertical farming configurations, where plants
are stacked in layers to maximize space efficiency along with allowing the crown to grow upward
and the roots downward freely. This technique allows, therefore, for better space use, particularly
in urban environments where land and water are scarce [[13,/139]. One of the leading aeroponic-
based VFs is ” AeroFarms ” for growing leafy greens and herbs [|12]]. Furthermore, in the context
of space farming, XROOTS experiment of the NASA, evaluated the aeroponics technique in order
to improve the efficiency of farming in terrestrial greenhouses and controlled environments [|89].
Figure is an illustration of the concept the aeroponic farming method.
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Figure 1.5 — Aeroponic Vertical Farming System

1.2.1.2.c Aquaponics

Aquaponics is farming method combining aquaculture (fish farming) and hydroponics. In aquapon-
ics, fish waste is considered as the organic nutrient source of the growing medium of the plants,
which in their turn help filter the water, recirculated, then, to the fish tanks [13]]. The symbiotic
relationship between the fish and plants creates an enclosed sustainable ecosystem that supports
waste and water recycling and reduces the need for chemical fertilizers, pesticides, and herbicides
compared to traditional farming systems [164]]. Figure[I.6]is a simplified schematic diagram of the
principle of this method.

Figure 1.6 — Aquaponic Vertical Farming System

1.2.2 Precision Agriculture: Technological Trends

As a response to the growing need for more efficient and sustainable agricultural practices, Preci-
sion Agriculture (PA) appeared in the late 20" century driven by advancements in technology that
made possible a more accurate monitoring and a better decision making for farmers, particulary, the
development of Global Positioning System (GPS) technology, along with Geographic Information
Systems (GIS) enabling accurate mapping and real-time monitoring of field conditions [69,[126].
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The primary goal of PA is to make the best use of resources such as water, fertilizers, and pesticides
by adapting them to the exact needs of individual crops or fields. This approach ensures ” smart”
practices that no only improves crop yields but also minimizes waste, environmental impact, and
promote sustainability in farming practices [[53].

1.2.2.1 Sensors and Actuators

In smart VFs, sensors and actuators play a crucial role in enhancing automation and efficient man-
agement [[124] . The need for constant human intervention is reduced by collecting critical data
on indoor climate parameters or the health of crops. Actuators respond to the collected data by
regulating the equipment related to captured parameters, thus maintaining optimal farming con-
ditions. The interaction between actuators and environmental conditions captured by sensors is
crucial for achieving optimal crop growth with limited human involvement. To ensure the CEA, the
main sensors and actuators present in a VF are listed as following :

e Temperature and humidity sensors : monitor the environmental conditions in ambient air,
ensuring optimal ranges, i.e. for leafy greens the optimal ranges are 18 — 24°C and 50 — 70%.

e COq sensors : regulate the concentration of carbon dioxide in the farm, e.g. optimal range for
leafy greens is 800 — 1500 ppm.

e Light intensity sensors : control the light spectrum to ensure the appropriate light levels for
photosynthesis, e.g. the optimal light range for leafy greens is 50 — 250 PPFD.

e Electrical conductivity (EC) : monitor the dissolved minerals in the growing medium, e.g. the
optimal EC range for leafy greens is 1.4 — 1.8 mS/cm

e pH sensors : measure the acidity of the solution, i.e. for leafy greens, the optimal pH range
for is 5.5 — 6.

e Jon-selective electrodes (ISE) : evaluate nitrogen concentration in the nutrient solution, e.g.
the optimal nitrate range for leafy greens is 100 — 150 ppm.

e Dissolved oxygen (DO) : monitor oxygen levels in the nutrient solution, e.g. the optimal DO
range for leafy greens is 78 ppm.

o Water level sensors: assess the solution levels in nutrient and stock-solution tanks.

e Heater: increases the ambient air temperature to maintain optimal conditions for plant
growth.

e Cooler: decreases the ambient air temperature when needed to ensure the farm remains
within the desired temperature range.

e Humidifier: increases ambient air humidity.
e Dehumidifier: reduces ambient air humidity.

e LEDs: provide the required light intensity for plant growth to mimic sunlight for photosyn-
thesis.

e Fans: circulate the ambient air within the farm to ensure proper airflow.

e COg regulator: Maintains the reference value CO5 concentration among the shelves to ensure
plant photosynthesis.

Nutrient pump: distributes the needed nutrient solution to the plants’ roots.
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1.2.2.2 Unmanned Aerial Vehicles (UAVs) in Vertical Farms

Vertical farming merged with UAVs technologies represents a recent pillar of PA, refining farming
practices to increase the automation of the farms in the framework of the Industry 5.0. To over-
come global issues related to agricultural activities, the convergence of these two fields let open
doors to new techniques of dynamic crop monitoring decreasing the number of sensors and ac-
tuators and, thus, the cost of the monitoring subsystems. The idea is basically transferred from
open-field agriculture where drones are used to provide timely processed data leveraged to support
critical crop management decisions. The most frequent applications of UAVs are crop growth mon-
itoring and yield estimation, health monitoring, disease detection, spraying and irrigation where
quadcopters are widely used for their simple mechanical structure, swift maneuvrability, and in-
creased payload compared to other UAVs. A detailed review and a comparative study between
different types of agricultural drones is proposed by researchers in to highight the best con-
figurtion and the trending applications in the field. The advantages of the UAV integration in the
traditional agriculture motivated the use of it in the closed-field farming configurations [[125]]. For
traditional high-scaled greenhouses, Corvus Drones has integrated drones to perform tasks
like seed germination and flowering detection that farmers can easily pilot through smartphone ap-
plication, involving the technology of Internet of Things (IoT). The technology is deployed in VFs
to perform similar tasks [26]. In the same context, AeroFarms opened the door forovation in
collaboration with Nokia Bell Labs to develop and refine new methodologies through testing with
commercial crops. UAVs navigate the VF and capture imagery of crops gathering data on health
metrics (i.e. leaf area, stem length, leaf color, spotting, etc). The system is designed to support
5G private mobile network paired with cloud-based data processing to ensure data security in an
on-site network environment. Similiraly, iFarm [86] captures imagery to evaluate plant weight,
collected images and determine the optimal lighting settings by analyzing power consumption and
the rate of leaf expansion as shown in Figure

Figure 1.7 — UAV performing in the iFarm

1.2.2.3 Artificial Intelligence (AI) Based Integrated Tools

The automation of vertical farming can be improved using Artificial Intelligence (AI) as a reliable
computational tool that enable systems to learn and adjust its behavior based on present data
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where machine-learning algorithms are employed to identify patterns and predict crop growth
state enabling growers to make informed decisions [[125]]. To maximize crop yield, enhancing crop
growth models based on Al-based approximations improves the ability to accurately simulate the
growth of large numbers of crops, for which the number of involved parameters is important which
may explode the computational costs. The tool is useful for reproduce major patterns and pre-
diction of yield [58]]. In the litterature, different Al algorithms are used in vertical farming for
plant monitoring, growth prediction, pest detection, and stress identification for different types of
crops. Convolutional Neural Networks (CNNs) used in [[119]] to monitor plant leaf has demon-
strated a high accuracy for lettuce disease detection with 86%. For more complex crop patterns,
such as height or leaf weight, 3D plant modeling combined with deep segmentation techniques
are used on the basil, as proposed in [25]]. Other applications such as deep-learning models are
used to monitor leaf stress and abnormalities, achieving an accuracy rate range between 83.26%
and 94.15% [169,/173]]. Furthermore, a neural network approach has been investigated in [6] to
develop a model of plant growth prediction using the backpropagation Artificial Neural Network
(ANN) method with environmental parameter input at the plant factory. Different network archi-
tectures were assessed to confirm the effectiveness of the developed model in predicting lettuce
height based on the RMSE validation results. One to seven nodes were used in the experiment
and the results showed that the 4-7-1 network architecture was capable of estimating the lettuces
height.

1.3 The Adaptive Vertical Farm (AVF)

This section is dedicated to presenting the main focus of this research work: the Adaptive Ver-
tical Farm (AVF) which we aim to develop through this thesis. Subsection [1.3.1] introduces the
conceptual design of the AVF, outlining its foundational structure and principles. Subsection|1.3.2
discusses the efficiency and sustainability of the AVF, emphasizing its potential to optimize resource
usage and reduce environmental impact. Subsection[1.3.3]addresses the integration of UAVs within
the AVF system, highlighting their role in monitoring and maintenance. Finally, Subsection [1.3.4
presents emerging applications that highlight the broader potential of the AVF concept to address
contemporary agricultural challenges.

1.3.1 Conceptual Design of the Adaptive Vertical Farm

The idea of AVF is based on the “adaptive principle” introduced by [[71]], which consists of gradually
calibrating the farm structure to the growth of the plants cultivated therein, as shown in Fig.
The major advantage, compared to the fixed-shelve farm, investigated in[1.2] is the ability to insert
more shelves in the same vertical space, which mainly results in an increase of the production
yield and, thus, the decrease of the unnecessary air-conditioned volume. The variable number of
cultivation shelves has the following requirements (see Figure[1.8]):

e the distance between the shelves is adjustable due to an automated mechanism able to vary
the position of each shelve according to the crop height during the production cycle;

e the crop height in each shelf is measured in real time by means of proper sensors;

e the airflow is constant and uniform owing to an aeration formwork within each shelf.

The AVF has a modular structure, and Fig.[1.9|sketches the parts of each module, or shelf. The set of
technical space for handling, measurement, lighting, and ventilation subsystems is enclosed within
the variable height h,,,. The variable part that is adapted according to the height of the crop growing
is given by h,. However, the fixed height part always occupies the same part of the total height of
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Figure 1.8 — Structure of the fixed-shelf greenhouse (a) and the AVF (b) with respect to vertical
occupancy.

the farm. It is composed of the height of the aeration formwork, the artificial LED lighting system,
as well as the rest of technical compartment (denoted by h;), the height of the cultivation substrate
(soil, water, root system) h,, and the leaf distance hs of the top of the crops from the formwork,
ensuring air circulation and proper lighting supply. The leaf distance, i.e., the distance between
the top of the plant and the shelf above, is a key parameter of the adaptive greenhouse compared
to current industrial vertical farms. The leaf distance is selected in a manner that decreases the
volume needed for each crop, thus maximizing the production yield, while maintaining the well-
being conditions of the plants (also owing to the aeration formwork of each shelf that dissipates
the heat provided by the LED lighting system). The separate micro-conditioning system helps
generating different micro-climates for each shelf allowing growing non-homogeneous types of
plants on each shelf according to their corresponding temperatures and humidity rates.

1k

h, : aerial height

hy h,, : pot height
h,, : module height
hpn h,

hg : substrate thickness

h, : crop height at harvest
1 h; : technical space height
1hg hs : leaf distance
Th | "

Figure 1.9 — Scheme of the parts of each AVF shelf.

1.3.2 About the Efficiency and the Sustainability of the AVF

In order to study the efficiency of this configuration in terms of production, a preliminary study
was performed in at the very early phase of the AVF project. The estimation of the production
yield of the AVF is influenced by several factors, including the crop type, which determines the final
height at harvest, the duration of the production cycle, and the growth curve. Additionally, tech-
nical characteristics of the greenhouse, such as total height, the height of technical compartments
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(e.g., trays containing the crops, leaf spacing), and the number of shelves that can be inserted,
also play a crucial role. Unlike vertical farms (VFs) with fixed shelves, where all shelves can be
cultivated simultaneously without sowing constraints, AVFs require an optimal sowing scheduling
algorithm to maximize the number of harvests while fully use the total height. To this end, a first
algorithm was introduced in to determine the best strategy to maximize production yield,
while also considering other factors such as energy efficiency, crop health, and growth rate etc. A
comparison with a similar VF of the same size was performed to estimate the increase of produc-
tion yield resulted from the adaptive technology. In Figure the preliminary results contained
in are reported.
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Figure 1.10 - Vertical space occupancy of an AVF (cm) (a) and vertical space occupancy (%) of a
fixed shelf VF compared to AVF (b)

For this study, a simulation for lettuce cultivation is considered and presented in Figure It
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illustrates the total occupancy of the various fixed and variable components for each growing day.
The results show that the AVF allows to occupy nearly 100% of the available volume in steady
state. As noted in [30]], the number of harvests within the simulation time considered of 100 days
increases from 12 to 25 compared to a VF of the same size, corresponding to a 108% increase in the
production yield. Figure also shows the total percentage occupancy (excluding leaf spacing
for the sake of simplicity in this preliminary study) of the AVF and of the corresponding fixed-shelf
VF. This highlights the ability of AVF to occupy significantly more volume, as more shelves can be
inserted at the same total greenhouse height of 310 cm, which naturally leads to a corresponding
increase in production yield. As previously stated, the adaptive greenhouse is different from exist-
ing industrial VFs since its cultivation shelves are moveable, allowing for dynamic adjustment of
the space between the top of the plant and the shelf above (i.e. the leaf distance as presented in
Figure In order to maximize production yield, this key feature of leaf distance, along with he
aeration formwork of each shelf that dissipates the heat produced by the LED lighting system, allow
to minimizing the volume required for each crop while maintaining the optimal growth conditions
for the crops.

As reported in [27]], growth models are crucial to simulate crop performance considering different
types of plants and various parameters influencing the growth process. To address these challenges,
Chapter [3| focuses on crop growth modeling using data-driven models approach to determine the
best configurations regarding leaf distance, light intensity, CO, concentration and other aspects
related to the CEA.

1.3.3 Integration of the UAVs in the Adaptive Vertical Farm
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Figure 1.11 — Illustration of a quadcopter operating in the AVF

In the context of PA, the integration of UAVs, particularly quadcopters as mentionned in[1.2.2] en-
hance significantly the automation for the AVF aligning with the trend of smart farming observed in
the existent open/closed-field agriculture sets [148]]. Equipped with sensors, UAVs enable the con-
tinuous monitoring, detecting eventual diseases, assessing irrigation and nutrient needs, helping
to optimize resources and allowing for a more informed decision-making during production cycle.
In more details, real-time data is collected on crop health, environmental conditions and growth
patterns, as the drone roams the farm, which is crucial for maintaining well-being conditions of
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the plants, as illustrated in Figure This technology proves particulary valuable when the AVF
concept is scaled up to large, industrial plant factories for a sustainable food production. While
stationary sensors enable monitoring specific environmental factors such as temperature, humidity,
light intensity, and CO, levels, agricultural drones provide a wider perspective owing to their a
bird’s-eye view of the entire farm, collecting visual data and covering areas that stationary sensors
may not reach easily, or where increasing the number of sensors could raise fabrication costs. The ”
Vertical Take-Off and Landing Autonomous/Semi-autonomous/Remote-Controlled Aerial Agricul-
tural Sensor Platform ” [[121] is a relevant example of such technology in action.

Moreover, UAVs support the dynamic architecture of the AVF where the leaf distance is the key
parameter. Knowing that this parameter varies according to crop height during the growth cycle,
UAVs provide an extra layer of data for better comprehensive plant height monitoring. In this
framework, authors in [26] proposed a novel approach for assessing plant growth dynamics in
fixed-shelve VF containers using crop images captured by UAVs. This method involves process-
ing captured images to calculate the average height of plants in each container, then storing the
results in a database enabling comparison of current height measurements with previous data to
evaluate growth dynamics. In fact, most of the stationary sensors providing height measurements
(e.g. ultrasonic sensors, capacitive sensors, or optical sensors, etc.) require careful positioning to
avoid disrupting the plant’s natural growth cycle through shading effects, mechanical or electrical
interference. Given the dynamic nature of the AVF and the need for real-time, flexible monitor-
ing of crop height, using UAVs with dynamic sensors (e.g. Time-of-Flight (ToF) cameras or stereo
vision systems, etc..) is indeed a more suitable and efficient approach. This setup maximizes the
efficiency and sustainability of the AVF, while achieving the " affordability - accuracy - scalability"
compromise for better performance of such dynamic farming systems.

However, while they present significant advantages, an accurate control of UAVs requires an accu-
rate state estimation that can be affected by external disturbances, such as propellers noise, crop
density, light conditions, etc. Thus, in order to ensure the reliability and the efficiency of the AVF,
state estimation techniques are essential. Chapter [4] will delve into state UAV estimation ensuring
the robustness of the overall system.

1.3.4 Emerging Applications

The concept of the adaptive multilayer greenhouse was originally developed by Germina S.r.1. [[157]]
as part of its efforts to provide sustainable solutions for urban fresh food production. This inno-
vation, which was initially designed for use in horizontal greenhouses, vertical farms, and home
cultivation systems, was later adapted for space applications. The technology was acquired by
Space V S.rl. [47], which transferred it to the aerospace sector. This technology is driven by the
need to provide astronauts with locally grown fresh food during long-duration missions on the In-
ternational Space Station (ISS). Space farming has long been a subject of study how microgravity
affects plant growth. One of the most famous space cultivation experiments is the ” Veggie ” system,
installed on the ISS in 2014 [[66]. The system employs artificial LED lighting to simulate Earth-like
conditions for plant growth in microgravity, and has successfully cultivated various crops, including
lettuce, radishes, and zinnias. In this context, several studies are conducted to develop the AVF sys-
tem for a space-based agriculture, where minimizing volume and maximizing resource efficiency
are vital for supporting human life in orbit and future lunar settlements. In [[132-4134]], a schedul-
ing approach of seedings based on the solution of mixed-integer linear programming problems is
presented to maximize the overall number of sowings, and therefore of harvests, in a given time-
frame. The availability of an optimal schedule of seedings enables the implementation of suitable
control strategies to vertically move the shelves in order to track the growth of the crops. Space V
S.r.1 has developed a Proof of Concept (PoC) demonstrator of the AVF, presented in Figure It
includes three cultivation shelves that adjust dynamically in response to a simulated ” accelerated
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A render of the Space V ada &
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Figure 1.12 — Proof of Concept of the AVF showcased in the International Astronautical Congress
(IAC), Milan 2024

growth” cycle of crops. It is worth to note that while this demonstrator is not intended for flight,
several of its subsystems have been designed with space qualification requirements, ensuring the
rigorous standards necessary for eventual space applications.

1.4 Conclusion

The AVF represents a promising advancement in addressing future challenges of food security,
resource management, and sustainability, both in terrestrial and space environments. Owing to
its dynamic architecture and automation during the crop growth cycle compared to fixed-shelves
exsisting VFs, the proposed solution is worth to investigate in deep in terms of crop growth and
monitoring to ensure its full potential in both terrestrial and space settings.
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CHAPTER

2

An Overview on the Theoretical
Methods and Tools

“It is not the strongest of the species that survives, nor the most intelligent,
but the one most adaptable to change.”

Charles Darwin
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2.1 Introduction

This chapter provides the theoretical background necessary for understanding the key concepts that
will be applied throughout the continuation of this work. Section [2.2] offers a concise overview of
Artificial Neural Networks (ANNs) and Data-driven models, introducing their fundamental princi-
ples and highlighting their relevance to the modeling and estimation tasks addressed in Chapter 3|
of the present thesis. Following this, Section[2.3|presents a brief state-of-the-art review on nonlinear
observer design. This section focuses on the essential concepts of observer theory, with particular
emphasis on stability analysis and state estimation for nonlinear dynamic systems. These founda-
tional ideas form the basis for the observer design methods explored later in the work, enabling
effective handling of disturbances and uncertainties in system modeling explored in the Chapter 4]
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2.2 A Brief Overview on Artificial Neural Networks and Data-driven
Models

The Section [2.2]is devoted to introducing a theoretical background for the Al-based contributions
to the development of the AVF. It is organised as follows: Subsection [2.2.1] introduces Artificial
Neural Networks (ANNSs), covering their structure, the role of activation functions, various training
methods, and the different types of ANNs commonly used in practice. Subsection[2.2.2]expands the
discussion to data-driven models, presenting them as a broader concept that encompasses ANNs
and highlighting their versatility and applications in diverse domains.

2.2.1 Artificial Neural Networks (ANN)

Artificial Neural networks (ANNs) are considered as a special class of data-driven models, that
have prompted the development of related concepts and fields of Machine Learning (MLs), Ar-
tificial Intelligence (AI), and data science. These models are designed to mimic the human brain
behavior when processing information by learning from wide amounts of data, identifying patterns,
and producing predictions. A neural network consists of multiple layers of interconnected nodes
or "neurons," each of which processes data in a hierarchical manner. The architecture typically
includes an input layer, one or more hidden layers, and an output layer, with each neuron perform-
ing a mathematical operation, usually a weighted sum followed by a nonlinear activation function,
before passing its output to the next layer (See Figure and detailes in the following :

Input Layer Output Layer

Hidden Layer

Figure 2.1 — General Architeture Neural Network Architecture

2.2.1.1 Structure on ANN
Since ANNs are computational models inspired by the way biological neural networks in the human

brain function, they are composed of several core components interacting to process input data,
learn patterns, and make predictions. These components are:
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2.2.1.1.a Neurons

Each neuron calculates the weighted total of its inputs and applies an activation function. A neu-
ron’s output is determined by:

a; = f (Z Wi T + bj) (2-1)

where:

e 1; are the input values,

w;; are the weights connecting the i-th input to the j-th neuron,

b; is the bias of the j-th neuron,

f is the activation function,

a; is the output of the j-th neuron.

2.2.1.1.b Layers

ANNSs are typically organized into multiple layers, with each layer containing several neurons.
Layers of neurons allow ANNs to learn increasingly complex representations of the data.

e Input Layer: This is the first layer of the network, where the input features’ data are injected
into the model. The neurons in the input layer simply pass the raw data to the next layer
without any computation or transformation.

e Hidden Layers: These intermediate layers are where most of the computation occurs. The
neurons in hidden layers apply the activation function to their weighted inputs and produce
outputs that are passed to the next layer. Hidden layers are key to enabling the network to
model complex patterns and non-linear relationships in the data. A network with multiple
hidden layers is referred to as a Deep Neural Network (DNN). The output of each neuron in
a hidden layer is calculated according to

e Output Layer: The final layer in the network, where the predictions are made.

2.2.1.1.c Weights and Biases

e Weights: w;; are parameters learned during the training process and set to minimize the loss
function.

e Biases: b; are additional parameters added to the weighted sum to enable the model to better
fit the data.

2.2.1.2 Activation Functions

Activation functions are essential in artificial neural networks because they introduce non-linearity
into the network. Without non-linear activation functions, the network would behave as a simple
linear model, regardless of how many layers it has. Some common activation functions include:
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2.2.1.2.a Sigmoid Function

A sigmoid activation function outputs values between 0 and 1, making it suitable for binary classi-
fication problems:

o(x) = (2.2)
Its derivative is given by:
o'(z) = o(x) (1 -0o(z))
2.2.1.2.b ReLU (Rectified Linear Unit):

ReLlU is one of the most widely used activation functions because it is computationally efficient
and helps mitigate the vanishing gradient problem. It outputs the input if it is positive and zero
otherwise.

ReLU(x) = max(0, z) (2.3)
Its derivative is given by:
1 if 0
RelU'(z) =4 %7
0 ifz<0

2.2.1.2.c Tanh (Hyperbolic Tangent):

Tanh is similar to the sigmoid function, but its outputs range between -1 and 1, making it useful
when negative outputs are desired.

tanh(z) = Gl (2.4

et +e %

Its derivative is given by:
tanh’(z) = 1 — tanh?(x)

2.2.1.2.d Softmax Function:

Softmax is typically used in the output layer for multi-class classification problems. It transforms
raw output values into probabilities by normalizing the output values so that they sum to 1.
z

e~i

T o (2.5)
k

softmax(z;) =

2.2.1.3 Training Methods

The training technique for a neural network involves adjusting its weights and biases to reduce the
difference between predicted and actual outputs. This procedure consists of numerous steps:
2.2.1.3.a Forward Propagation

The input data is transmitted across the network during forward propagation, and each neuron
uses activation functions, weights, and biases to determine its output.

24



2.2. A Brief Overview on Artificial Neural Networks and Data-driven Models

2.2.1.3.b Loss Function

The difference between expected and actual values is measured by the means of the loss function.
Several loss functions are reported in the liiterature, such as:

e Mean Squared Error (MSE):
N
1 .
MSE = ;(yi —§:)° (2.6)
where N is the number of samples, y; is the actual value, and ; is the predicted value.

e Mean Absolute Error (MAE):

N
1 N
MAE = N;!yi—yi (2.7)
e Binary Cross-Entropy Loss:
| X
Binary Cross-Entropy = BT Z[yi log(#:) + (1 — i) log(1 — 45)] (2.8)
i=1

where y; is the actual binary label (0 or 1), and ¢; is the predicted probability.

e Huber Loss:
(yi — 0i)? for |y, —yi| <6

2.9
8lyi — 9i| — 30%  otherwise (2:9)

Huber Loss = {

where § is a threshold parameter that makes the loss less sensitive to outliers.

2.2.1.3.c Backpropagation

Backpropagation is used to compute the gradients of the loss function with respect to the weights.
These gradients are used to update the weights and biases of the network using optimization algo-
rithms.

2.2.1.3.d Optimization Algorithms

During training process, the weights and biases are updated through a variety of optimization
methods. Typical optimization techniques include:

e Stochastic Gradient Descent (SGD):

oLoss
Wj 5 =W i — (2.10)
7‘7.]7k:+1 ZJvk n 8w1]

where 7 is the learning rate.
e Adam (Adaptive Moment Estimation): The Adam optimization algorithm adjusts the learning

rates based on estimates of the first and second moments of the gradients. It is formulated as
follows:

25



Chapter 2. An Overview on the Theoretical Methods and Tools

OLoss
my = Bime—1 + (1 — B1) S
ij
OLoss\ 2
v = favs + (1 f) < Los )
ij
N me
o (2.11)
t 1 —Bf
. Ut
Uy = ————
t 1 —63
an
w=w—
77\/67+e

where ¢ the iteration number, m; and v; are estimates of the first and second moments of the
gradients, $; and [3» are decay rates, € is a constant to prevent division by zero, and ”Loss”
refers to the loss function.

2.2.1.4 Types of ANNs

e Single-Layer Perceptron: A basic neural network with no hidden layers. It applies a linear
transformation followed by an activation function.

g=1 (Z wiia; + b]) (2.12)

e Multi-Layer Perceptron (MLP): A neural network with one or more hidden layers, allowing it
to learn complex patterns. Each layer computes its output as follows:

of) = (Z widal! ™V + bg”) (2.13)

(-1

where [ denotes the layer index, and a; are the activations from the previous layer.

As presented previously, the structure allows ANNs to model highly nonlinear relationships and
perform several tasks such as image and speech recognition, natural language processing, and
time-series prediction, which are challenging for traditional models. The training of ANNs involves
adjusting the weights of the connections between neurons to minimize the error in the network’s
predictions, typically using optimization algorithms like gradient descent. However, when it comes
to high-dimensional settings, classical backpropagation, the most widely used method for training
neural networks, often exhibits slow convergence, which can significantly affect the efficiency and
performance of training, especially when dealing with large-scale and complex data [|57]. This
challenging issue has motivated research into alternative training algorithms aimed at improving
the speed and accuracy of convergence. Several strategies have been proposed to address the lim-
itations of traditional backpropagation, such as adaptive descent step methods and second-order
derivative approaches [20,/94]. These techniques adjust the step size during training, allowing
for a more efficient optimization process able to overcome the slow convergence associated with
high-dimensional data. When talking about ANNs, we typically distinguish two different concepts
” shallow” and ”deep” ones. The distinction is based on the computational units used in the hid-
den layers of these networks include perceptrons, radial units, and kernel units. So in terms of
hidden layers, networks with only one hidden layer are often referred to as “shallow” networks,
in contrast to “deep” ones that have two or more hidden layers. While deep networks outper-
form shallow ones in certain tasks [[77]], the one-hidden-layer paradigm remains widely employed
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in various applications (see, e.g., [2,/3,(116}/141]] and the references therein). The approximation
capabilities of such networks have been extensively explored in theoretical studies, demonstrating
that, for various types of computational units, they are universal approximators, i.e., they are ca-
pable of accurately approximating any continuous function as desired [[34,/142]. Neural networks
have been integrated in several and nearly all fields. In control engineering, for instance, ANNs
have increasingly become a crucial tool to revolutionize the classical control theory, significantly
enhancing system performance by addressing challenges such as nonlinearities, uncertainties, and
real-time adaptability. Several trends have emerged in the application of ANNs to control systems.
One of the prominent approaches is Neural Network-based Model Predictive Control (MPC), which
uses NNs to approximate system models and optimize control inputs in real-time by solving an op-
timization problem over a prediction horizon. ANNs are being applied to improve MPC, especially
when the system dynamics are highly nonlinear or difficult to model [90,{109,{135},137]]. Addition-
ally, Neural Network-based Robust Control focuses on handling model uncertainties and external
disturbances where neural networks are used to learn and compensate for model inaccuracies or
disturbances. Authors in [93]] propose the design of ANN is designed to approximate parameter un-
certainties within a robust hybrid tracking control strategy for robotic system. Furthermore, Fault
Detection and Isolation (FDI), a technique helps detect and isolate faults in complex systems, en-
suring continued reliable operation in complex systems. Integrated neural network can be trained
to detect patterns in sensor data that indicate faults or anomalies and to isolate the specific source
of the fault [74,/114,159]]. ANNs were also adapted to optimal control to approximate optimal
control laws to minimize or maximize a certain performance criterion, mainly for complex systems,
reducing reliance on explicit system models [138]. One of the famous ANN-based approach, also,
is the use of Extended Kalman Filter (EKF)-based learning algorithms. EKF, originally developed
for recursive estimation in control systems, has been adapted for neural network training due to
its ability to accelerate the convergence of the optimization process. The advantage of EKF-based
training lies in its higher convergence rate compared to standard backpropagation, particularly in
challenging high-dimensional spaces. However, this advantage often comes at the cost of increased
computational complexity, as matrix inversions are required to compute the EKF gains, which can
be computationally expensive and memory-intensive [[127]]. As a result, significant research ef-
forts have focused on overcoming these computational challenges and improving the flexibility and
efficiency of EKF-based learning methods. For instance, specialized EKF techniques have been de-
veloped to handle one-dimensional problems more efficiently, and multi-stream EKF methods have
been proposed to handle large amounts of data in batch mode, allowing for recursive training on
complex datasets [57]]. Moreover, EKF has not only been applied to feedforward neural networks
but also investigated in the context of recurrent neural networks (RNNs), which are particularly
well-suited for processing sequential data. This demonstrates the versatility of EKF as a training
method, capable of improving convergence in a range of network architectures [88]]. Addition-
ally, a connection has been established between EKF and least squares methods, providing further
insight into how these advanced techniques can be applied to neural network training, including
regularization methods to prevent overfitting [[17]]. These efforts reflect a broader trend in the field
of neural network research, where the focus is not just on the foundational principles of neural
networks, such as backpropagation, but also on improving training methods to handle the increas-
ing complexity and size of datasets encountered in real-world applications. Furthermore, these
advancements contribute to the broader trend of making machine learning models more accessible
and efficient for researchers and practitioners working with vast amounts of data. By improving
convergence rates, reducing computational costs, and enhancing flexibility in training, techniques
like EKF-based learning algorithms are poised to play a central role in the future of neural network
research and their application across diverse domains, ranging from autonomous systems to natural
language understanding and beyond.
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2.2.2 Data-driven Models : A broader concept of ANNs

Data-driven models are methods that allow learning patterns or generating predictions about a
specific process by relying entirely on data, rather than physical models. ANNs are one of the
most widely used types of data-driven models, particularly for tasks involving complex data such
as images, time series, or spoken language.Over the recent decades, data collection from industrial
processes has become more accessible, thanks to the adoption of distributed control systems (DCS)
in most industries. Simultaneously, the expansion of database and data mining technologies has of-
fered strong backing for the development and implementation of data-driven modeling techniques
in industrial operations, and thus, the expansion of data-driven techniques for process monitor-
ing, control, and system optimization across various industries [42}/51,/67,/166]. Unlike traditional
white-box models, which depend on several parameters governed by explicit physical laws in order
to describe system behavior, data-driven models use wide datasets to determine system dynamics,
enhancing their flexibility and adaptability. The fundamental idea behind data-driven models is
that interactions, behaviors, and patterns within the system are captured in the data itself and may
be discovered using algorithms and computational tools. Data-driven can be categorized into three
main types: (i) supervised learning, (ii) unsupervised learning, and (iii) reinforcement learning.
Supervised learning models are trained on labeled datasets and are useful for prediction tasks such
as classification or regression [[48]]. Unsupervised learning models, on the other hand, focus on find-
ing hidden patterns within data without the use of labels, often used for clustering or dimensionality
reduction [33]]. Reinforcement learning, which optimizes decisions through feedback from the en-
vironment, has become increasingly important in areas like autonomous control and robotics [[100].
Through mining and analyzing information from process data, various types of data-based models
can be constructed for industrial applications, such as process monitoring, mode clustering, and soft
sensing of key performance indices (KPIs) [|51,/68,(99,/104,106,{120}/144,(163,/172]] . For example,
by projecting high-dimensional process data into a lower-dimensional space, latent variable models
such as Principal Component Analysis (PCA) and Partial Least Squares (PLS) can extract key infor-
mation from the process. These methods form the foundation for developing efficient monitoring
systems that can detect abnormal behavior and optimize performance [68,(144]]. In addition, data-
based regression models have been developed to estimate or predict hard-to-measure variables,
often referred to as "soft sensing." Techniques such as Least Squares Regression, Artificial Neu-
ral Networks (ANN), Support Vector Regression (SVR), and Gaussian Process Regression (GPR) are
commonly used for this purpose [99]]. By building effective relationships between easily measurable
process variables and those that are difficult to measure, these models enable real-time estimation
or prediction, offering substantial time, cost, and labor savings in industrial settings. Data-driven
modeling techniques can be further categorized into parametric and non-parametric machine learn-
ing algorithms. Parametric algorithms simplify the unknown function to be learned by assuming
it follows a known form, characterized by a fixed set of parameters that do not change with the
training examples. These algorithms do not require assumptions about the underlying probability
distribution of the data, which makes them applicable regardless of the data distribution. Typically,
parametric methods involve two steps: selecting the form of the functional relationship and learn-
ing the parameters from the training data. Examples include logistic regression, linear discriminant
analysis, and naive Bayes (see, e.g., Chapter 2 of [95] and Chapter 18 of [[147]). These methods
are fast to train and easy to interpret. However, the choice of a predetermined functional form
may limit their ability to accurately represent complex data patterns, making them more suitable
for simple, low-dimensional problems. In contrast, non-parametric machine learning models do
not rely on strict assumptions about the underlying data mapping and tend to perform better when
there is a large amount of data and minimal prior knowledge. These models can fit a broader range
of functional forms. However, they generally require more training time and can be harder to in-
terpret. Examples include k-nearest neighbors regression, decision trees, deep Gaussian processes,
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and complex neural networks, which are highly nonlinear.
Chapter [3] deploys the black-box capabilities of neural networks to construct a crop growth model
for AVFs, based real-world data to overcome the limitations of traditional dynamic growth models.

2.3 Brief Overview on Nonlinear Observer Design

Dynamical systems are at the heart of many fields, including engineering, biology, and economics,
where understanding the evolution of of systems over time is essential. However, in real-world
applications, it is often impractical or too expensive to measure all the internal states of a system
directly. This limitation creates a need for state estimation, a process that infers unmeasured states
using available outputs and the known dynamics of the system. A key concept in state estimation is
observability, which determines whether the internal states of a system can be fully reconstructed
from its outputs.

State estimation is crucial in applications like autonomous vehicles, robotics, and control systems.
It enables tasks such as system monitoring, fault detection, and synchronization in multi-agent
systems. Common estimation methods include the sliding mode observer [156]], the high-gain
observer approach [8}11,21}[24,60]], sliding mode observer [41,171]], the LMI-based observer tech-
niques [10,/76,107,112./176L/179]], the unknown input observer [|113]], the interval observer [[170].
Estimators like the EKF and MHE incorporate statistical or optimization methods to handle noise
and uncertainties, making them suitable for systems with significant disturbances. Among these
methods, we mention the extended Kalman filter [[103},115}/150,{155] and moving-horizon estima-
tors [[114H16,/19,[23]].

This section provides an overview of fundamental topics, contributing later to the development of
the AVF: stability and state estimation in dynamical systems. Subsection focuses on stability
analysis, introducing key methods such as Lyapunov’s techniques and Input-to-State Stability (ISS),
which are critical for ensuring robustness in system behavior. Subsection [2.3.2] explores state esti-
mation techniques, covering observability, observer design, and advanced methods like LMI-based
observers. Together, these concepts serve as the foundation for developing reliable estimation
schemes.

2.3.1 The Stability Concept for Dynamic Nonlinear Systems

Determining whether a system will revert to its equilibrium state or deviate from it in response to
minor perturbations is crucial for real-world applications: this idea is the core of the stability con-
cept. In this section, we first introduce the main definitions and principles of stability, in particular
Lyapunov’s methods, which provide powerful tools for analyzing the stability of nonlinear systems.
Let us consider the following autonomous system described by the following differential equation:

i = f(z), (2.14)

where z € D C R”, and D is a domain containing the origin. We assume that the function
f governing the system’s dynamics is piecewise continuous for time ¢ and locally Lipschitz with
respect to the state x. This implies that there exists a constant £ > 0 such that:

1/ (1) = fx2)|| < Kllzr — 22, (2.15)

for all z1, 22 € D. Additionally, we assume that f(z() is bounded, where z( represents the initial
condition at ¢ = 0.

Definition 2.3.1 ( [91}[149,[168]]). An equilibrium point x* of the system (2.14) is a state where the
system remains at rest if it starts from that state. Mathematically, this is expressed as:

z(0) =z" = z(t) =2 Vt>0.
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Equivalently, x* is an equilibrium point if and only if:
f(z*)=0, Vt>0.

Without loss of generality, we will focus on the stability of the origin (x = 0) for the autonomous
system (2.14)). This simplifies the analysis while still capturing the essential behavior of the system.

2.3.1.1 Types of Stability

Stability can be classified into various types based on the system’s response to perturbations from
its equilibrium state. These classifications include, mainly, stability, asymptotic stability, and expo-
nential stability.

Definition 2.3.2 ( [105]). The origin is said to exhibit different types of stability based on the following
criteria:

1. Stability Criteria: The origin is a stable equilibrium point if, for every ¢ > 0, there exists a
d = 0(e) such that:
[z(0)[ <6 = [lz(®)ll <€, VE=0.

If this condition is not met, the origin is considered unstable.

2. Asymptotic Stability: The origin is asymptotically stable if it is stable, and in addition, § can be
chosen such that:

lz(0)[| <& = lim [fz(t)]| = 0.

This means that solutions not only remain close to the origin but also converge to the origin as
time goes to infinity.

3. Exponential Stability: The origin is locally exponentially stable if there exist constants « > 1
and 8 > 0 such that:

|lz(®)|| < allz(0)|| exp(—pt), ¥Vt >0, Vx(0) € B,.

If B, = R"™, we say that the origin is globally exponentially stable. This indicates that solutions
decay to the origin at an exponential rate.

In conclusion, an equilibrium point is considered stable if small perturbations do not lead to sig-
nificant departures from the point. It is asymptotically stable if these deviations remain small and
gradually diminish to zero over time. Exponential stability represents a more stringent form of
asymptotic stability, where the convergence rate is exponential. The reported definitions under-
score the system’s behavior in response to disturbances. However, directly applying these funda-
mental definitions to establish stability typically requires finding explicit solutions to the system,
which can be difficult or infeasible. To address this challenge, alternative approaches, such as
Lyapunov’s methods, are used to analyze stability witout the need of applying explicit solutions.

2.3.1.2 Lyapunov’s Methods for Stability Analysis

Lyapunov’s methods offer effective techniques for assessing the stability of equilibrium points with-
out the need for explicit solutions to the system’s differential equations. The two primary ap-
proaches are the indirect method of Lyapunov and the direct method of Lyapunov.
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2.3.1.2.a Lyapunov’s Indirect Method

Theorem 2.3.3. ( [|85}|149]]) Let x = 0 be an equilibrium point for the nonlinear system ,
where f : D — R"™ is continuously differentiable and D is a neighborhood of the origin. The linearized
system around the origin is given by:

= f(x) =1 = Ax,

where A = % is the Jacobian matrix evaluated at the origin.
=0
The stability ofzthe origin can be classified as follows:
1. The origin is locally asymptotically stable if all eigenvalues of A have negative real parts
Re()\i) < 0.
2. The origin is unstable if at least one eigenvalue of A has a positive real part Re()\;) > 0.
3. If some eigenvalues have zero real parts Re()\;) = 0 and the rest have non-positive real parts, the
system’s behavior is more complex:
e IfRe()\;) < 0 for all i, the origin may be marginally stable.
e Otherwise, the origin is unstable.
In numerous scenarios, this theorem is a useful tool for stability analysis since it provides a criterion

for local stability based on the linearized system. However, when the linear approximation is not
sufficient to determine stability, Lyapunov’s direct method can be applied.

2.3.1.2.b Lyapunov’s Direct Method

The direct method of Lyapunov relies on the principle of energy dissipation. In physical systems,
if the total energy of the system steadily decreases over time, an equilibrium state will be reached.
This concept can be mathematically formulated using a scalar function V' (z), which is commonly
interpreted as the total energy of the system.

Theorem 2.3.4 (Lyapunov Function and Lyapunov Stability [[105]). Let x = 0 be an equilibrium
point for the nonlinear system (2.16), and let D be a neighborhood of the origin. Consider a continu-
ously differentiable function V : R™ — R satisfying the following conditions:

e V(x)=0ifand only if x = 0.
o V(x)>0ifx #0 (ie, V(x) is positive definite).
e The time derivative of V along the trajectories of the system is non-positive:

V) = L) = v - f@) <0, ve o

Then V (z) is called a Lyapunov function, and the system is stable.
e The system is asymptotically stable if V(x) < 0 for all = # 0.

e The system is globally asymptotically stable if, in addition, V(z) — +oo as ||z|| — +oo (also
known as "radial unboundedness").

Lyapunov’s direct method provides a powerful way to prove stability without solving the differen-
tial equations explicitly. By constructing an appropriate Lyapunov function, one can conclude the
stability of the system’s equilibrium. However, it is worth noting that we cannot conclude about
the instability of a system since we have only sufficient conditions, except in special cases such as
LTT systems.
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2.3.1.3 Input-to-State Stability (ISS) and its Extensions

In real-world applications, control systems are usually subject to noise, disturbances in control
inputs and errors in measurements or estimates. Therefore, it is desirable for a system to be not
only stable but also input-to-state stable (ISS): robust with respect to external disturbances and
uncertainties. Hence, the concept of ISS extends the classical notion of stability to situations where
the system is not only subjected to initial state deviations but also to external inputs. ISS was
first introduced by Sontag in the 20~*" in his work [151]. The mentionned research work on the
development of ISS provided a framework for analyzing systems where the state remains bounded
in response to bounded inputs. This concept has since been extended and applied to a variety of
dynamical systems, becoming a fundamental tool in control theory for assessing stability under
non-negligible disturbances.

Let’s consider the following differential equation system:

T = f(z,u), (2.16)

where z € R”, where u : Ry — R™ is a Lebesgue measurable essentially bounded external input
and f is a Lipschitz continuous function. This ensures that there exists a unique absolutely contin-
uous solution of the system. with input u : [0,00) — R (also called "controls" or "disturbances"
depending on the context) being measurable locally essentially bounded maps.

ISS extends the global asymptotically stability (GAS) property to nonlinear systems. Intuitively, ISS
means that the system’s behavior remains bounded when the inputs are bounded and tends towards
an equilibrium point when the inputs approach zero [[153]. ISS is closely related to the concept
of stability under perturbations (total stability), which is well-studied in the classical dynamical
systems literature. ISS requires that the system remains GAS up to an error term dependent on the
magnitude of the input u, measured via the essential supremum norm:

|u|loo := esssup [Ju(t)]|. 2.17)
t>0

Definition 2.3.5 ( [[154]]). System is called ISS, if there exist § € KL and v € K such that for all
initial values x, all perturbation functions u and all times t > 0, the following inequality holds:

2t 20 w)| < BlJol,t) + Y(l[ulloos ) (2.18)

ISS can be characterized via ISS Lyapunov functions. The ISS Lyapunov function provides a power-
ful tool for analyzing the stability of nonlinear systems subject to input disturbances. It guarantees
that the state trajectories of the system remain bounded, provided that the inputs are also bounded,
and the Lyapunov gain ensures that the inputs do not cause the system state to grow faster than a
certain rate.

Theorem 2.3.6 ( [|153]). A system is ISS if and only if it admits an ISS Lyapunov function, i.e. a
smooth function V : R" — Rx>( and K-functions ai, as and K- functions as,~y such that

at|z] < V(z) < as|x| (2.19)

and .
V(z) < —aslz| (2.20)

hold for all x € R™,u € R™ so that |z| > ~(|u|); the function - is called Lyapunov gain.

Remark 2.3.7. A smooth function V is an ISS-Lyapunov function for (2.16) if and only if there exist
iy i = 1,..,4 such that holds, and

V(z) < —as|z| + aglul (2.21)
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The ISS property of an observer ensures that its estimation error is bounded and decays over time,
despite the presence of input and measurement disturbances. The observer is said to be ISS if the
error between the estimated state and the true state of the system remains bounded in the presence
of input and measurement disturbances. This is captured by equation (2.22)), which states that the
error |x(t) — Z(t)| between the true state x(¢) and the estimated state z(t) is bounded by a function
of the error and time, 5(|z(t) — #(t)|,t), as well as the supremum of the magnitudes of the input
disturbance v(s) and the measurement disturbance w(s) up to time ¢.

Definition 2.3.8 (ISS-observer [[152]]). An observer is said to be Input-to-State Stable (ISS) if the
estimation error satisfies

sel0,t) s€[0,t)

lz(t) = 2@)| < B (|z(0) — £(0)[, ) + 1 ( sup MS)\) + 72 ( sup w(S)) (2.22)
forallt > 0, for some B € KL, and 1,72 € K.

2.3.2 Estimation in Dynamical Systems

In dynamical systems, estimation plays a crucial role in determining the internal state of a system
based on observable outputs. Accurate state estimation is necessary for the control and optimiza-
tion of dynamic processes, especially when some states are unmeasured or unavailable. While the
terms “observer” and “estimator” are often used interchangeably, there is a subtle distinction in
their use. An observer specifically refers to a system designed to estimate the unmeasured internal
states of a system based on the system dynamics and available output measurements. On the other
hand, a state estimator refers more broadly to any algorithm used to estimate the state of a system,
which can include observers as well as other estimation techniques like the Kalman filter.

This section explores the concepts and techniques used in state estimation, including the principle
of observability, the design of the most-used state observers, and advanced methods such as LMI-
based observers.

2.3.2.1 Observability

The observability of a process is a fundamental concept in the field of state estimation. Indeed, to
reconstruct the inaccessible states of a system, it is necessary to know, a priori whether the variables
are observable or not. Observability stands for the possibility of reconstructing the full trajectory
from the observed data, that is, from the output trajectory in the uncontrolled case, or from the
couple (output trajectory, control trajectory) in the controlled case. This property is fundamental
for both linear and nonlinear systems and dictates whether an estimator or observer can function
effectively.

2.3.2.1.a Observability of Nonlinear Systems

Let us consider the class of nonlinear systems described by :

T = f(r,u),
U i 223
where f: R" x R™ — R"™ and h : R" x R™ — RP.

Definition 2.3.9. Observability of nonlinear systems (Geometric Condition) [32]

e Indistinguishability: Let yO(t) — 2° and yl(t) — x'. Then 2° and x! are indistinguishable if

yo(t) = yL(t), Vt >0, ¥ u. Otherwise, x° and z' are distinguishable.
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e The system (2.23)) is observable in x° if 2 is distinguishable from any x € R™. In addition, the
system (2.23) is observable if ¥ 2° € R", 20 is distinguishable.

Definition 2.3.10 (Observability of nonlinear systems (rank condition)). We say that system (2.23)
is observable if the following rank condition holds:

rank (dh, dLsh, ..., dL;—lh)T —n

where dL’Jih is given by:

k k k
N R
f 6%17 81’27 ’ Oxy,

and L’}h denotes the k-th Lie derivative of h along the vector field f, recursively defined by:
Ljhi=h, Lh:=Ly (L57R), fork>1.
The (first) Lie derivative of a scalar function h : D — R along a vector field f : D — R™ is defined as:
- oh
Lyh(z) = 3 fi(e) 5+ (@)

i=1

For more details about the observability of nonlinear systems, one can refer to [32}/84}191,|129,(149].

2.3.2.1.b Observability of Linear Systems

Now, let’s consider the observability of linear systems, which are easier to analyze due to their
linearity. Linear systems are described by the following equations:

{ T = Az + Bu, (2.24)

y =Cu,
where x € R" is the state vector, u € R™ is the control and y € RP is the measured output.
The matrices A, B, C' are constant matrices of appropriate dimensions. The Kalman observability
criterion provides a straightforward test for the observability of linear systems. If the system is
observable, then it is possible to reconstruct the entire state vector from the input and the output
data.

Definition 2.3.11 (Kalman observability criterion [80]). the system is said to be observable
if and only if
C
CA

rank((’)(A, C)) 2 pank | CA? =n (2.25)
Cc A1

O(A, C) is called Kalman observability matrix (of size np X n).

2.3.2.2 State Estimators

State estimators are fundamental tools in control theory, robotics, signal processing, and other
fields that involve dynamic systems, as they allow for accurate state reconstruction in the presence
of noise, uncertainty, and incomplete measurements.
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2.3.2.2.a Standard Kalman Filter

we start, first, by introducing the standard Kalman filter in the case of of continuous and discrete
Linear Time varying (LTV) systems. Actually, being a fundamental design for EKF, the standard
offers a simple yet optimal solution for estimating the state of linear systems in the presence of
stochastic disturbances [73,,/103,/122]]. Based on a linear state model that relates the evolution of
the true signal to the noisy or incomplete measurements received over time. Essentially, Kalman
filtering provides a means to estimate unknown variables by processing noisy measurements over
successive time steps. The Kalman filtering algorithm depicted by Figure2.2] provides estimates of
unknown variables given the measurements observed over time.

e Case of continuous Linear Time varying (LTV) systems: For the LTV system of the form

{ & = Az + Bu+v(t), (2.26)

y = Czx+w(t),

where v(t) and w(t) are two Gaussian white noises of zero expectation, and non-correlated
covariances ) and R, respectively.

& = Ai 4 Bu+ PCTR Y (y — C1), (2.27)
E(ei(t)’) = E(e"(t)e(t))
=1
&= A(t)Z + B(t)u+ PCT(t)R™ (y — C(t)1), (2.28)

where P is a symmetric and definite positive solution of the following Riccati equation:

P=AP+PAT + Q- PCTR CP.
For the LTV system of the form

{ j;x-i-l = AtIt + Btut + Vt, (2 29)

yr = Crxy + wy,

where v and w are two Gaussian white noises of zero expectation, and non-correlated covari-
ances () and R, respectively. Consider the best possible predictor model and estimating that
the value that the noise will take at the following instant will be zero, the best prediction that
we can make is given by

Tyt = Ay + Buy.

As this prediction must be the same as:
Ty = AZypp + Bug + Ki(ye — CZypp—1)-

We conclude that
By = Byp1 + A Ky(yr — Cdiypp)

e Case of Discrete Linear Time varying (LTV) systems: For discrete-time LTV system of the
form :

{ Tp41 = Az + Brug + v, (2.30)

yr = Crri + wy,
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where z;, is the state vector at time step k, u; is the control input at time step k, y is
the measurement output at time step k, v represents the process noise, wy, represents the
measurement noise assumed to be zero-mean Gaussian with covariances Qy, Ry, respectively.

The prediction for the state and the error covariance is given by:

Tpq1/k = Axlr + Brug (2.31)

Pi1k = ArPLAL + Qe (2.32)

where 2., is the predicted state at time step k + 1, Py, 1y, is the predicted state covariance
at time step k + 1, Ay is the state transition matrix at time step k, By is the control input
matrix at time step k, and @)y, is the process noise covariance at time step k.

The state estimate is updated based on the measurement y; at time step k, and the Kalman
gain K, is computed as follows:

-1
Ky, = Piy1/kCr (CuPiy11Cr + Ri) (2.33)

such as the updated state estimate is:

Th1 = Bey1/k + Ke(yr — CoZriasn) (2.34)

and the updated error covariance is computed as:

-1
Peir = (Pl o+ CTRSCy) (2.35)

2.3.2.2.b Extended Kalman Filter (EKF)

The Extended Kalman Filter (EKF), one of the most interesting applied observers. It is an extension
of the standard Kalman filter designed to handle nonlinear systems. The algorithm depicted in
Figure[2.3] is based on the idea of replacing the state and output matrices A, C' of the linear system
or by the Jacobians of the system non-linearities in question.
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e Case of continuous Linear Time varying (LTV) systems:

Consider the following nonlinear system:
& = f(z,u) + (),
{ y b , (2.36)

The EKF is expressed as follows:
&= f(&,u) + PH(&,u)R™ (y — h(Z,u)) (2.37a)
P =F(i,u)P + PF(i,u)" +Q — PH(&,u) R"*H(&,u)P, (2.37b)

where 5
Fiu) = 9 (3u),

and
_of

(Z,u).
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Initialize initial covariance matrix P, : Py = ul,, > 0

Set correlation matrices Q;, R; : Q; = F [vtvtT l,Ris1=FE [wt+1w;:_1].

One-step prediction of the state vector: &, : &1/ = At®t + Bruy.

One-step prediction of covariance error P/t Py = A PAT + Q.

. 1
Compute Kalman gain K;: Kyy1 = Pyi1,Cly (Coo1Pry1iCliy + Reg1)

Update state estimate ¢ 1:%111 = 2,11/, + K115 641 = ye1 — Crp1 @

t+1/t

-1
Update covariance matrix P, 1:P;11 = (P_l + CtTHRt_ JrllC’tH) .

End

Figure 2.2 — Algorithm of the Standard Kalman Filter Algorithm

37



Chapter 2. An Overview on the Theoretical Methods and Tools

38

Initialize Py = ul, > 0

Compute matrices F; = F (&, u;) =

S
<

‘ @
>

(g, wg);  Hy = H(2g,up) = 57 (T4, ur)

Q)

Set correlation matrices: Q; = Elvv, T]; Riy1 = E(thw;l)

One-step prediction

Of: i‘t—‘rl/t = f(.’%t,’dt)

One-step prediction of covariance error P,/ = ;P T + Qy

Compute Kalman gain K1 = Py, H, | (Hip1 Py jeHeo1 + Res1)

1

Update state estimate 31,1 = 41/, +

Kii1eti1, 5 eer1 = Yer1 — h(Zpq1 /0, uti1)

Update covariance matrix Py = (I, — Kir1He1) Py

End

Figure 2.3 — Algorithm for the Extended Kalman Filter
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e Case of discrete Linear Time varying (LTV) systems:

Consider the following nonlinear system in discrete time:

Tpe1 = f(Tr, up) + vk,
2.38
{ Ye = h(xkauk) + wg, ( )

where v, and wy, represent the process and measurement noise, modeled as zero-mean Gaus-
sian white noise sequences with covariances Qi and Ry, respectively.

The EKF is implemented as follows:

o1 = f(@rs u) + Ki(ye — h(Zg, ug)), (2.39)

where %,/ is the predicted state at time step k + 1, and K}, is the Kalman gain. The
covariance of the estimation error evolves according to the Riccati equation:

Pyor1yk = F(&k, un) PoF (&5, ur)" + Qg (2.40)

where Py is the covariance matrix of the estimation error at time k, and F(Z,ux) =

%(i’k, ug) is the Jacobian matrix of the system dynamics with respect to the state.

2.3.2.3 State Observers

State observers are a specific type of state estimator designed to estimate the unmeasured internal
states of a system. In other words, state observer is a system that provides an estimate of the
internal state of a given real system, from measurements of the input and output of the real system.
It is typically computer-implemented. A state observer is a typically computer-implemented system
that estimates the internal state of a given real system, from measurements of the input and output
of the real system. Observers are needed since the full state can not be measured or is too expensive
to measure in many applications. In addition, some variables in many applications have to be
estimated and can not be measured due to the unavailability of sensors at any cost.

(SYS) { 2= 1y

Figure 2.4 — State observer principle

Definition 2.3.12 (State Observer [[108]], [[174]). Consider the following dynamical system:

. Z‘ = f(x,u),
(SYS) : { y = h(z.u) (2.41)
The dynamical system
[ A= 2w y),
(0BS) : { = Uz y) (2.42)

is said to be a local asymptotic observer for the system (2.41) if the following conditions hold:
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e If the initial states are equal, i.e., z(0) = &(0), then the observer perfectly reproduces the state
trajectory: xz(t) = Z(t) for all t > 0.

e There exists a subset 0 C R"™ such that for any initial estimation error z(0) — z(0) € €, the
estimation error asymptotically vanishes:
lim |jz(t) —z(t)|| = 0.

t——+oo
Some particular cases include:

e If the estimation error ||x(t) — &(t)|| converges to zero exponentially, the observer is said to be an
exponential observer.

e If the convergence property holds for all possible initial conditions, i.e., {2 = R", then the observer
is said to be a global observer.

2.3.2.3.a Luenberger Observer

The Luenberger observer is a classical and widely used technique for state estimation in linear
systems [101,/102,{117,/130]. It estimates the internal states of a system by combining a model
of the plant with a correction term based on output feedback. This correction is performed using
a feedback gain that adjusts the state estimates according to the difference between the actual
system output and the predicted output. While the Luenberger observer provides a simple and
effective framework for state estimation, it is not inherently optimal. However, under stochastic
assumptions 4Ai such as the presence of Gaussian white noise 4A1 and when the observer gain is
chosen to minimize the mean square estimation error, the Luenberger observer leads to the Kalman
filter, which is optimal in the least-squares sense. We consider the dynamic model of a linear system
defined as follows:

& = Ax(t) + Bu(t),

{ y = Cx(t),

where, at time ¢, x(¢) is the plant’s state; w(t) is its inputs; and y(t) is its outputs. Luenberger’s
theory of observation is essentially based on pole placement techniques. The Luenberger observer
for the system (2.43)):

(2.43)

& = Ai + Bu(t) + K (y(t) — Ci).
The dynamics of the estimation error e(t) = z(t) — & has the expression
é(t) = (A— KQ)e(t).

Using a pole placement technique, it suffices to choose the gain K of the observer so that the
eigenvalues of the matrix A — KC are in the left complex half-plane.

2.3.2.3.b Standard High-Gain Observer

The high-gain observer is based on the concept of applying a high gain to the error between the
observed output and the actual output. This approach forces the observer to converge quickly to
the true state values, even if the initial estimation error is large. We recall the basic high gain
observer as in [62]]. Consider the class of nonlinear systems described by the equations:

i1 w2 + fi(x1)
T2 x3 + fa(z1, z2)
T - : (2.44)
Tp—1 Ty + fnfl(l'la cee wrnfl)
[ Zn L fn(x) i
y=1x1
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where z(t) € R" is the system state and y(¢) € RP is the output measurement vector. For the sake
of brevity, we consider the system (2.44) without control input. We assume that the functions

fi: R — R,i=1,...,n are respectively -y, —Lipschitz with respect to their arguments, and the
Lipschitz constraint is assumed to be global. That is there exists v, > 0,7 = 1,...,n such that
i
fi(xl + Al, N i Az) — fi(xl, L ,1’,‘) < Y Z ‘A]‘ ,VAZ eR. (2.45)

Jj=1

If the Lipschitz assumption is not global and the system admits a positively invariant compact
set on which f is Lipschitz, then we can apply the Hilbert projection theorem [[123,/178] or the
Kirszbraun—Valentine extension theorem [|162,177] to extend f to a globally Lipschitz function.
The reader can also find details on this extension in [63]]. To simplify the developments, we write
system under the form:

&= Az + f(x)
{ e (2.46)
where
C=[1 0 ... 0, f@)=[fi(x1) ... fal@)]" (2.47)

and the state matrix A is defined by

1 if j=i41
(A)ig = { 0 if jAi+1" (2.48)
Let us introduce the following linear transformation
A . 1 1
¢ = Tz, where T, = diag <, e n) (2.49)
T T
which transforms (2.44)) into
¢ =1AC+ T f(T1() (2.50)

where the relation T-! = T} is used. Note that 7 > 1 is a tuning parameter that adjusts the observer

gain, and is typically chosen to be large in order to ensure fast convergence of the estimation error.
Now consider the following observer corresponding to (2.50):

~

{=rAL+ T f(T2) + L (y - CT.) (2.51)

where L, independent from 7, is the constant observer gain to be determined. Then the dynamics
of the estimation error e; = ¢ — ( is expressed as

éc=7(A=LC)ec + Af (2.52)
where )
AfAT, [f(?l‘%g) - f(T%C)} : (2.53)

From the Lipschitz condition (2.45)), the equivalence of norms in R"”, the structure of T, in (2.49),
and the fact that 7 > 1, we can show as in [18]] that there is a constant k¢ > 0, independent of 7,
such that

A< krllecll- (2.54)

Now, we can recall the following standard theorem from high-gain methodology.
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Theorem 2.3.13 ( [18]). Let P = P" > 0 and X be matrices of appropriate dimensions, and 7 > 0
is a scalar, such that the following conditions hold:

ATP+PA-CTx —xTC+ )L, <0, (2.55)
2k fAmax (P
T>>max(1,f)\()>. (2.56)

Then the observer (2.51) corresponding to , with L = P~1X'T, converges exponentially towards

gero. Moreover, the estimated state ©(t) = T1((t) exponentially converges to the state x(t) of the
original system (2.44).

The key advantage of the high-gain approach is that it guarantees the existence of an exponen-
tially convergent observer, achieved by adjusting a single parameter, which must be sufficiently
large [61,/64]. However, the necessity for a large gain poses a significant drawback. Specifically,
high-gain observers are highly sensitive to output measurement noise due to the large tuning pa-
rameter, which can become excessively high in systems with higher dimensions and nonlinearities
with large Lipschitz constants. To address this issue, numerous studies have proposed various
solutions : a time-varying high-gain observer can be designed where the gain starts high and grad-
ually decreases over time [|35]]; a high-gain observer with limited gain power [24]]; LPV/LMI-Based
High-Gain Observer [9]. In [9], a new class of observers called the HG/LMI observer, was intro-
duced by combining the standard high-gain methodology with the LPV/LMI technique [[176]]. This
new observer offers the benefit of reducing the tuning parameters compared to previous high-gain
observers, without resorting to saturation functions or filtering mechanisms.

2.3.2.3.c LMI-based Observers

LMI (Linear Matrix Inequality)-based observers are designed using optimization techniques, where
the observer gain is derived by solving a set of LMIs. These LMIs are typically derived from stability
and performance conditions (e.g., Lyapunov stability). The LMI approach uses convex optimization
to find observer gains that meet certain criteria. We consider a class of nonlinear systems without
a linear state part. Indeed, we will see later that the linear part is not necessary for the design
methods we develop. For simplicity of presentation, we consider, without loss of generality, that
the nonlinear function depends only on the system state, and the output is linear. The extension
to nonlinear output is straightforward. The class of systems we treat in this section is described by

the following equations:
{i:@@) 2.57)

y=Cx

where the nonlinear function ¥ : R"™ — R" is assumed to be ~y-Lipschitz, i.e.:

H\I!(x)—\ll(y)H SWJHx—yH, Va,yeR” (2.58)
This part is devoted to the reformulated Lipschitz property from [176]. This reformulation is
necessary for our developed LPV approach. A useful definition and two lemmas are presented.
Definition 2.3.14. Consider two vectors

X=|:|eR"and Y =] : | €eR".
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Forall i =0, ...,n, we define an auxiliary vector X¥i € R" corresponding to X and Y as follows:

(a1

xYi=| Y fori=1,...,n
Li+1
Tn

XY =X

Lemma 2.3.15 ( [|176]). Consider a function ¥ : R™ — . Then, for all

1 Y1
X=|:|eR"and Y=]|: | eR"”

Tn Yn

there exist functions ¢; : R" xR" — R, j =1,...,n so that
j=n
U(X) = W(Y) = 30wy (X X ) el () (X - Y)
j=1

Proof. The proof consists of rewriting ¥(X) — ¥(Y) as

J=n

m@xy—maqzzgg[m(xﬂ'ﬁ-—@(xﬁ)]
Now, defining the functions 1; by
§ 0 if oz =y,
Bl - W(XYJ;)_; ) if @ #y;
we can write
U(X) —W(Y) = : [0 (X4 X)) (25 — )
p=
j=n

a

(2.59)

(2.60)

(2.61)

(2.62)

Lemma 2.3.16 ( [[176]). Considering the function ¥ : R"™ — R", the two following items are

equivalent:

e Lipschitz property : U is ~g-Lipschitz with respect to its argument, i.e.:

froxy s <

), VX,Y €R"

(2.63)
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e Reformulated Lipschitz property : for all i,j = 1, ..., n, there exist functions
wij : R" xR — R

and constants vy o and 7y,;, so that V X, Y € R",
Dapi;

i=n j=n
U(X)—U(Y) =D > iHj (X - Y) (2.64)
i=1 j=1
and
Vs < Yij < Yy (2.65)
where

T/Jij A wij (XYJ'—l’XYJ) and Hij = en(l)eg(J)

In fact, Lemma provides a best less conservative Lipschitz condition. Indeed, the reformu-
lation (2.64)-(2.65) allows treatment of the nonlinearity with the best precision and exploits all the
interesting properties of the nonlinearity of the investigated system. For instance, the Lipschitz con-
dition does not distinguish between the nonlinearities ¥ (z) = sin(z2) and ¥(z) = tanh(zs).
However, with the reformulation (2.65)), we can see the difference. Indeed, for ¥(z) = sin(z) we
have ~ o = —1 and for ¥(z) = tanh(zz), we have vy o = 0. Consider the following Luenberger

observer: ‘
b =w(2)+ L(y - C:e) (2.66)

The dynamic of the estimation error ¢ = x — & is then given by:
¢ = [xp(x) - xp(i«)} ~ LCe (2.67)
Since VU(.) is vy-Lipschitz, then following Lemma there are functions
bij : R xR" — R
and constants vy i and 7y, ,, so that

\I/(x) — \Il(i') = [Z Z @Dinij] (& (268)
i=1 j=1
and
Vs < Vid < Vo (2.69)
where

A Ti_ .
Yij = Pij (xf] 1,:&])

is defined as in (2.61). By replacing ¥ by ¥; (the i component of ¥). In the sequel, for simplicity
of presentation, we use only v;; instead of 1), (m@j -1, x%)
Now, define the matrices

0= (%)M (2.70)

and i
A(@) =35 wyHy, 2.71)

i=1 j=1
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Consequently, the dynamics can be rewritten as
¢=|A(e) - LCle (2.72)

According to (2.69), the matrix parameter © belongs to a bounded convex set #,, for which the set
of vertices is defined by:

V’Hn = {(I) e R™*" . CI)ij S {71/1"7:}/1’0”}} . (2.73)
aps
The following theorem, which provides LMI conditions for observer design of Lipschitz systems.

Theorem 2.3.17 ( [176]]). The observer is asymptotically convergent if there exist a positive
definite matrix P, a matrix R of appropriate dimension so that the following LMI conditions hold:

A<<I>>T7? + PA(Q)) TR -RTC <0,V ® e Vy, (2.74)
Hence, the observer gain is given by
L=P'R".
Proof. Consider the standard Lyapunov function
V(e) = elPe.
Calculating the derivative of the Lyapunov function along the trajectories of (2.72)), we obtain
Q(e)

V= ([,4(@) - LC}TP +PlA(0) - LCD e
Consequently, V < 0 for all e # 0 if

QO) <0, VO e H, (2.75)

Therefore, from the convexity principle [40] and the notation R = LTP we deduce that inequal-
ity (2.75)) holds if LMI (2.74) is verified for all & € V3, . This means that V' < 0, Ve # 0, which
ends the proof.

a

It is clear that from the computational complexity point of view, the LPV method is less interesting,
viewing the cost of more demanding LMIs to be solved. In fact, in the LPV method, we have to
solve 27" LMIs for n-dimensional nonlinear vectors. But, despite that, the LPV method provides
less restrictive LMI synthesis conditions. On the other hand, despite the cost of more demanding
LMIs, this does not play an important role in the feasibility of the proposed LMIs. In general,
computational complexity plays a role in online methods for real-time applications.

In the scope of this thesis, LMI-based observers are further investigated, mainly in Chapter [} to
provide accurate state for the UAV operating in the AVF. More general and less conservative LMI
conditions presented in [7]] are recalled in order to, first design a robust observer-based H., via
LMIs, along with a second LMI-based observer design ensuring the Input-to-State Stability (ISS)
property of the estimation error.

2.4 Conclusion

In conclusion, this chapter has provided the necessary theoretical foundation for understanding
the key concepts and methodologies that support the work presented in the subsequent chapters.
and sets the stage for the practical application of these methodologies in the crop growth modeling
and the design and implementation of robust observer systems for the UAV in a Vertical Farming
environment, which will be explored in the following chapters.
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Chapter 3. Data-Driven Black-Box Dynamic Models for Crop Growth

3.1 Introduction

Given that the cultivation shelves move vertically according to the growth of crops (see Figure[3.1)),
having at disposal an accurate growth model of crops, able to provide the actual height of plants at
each time instant of the growth cycle, is fundamental to ensure the dynamic architecture of the AVF
as motivated in Furthermore, in order to achieve the best performance for the AVF in terms
of resources management and production yield, an optimal schedule of seedings is fundamental.
In [27,/30,{132,/133]], a scheduling approach of seedings based on mixed-integer linear program-
ming is proposed to maximize the number of sowings, and consequently, the number of harvests,
in a given timeframe (i.e. the production cycle). An optimal seeding schedule enables the imple-
mentation of control schemes allowing the adjustment of between-shelf height according to crop
growth. Hence, the accuracy of the crop growth model, informing about the plant height at each
time step is a key factor for effective scheduling. Accurate crop models allow also the optimiza-
tion of greenhouse indoor climate for an efficient resource management including leaf area, light
intensity, CO, concentration, and other key agronomic factors, thus, they are worth investigating
in order to assess the overall AVF performance. In this research work, without loss of generality,
we focus on the case of lettuce, which is one of the most considered crops in indoor cultivation due
to its short growth cycle (usually between 30 and 60 days depending on the variety), high mar-
ket demand, ease of cultivation, space efficiency given its compact form, low light requirements,
and sensitivity to environmental factors such as temperature, humidity, and nutrient levels, which
can be accurately controlled in indoor farming systems allowing for multiple harvests per year and
consistent production. As a commonly grown crop in vertical farming systems, lettuce mirrors the
growth dynamics of leafy greens, herbs, and microgreens, which allows the model to generalize
across a range of similar crops. Crop production in VFs differs from the standard horizontal green-
houses, giving the different indoor climate conditions. This leads to several studies on the lettuce
production within VFs such as plant factories (readers can refer to [[110] and [118]). In the litera-
ture, most studies on the lettuce production in vertical farms are based on the growth models that
consider the dry mass (also denoted by dry weight), i.e., the weight of the dried shoot, as the key
crop growth indicator being a more reliable indicator compared to fresh weight, i.e. the weight of
a plant immediately after it is harvested, without any dehydration. In fact, dry mass provides per-
spectives on crop height during the growth cycle considering the accumulation of dry mass which
affects structural components like stems, leaves, and roots, thus enabling to estimate the height of
the crop at different time instants during the production cycle, and therefore it enables the correct
scheduling of seedings, and control strategies for the vertical movement of shelves, as discussed
previously. According to [[110], different dry mass-based crop models are available such as the
3-dimensional crop models involving leaf angles and light spectrum tracing as models based on the
representation of the CO, [65,/140]. However, the most considered crop growth model in VFs is
the one developed by Van Henten [|82], which is a two-state dynamic model depending on a pair
of ordinary differential equations (ODEs). Nevertheless, the crop growth model considered in [82]
has several limitations, as highlighted below:

e It is specifically designed for lettuce cultivation, making it unsuitable for other crops.
e The model relies on several parameters, which may affect its prediction capabilities [83}/158]]

e The model requires solving a pair of ordinary differential equations (ODEs), which can be
computationally intensive, especially when integrated into optimization procedures. This
is particularly challenging when coupling the model with an optimal seeding schedule to
maximize production within the constraints of available vertical space [?,28},29}31].

e Originally developed for traditional horizontal greenhouses, the model’s application to ver-
tical farming systems may not be entirely accurate. While some studies address this issue
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Figure 3.1 — Example of cultivation shelf composition for the growth of lettuce in an AVF at two
different time steps t; and ¢s.

in the context of vertical farms [[110,{111}/118]], the model’s adaptation to AVFs, with its
dynamic-shelve system, remains not investigated.

In the Chapter [3} and in order to address the aforementioned shortcomings, we propose, firstly, a
parameter tuning through an identification procedure in order to enhance the crop height predic-
tion. Secondly, we investigate the development of a model of crop growth based on data that can
be collected on field, deploying the black-box paradigm as motivated in[1.2.2.3]

The Chapter [3]is organised as follow, Section [3.2)is dedicated to the lettuce growth dynamic model
proposed by [[82]. Section reports the proposed parameter estimation strategy published in
[[45]]. The proposed data-driven, black-box model is described in Sectionwhereas the simulation
results are presented in[3.5

3.2 Dynamic Model for Lettuce Growth

In this section, we briefly report the crop growth model proposed in [|82] for lettuce. The key
variable defining the growth is the dry weight, which indirectly influences the plant height. As
pointed out also in [[158,|161]], at any time ¢, the dry weight is made up of two components: the
structural dry weight, referred to in the following as x1(¢) (measured in g-m~2), which encompasses
cell walls and cytoplasm, and the non-structural dry weight, denoted by x5(¢) (measured in g-m~2),
which includes glucose, sucrose, and starch.

The dynamic evolution of the plant growth for ¢ € [0, 7], where 7' > 0 is a given horizon length,
can be captured by the following continuous-time dynamic model characterized by a state variable:

X(t) = [m(t) l’z(t)]T € R?, 3.1)
such as:
dx(;t(t) = rgr(t) 21 (1), (3.2)
dx(if(t) = Cch2o ¢Phot(t) - Tgr(t) z1(t) — ¢resp(t)
1l rar(t) 21 (t), (3.3)
Cy

Equations (3.2)—(3.3) are ODEs involving several functions of time and constant parameters. In
more detail, rg(t) is the specific growth rate, ¢pn(t) is the gross canopy photosynthesis, and
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¢resp(t) is the maintenance respiration. The constant parameters cqz, and c, express the conversion
rate of CO, into CH>0 and the yield factor measuring the non-structural dry mass wastes due to
respiration and photosynthetic activities, respectively.

In more detail, the specific growth rate 74 () at time ¢ is given by:

x2(t) 0 _o

v (f) + 2a(E) s G4

rgr(t) = Cgrmax

where c, is the growth rate coefficient and cq10,gr is the measure of growth rate sensitivity to canopy
temperature. The quantity u(t) represents the temperature, serving as a system input.
The gross canopy photosynthesis rate ¢pnoc(t) is described by the following relationship:

prhot(t) = (1 - e_ckclar(l_CT)zl(t)> ¢phot,max(t)v (3-5)

where cy, clar, and @phormax(t) €xpress the light extinction coefficient, the structural leaf area ratio,
and the gross CO, assimilation rate, respectively. The parameter ¢, is the root dry mass ratio to
the overall dry mass of the crop, dependent on the crop type. Equation (3.5) includes the quantity
®phot,max(t), which describes the response of canopy photosynthesis to photosynthetically active
radiation, carbon dioxide concentration in the greenhouse air, and temperature, i.e.:

e(t)upar(1)o (1) (ucon (t) — T(1))
e(t)upar(t) + o (t) (ucoz(t) — T'(t))’ (3.6)

¢phot,max (t) =

where upar(t) and uco2(t) are inputs denoting the incident photosynthetically active radiation and
the CO, concentration, respectively, while () is the light use efficiency, which is given by

Ueo2(t) — T'(¢)

* eall) 7200 o7

e(t) =
where c. is the light use efficiency at very high COs concentrations. The quantity I'(¢) in (3.6]) and
(3.7) depends on the temperature, as follows:

T(t) = ep cyor -0, (3.8)

where ¢ is the CO2 compensation point at 20°C. The quantity o(¢) in (3.6) is the leaf conductance,
which is described by the expression
1 1 1 1

= + + , (3.9)
U(t) Cbnd Cstm Ccar (t)

where cpnd, Cstm, and cear(t) are the boundary layer, the stomatal, and the carboxylation conduc-
tances, respectively. The latter depends on temperature variation within a range between 5°C and
40°C, as described by the following polynomial:

Ccar(t) = Ccar,lu(t)2 + Ccar,QU(t) + Ccar,3, (3-10)

where cear 1, Cear,2, and cear,3 are proper constants.
Lastly, the maintenance respiration ¢resp(t) is given by:

u(t) 5

¢resp(t) = (Cresp,sht (1 - CT) + Cresp,rt CT) .1’1(t)cq11%’res2p s (3.11)

where crespshe and cresp,rt are shoot and root maintenance respiration coefficients at 25°C, respec-
tively.
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Table 3.1 — Parameters and simulation values of the considered lettuce growth model (3.12) ac-

cording to [83].

H Parameter Value Unit of measurement H
Cch20 068 -

Cy 0.8 -

Cy 1 -

Ce 17-1076 g-J !

cr 7.32-1073 g-m™3

Ck 0.9 -

Cr 0.07 -

Clar 75-1073 m? . g1
Carmax 5-1076 s~1
Cq10,0 2 -
quO,gr 1.6 -

Cq10,resp 2 -
Cresp sht 3.47-1077 s
Cresp,rt 1.16- 1077 s

Cbnd 0.004 m-s !

Cstm 0.02 m-s 1
Cear, 1 -1.32-107° m-st.eC2
Cear, 2 5.94-1074 m-s~t.eC™t
Cear, 3 —2.64-1073 m-s”
Q02,1 1.464 g-m™3
0lco2,2 1.281 g m~3

o1 18.75 °C

Q2 11.25 °C
Qpar1 125 W-m™?
Opar2 125 W-m™2

The overall dynamic model ([3.2)—(3.11)) can be compactly expressed as:

(3.12)

where U(t) := col[u(t), uco2(t), upar(t)] € R3 collects all the system inputs u(t), ucoz(t), and upar(t)
at time ¢, P € R includes all the parameters in (3.2)-(3.11), and f : R? x R? x [0,T] x R!Y — R?
is a vector field capturing the nonlinear relationship among X (¢), U(t), t, and P.

Table summarizes all the parameters included in the vector P, along with their numerical
values, as reported in [83]]. We observe that the dynamic model (3.2)-(3.11) depends on numerous
parameters. Each value may influence the temporal behavior of the state variables x;(¢) and z2(t).
We refer the reader to the sensitivity analysis [83]] to fully understand the parameters’ influence on
the crop growth. Hence, in order to have an accurate model that is able to effectively predict the
crop growth, it is crucial to properly estimate such parameters based on the available data.
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Chapter 3. Data-Driven Black-Box Dynamic Models for Crop Growth

3.3 Parameter Estimation of the Dynamic Growth Model for Lettuce
in the AVF

In this section, we perform parameter estimation in order to effectively predict the dry mass produc-
tion and thus the crop growth whithin the AVF. As mentionned previously, the idea behind carrying
out a precise parameter tuning is that the existant estimates of the multiple parameters are out-
dated [72,/83,(158,/161]]. To our knowledge, few are the works that have investigated parameter
calibration for indoor lettuce production, mainly [87]].

According to the sensitivity analysis performed in [83]], studying the impact of parameter changes
on growth dynamics, some parameters have more significant effect on the dry mass production
than others. Mainly, the yield factor c¢,, the light extinction coefficient ¢, the structural leaf area
ratio ciy, the light use efficiency c., and the maximum growth rate ¢, max. For convenience, it is
assumed that ¢y max and c. are known as mentioned in [[82]]. As a result, we investigate estimating
the following subset of parameters of P, gathered in the vector p:

Pi=lc, cr ca €R. (3.13)
It is worth to note that a broader set of parameters might be considered without conceptual issues.
Let X™¢35(¢) represent the dry mass measured at time ¢, and for simplicity, let X (¢,P) denote the dry
mass predicted by the dynamic model in equation (3.12), based on a specific value of the parameter
vector p. The parameter estimation approach is based on solving an optimization problem designed
to minimize the discrepancy between the measured output and the estimated output over time. This
difference is averaged over a specified number L of realizations of the measured variables X™¢(¢).
The choice of L different realizations is made to obtain parameters that are able to reproduce a
variety of dynamic behaviors rather than only a specific one. In more detail, let x™()(¢) and
XW(t,p) be the measured output and estimated one for the I-th realization, [ = 1,...,L. We
perform a parameter identification in the sense of obtaining the best estimation p of P resulting
from the minimization of a least squares cost that fits the available data of the dry mass at different
time instants.

The selection of L different realizations is intended to ensure that the estimated parameters can
capture a wide range of dynamic behaviors, rather than focusing solely on a single specific be-
havior. Specifically, let x™e2()(¢t) and X (¢,p) represent the measured and estimated outputs,
respectively, for the [-th realization, where [ = 1, ..., L. The parameter identification process aims
to find the optimal estimation p of p, which is obtained by minimizing a least squares cost function.
This cost function fits the available data of the dry mass at different time points. Thus, optimization
problem to be solved is the following:

p:=arg min J(P), (3.14)
B BE [Emin 7Bmax]
where p_. € R3and p_. € R? are proper lower and upper bounds for p, respectively, and the cost

function J(p) is defined as follows:

2

L , (3.15)

L
J(p) := 7 |;_| Z Z H&meas,(l) (t) — X(l) (t}g)‘

=1 teT

where 7T is a set including time instants in the interval [0, 7] for which measurements of the dry
weight are available. In this context, we can assume, for instance a uniform discretization of the
interval [0, 7], with sampling time At, with |7 is the number of elements in 7. The minimization

in (3.14) is performed subject to equations (3.2)-(3.10) reported in Section[3.2foralll = 1,..., L.
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Even though the calibration can be performed efficiently through the identification process, prede-
termining the model structure might restrict its predictive capabilities, potentially making it inca-
pable of capturing some complex crop behaviors. Therefore, the investigation of a black-box model
in Section mimicking the crop dynamics is a fundamental step to represent a large variety of
dynamic behaviors for different crop types and varieties and reduce computational burden owing
to the flexibility and approximation capabilities of these structures as mentioned in Section [2.2]

3.4 Black-Box Model for Lettuce Growth

The building block of the data-driven crop growth model consists of feedforward neural networks,
sometimes referred to as multilayer perceptrons. These networks constitutes a fundamental and
extensively-used type of artificial neural networks, which are the basis of numerous machine learn-
ing applications across different fields. They are characterized by interconnected layers of artificial
neurons, also called nodes or computational units, arranged sequentially. The information flows
unidirectionally from the input to the output layer through one or more hidden layers, giving rise
to the term “feedforward”. In the hidden layer of such networks, examples of computational units
include radial basis functions, kernel units, and sigmoidal functions. Among the various possibili-
ties, we focus on one-hidden-layer networks, a specific type characterized by a single input layer,
one output layer, and one hidden layer.

Theoretical results abound for one-hidden-layer feedforward neural networks, with a crucial aspect
being the universal approximation property [34]]. This property refers to the capability of such
networks to approximate any well-behaved, unknown function that generates a set of data with
arbitrary accuracy, provided an appropriate number of computational units in the hidden layer is
selected. Additionally, under suitable regularity assumptions on the unknown mapping generating
the data, these networks ensure uniform approximations characterized by upper bounds with a
number of parameters growing at most polynomially with the dimension of the input of the function
to be approximated [34,/98,/146].

We use neural networks to approximate the unknown mapping that, given as input the structural
and non-structural dry weights, the system inputs given by the temperature, the incident phosyn-
thetically active radiation, and the CO5 concentration at a given time instant, generates as output
the state vector at the next step. The aforementioned procedure implies a discretization procedure.
In more detail, we assume that the interval of interest [0, 7 is sampled in N + 1 discrete time in-
stants 0, At, 2At, ..., NAt, where At is the distance between two consecutive points. With a little
abuse of notation, in the following we will refer to such discrete time instantsas n = 0,1,2,..., N,
by dropping At. Toward this end, let X = X(nAt) € R? be the state of the system, i.e., the
structural and non-structural dry weights at the time step n, and let I, = U(nAt) € R? be the
system inputs, i.e., the temperature, the incident phosynthetically active radiation, and the CO,
concentration at the same time step. The goal is to approximate the mapping

(gn,gn,n)HgnH, n=0,1,...,N —1.
The black-box version of the dynamic model (3.12) is therefore given by
X, =17X,,, U, W), n=01,...,N—1, (3.16)

where ~ is a one-hidden-layer feeforward neural network and | € RP? is the vector of its parameters
(sometimes called weights in the neural network palance). The parametrized function ~ is given
by
v 6 _
’7(Xnagnan7W) = Z§z¢ Zginn,j +b7, +207 (317)
i=1 j=1
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where X = col(X,,U,.,n) € RS, X, is its j-th component, j = 1,...,6, v is the number of
computational units in the hidden layer (usually referred to as neurons), ¢ is the activation or basis
function, and ¢;, ¢, b;, and a;; are the neural weights included in the vector 1. Without loss of
generality, in this work we will focus on sigmoidal activation functions ¢, as this is quite a common
choice in one-hidden-layer networks.

We observe that the application of the black-box model allows to avoid the integration of
the ODE (3.12), as the former is constructed to provide as output directly the state at the next
time step. As pointed out in the introduction, this represents an important advantage in terms
of computational requirements, especially in the case the model is used within an optimization
algorithm, which requires several, repeated solutions with different state and input vectors at the
various iterations. This is the case of the AVF, where an optimal scheduling of seedings is required
to improve the overall efficiency. The model provides forecasts of the height of the plants (throught
the information on the dry weight), which is essential to avoid exceeding the total height of the
greenhouse.

Clearly, the model requires a proper training procedure for the parameter vector J¥/. In more
detail, the following procedure can be used to construct the model starting from data collected on
the field:

(i) acquire data on the structural and non-structural dry weights as well as on the system inputs
at different discrete time instants n and the corresponding values of the state at the next time

step n + 1. Let Xff) = col(x,yW,n) € RO be the I-th measure of the input data for

and let X fj’H € R? be the corresponding output, for [ = 1,..., L, where L is the number of

collected samples;
(ii) apply a training method to approximate the collected pairs (Xq(f) y X g)+1> ,l=1,... L.

Roughly speaking, the training procedure consists of searching for the optimal values of the param-
eter vector ¥/ that minimize the quadratic difference between the measures and the output of the
function ~, i.e.,
L 2
W* = arg min ; (KSL _ 7@9@9,”(1),@) . (3.18)
Several efficient algorithms and software packages exist to solve the optimization problem (3.18).
Examples are given by the Levenberg-Marquardt method or the backpropagation one [79]]. As it is
well-known, the training procedure may be computationally intensive, but it is made offline, i.e.,
before operating the greenhouse. After the training, the application of the black-box model reduces
to the computation of the algebraic relationship (3.16), which enables large savings as compared
to the numerical solution of the ODE (3.12).

3.5 Simulation Results

In this section, we investigate the numerical results of the proposed approaches in Section [3.3]and
Section We first assess the identifiability of the parameters included in the vector p within
the dynamic model starting from measurements of the dry weight. And then, we test the
effectiveness of the proposed data-driven, black-box modeling approach to forecast the crop growth
in two case studies.

3.5.1 Parameter Estimation

To showcase the effectiveness of the parameter identification process, numerical results are based
on results relying on both synthetic and real-world data measurements. Since a prototype of the
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AVF is newly constructed with no cultivation experiment conducted within yet, no data is directly
collected on the field, the test is, first, based on simulated data to acquire a wide variability of
available measurements. Then, we perform parameter identification to predict crop growth using
field-collected data originated from the measurements performed during the third International Au-
tonomous Greenhouse Challenge performed in 2022 at Wageningen University & Research (WUR),
in Bleiswijk, The Netherlands. All tests were carried out on a computer equipped with Apple M1
CPU, 16 GB of RAM, and a Matlab R2022b version. The measurements are collected in a publicly-
available dataset [4]. The two rounds of simulations and corresponding results are reported in

Subsections[3.5.1.1]and [3.5.1.2] respectively:

3.5.1.1 Results with a Synthetic Dataset

A set of synthetic data is generated for both the structural and non-structural dry weight repre-
senting the common crop growth behaviors. For this purpose, we first notice that the dry mass
production defined by (3.2)-(3.10) is dependent on the system inputs {/(t), i.e., temperature, car-
bon dioxide concentration, and photo-synthetically active radiation. Therefore, a set of significant
values of the state X (¢) to be used for parameter estimation can be generated by properly varying
U(t). In this work, we adopted the approach detailed in [83]], which consists in first generating an
uncorrelated zero mean white noise w(t) € [—1, 1] and then transforming it into time sequences to
cover a wide range of input amplitudes and frequencies, as follows:

u(t) = a1 + arpw(t), (3.19)
Uco2(t) = Qeo2,1 + Qeoz 2w (1), (3.20)
U’par(t> = Qpar,1 + apar,Qw(t)a (3.21)

for ¢t € [0, T], where oy 1, aco2,1, and apar,1 are the average values of the input signals w(t), uco2 (%),
and upa, (t), respectively, while oy 2, aco2,2, and oy, 2 are the amplitude of the variations around the
aforementioned input values. The numerical values of such parameters are reported in Table
Let p* := [0.8 0.9 0.075]T € R3 be the vector of “true” parameters (such values are those re-
ported in Table [3.1)), used to simulate the behavior of the state variables starting from L = 100
initial conditions randomly extracted according to uniform distributions in the ranges [0.25, 25] and
[0.1,10] for x;(0) and x2(0), respectively. The trajectory corresponding to the I-th initial condition
was denoted by X()(t) for t € [0,T] and | = 1,..., L, with U(t) defined as in (3.22)-(3.24) for
each time ¢ € [0, 7). Since the dynamics of the dry mass production are slow, the simulations were
performed over T = 5 - 10° s, i.e., about 50 days. The set T of time instants where we supposed to
have measures of the dry weight was obtained by uniformly sampling the interval [0, 7] with 100
points.

It is worth noting that, while the synthetic data generation approach can replicate expected crop
growth behavior, it may not fully capture every possible real-world scenario. For example, real-
world conditions may introduce additional complexities like sudden environmental changes, or
non-ideal growing conditions, which are not accounted for in the model. Additionally, while the
noise-driven variation covers a wide range of scenarios, it may still fail to replicate the full diversity
of possible real-world inputs. This may introduce a potential bias in the data. To avoid overfitting,
we ensure that the data covers a wide range of possible input variations. However, further valida-
tion against real-world data would be necessary to fully assess the model’s robustness and ability
to adapt to unpredictable real-world conditions.

The obtained growth curves were saved and used as measurements X™(\(¢), [ = 1,...,L, to
implement the parameter estimation procedure described in Section [3.3] In this regard, the lower

and upper bounds for the parameters were fixed to p ;. = [0 0 O]T and ., = [1 1 1]T,
respectively, whereas the initial values of the parameters within the optimization procedure were

taken equal to p, = [0.2 0.5 0.5]T.
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Figure 3.2 — Trends of the cost function J and of the estimated parameters in P at the various
iterations of the optimization procedure based on synthetic data.
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Figure 3.3 — Example of behavior of the structural dry weight, non-structural dry weight, and
total dry weight compared to a reference trajectory obtained with the “true” parameters p* for a
randomly-selected initial condition among the considered 100 synthetic ones, and boxplot of the
optimal costs computed over the various trajectories.

Figure depicts the behavior of the cost J(P) and of the identified parameter vector P at the
various iterations of the optimization process. After an oscillating behavior, the cost and the pa-
rameters converged to stationary values, which were taken equal to the optimal estimates .J(p) and
p, respectively. In more detail, the optimal parameters obtained by the optimization algorithm were

p:=[08 021 032]"

The accuracy of the obtained optimal parameters p was evaluated by simulating the crop growth by
starting again from 100 initial conditions, but different from the ones used for parameter estimation
in (3.14). In more detail, we randomly generated M = 100 initial conditions by considering again
random extractions from uniform distributions in the ranges [0.25,25] and [0.1, 10] for z;(0) and
2(0), respectively. Figure[3.3|reports a randomly-extracted trajectory of the state variables together
with the trajectory obtained with the “true” parameters p*, used as a reference. We observe a
satisfactory overlap of the two trajectories, thus proving the accuracy of the estimation, also for
initial conditions different than the ones used during the optimization process. The effectiveness
of the estimation is confirmed also by the boxplot of the optimal cost function over the considered
different M = 100 random initial condition used for assessing performances (see the last plot in
Figure . The median of the cost (the red, horizontal line of the boxplot), i.e., the difference
between the trajectories obtained with the optimal parameters p and the “true” ones, is equal
to 31.8, which is quite a satisfactory result. In other words, the parameters resulting from the
optimization have a good capability of approximating various behaviors of the system.

, while the optimal cost J(p) was equal to 61.3.

If we compare the optimal estimates p and the “true" parameters p*, we note that they are quite
different, except for the value of ¢, which is perfectly estimated. This reveals that some parameters
of the dynamic model may be not correctly estimated starting from available measurements
on the dry weight. However, the optimal cost is reduced, and the approximation of the trajectories
is satisfactory. This means that there exist different values of the parameters that provide similar
results in terms of trajectories.
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3.5.1.2 Results with a Dataset of Real-World Measurements

As said, we considered the dataset [4] containing measurements of crop growth and greenhouse
conditions collected during the third International Autonomous Greenhouse Challenge (See Figure
[3.4). Such data were collected on a horizontal greenhouse rather than an AVF, but they can be
considered representative of the growth of lettuce in an indoor, fully controlled environment. In
fact, the AVF is at present just a concept, and prototypes are currently under construction. Thus, it
is not possible to actually measure the growth of the plants and use them as reference to guide the
estimation procedure. For this reason, we adopted the dataset [4] as a benchmark.

Figure 3.4 — Real images of lettuce growth taken from the dataset [EI] From top to bottom, we have
pictures of the crop on the day of transplanting, during the cultivation cycle, and on the harvest
day for the team “CVA’.

The dataset was generated during a lettuce growing experiment conducted in six different compart-
ments of the greenhouse. Each compartment had a total area of 96 m?, and a growing area of 16 m?.
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During the experiment, two cultivation cycles of lettuce (variety “Lugano”) were conducted by five
different participating teams (named “CVA’, “DigitalCucumbers”, “Koala”, “MondayLettuce”, and
“VeggieMight”). Each team had at disposal a different compartment, with distinct controlled cli-
mates, which can be set independently by the various teams. The sixth compartment was cultivated
by a group of WUR researchers (we considered it as a sixth team participating in the challenge).
The dataset contains time-series data on controlled indoor climate for each compartment, along
with crop images and measurements on the total dry weight, height, and diameter of plants. In
more detail, the indoor temperature u(¢), the photosynthetically active radiation wup.,(t), and the
indoor CO4 concentration u.2(t) introduced in Section [3.1) were collected via standard sensors in
5-minute intervals, as discussed in [5]. To mimic the commercial approach in which cultivators
solely monitor and assess crop production visually, daily images were taken in 15-minute inter-
vals. In particular, the dataset includes the collected RGB and depth data, with a resolution of
1080 x 1920 pixel for both types of images. Measurements of total dry weight, height, and diameter
were obtained for six weeks with a 7-day interval using a destructive measurement method on six
individual lettuce plants sampled from each compartment.

For the aim of parameter estimation considered in this work, we performed a data pre-processing
using Matlab, with the goal of expressing numerical values in the same units of measurements
used by the dynamic model (3.2)-(3.10), ensuring a complete dataset without missing data, and
reducing measurement noise. Since the initial dataset of the total dry weight measurements was
obtained for 6 weeks with a sampling time of 7 days, a linear interpolation technique was applied
to set a uniform sampling time of 5 minutes, from the first day after transplanting to the harvest
day. In this way, we aligned data of the plants dry weight with the available information on the
control inputs u(t), upar(t), and uco2(t). On the overall, we had 10081 data points for each variable
for each team participating in the challenge. In other words, using the terminology introduced in
Section we had L = 6 different realizations X™¢*()(¢) forl = 1,...,6 and t = 0, 1,...,10080.
Furthermore, to address missing values in the indoor greenhouse climate and total dry weight or
diameter measurements, a linear interpolation was used as imputation technique to estimate miss-
ing values through neighboring data points. Lastly, noise reduction was performed by smoothing
data through an average over a 100-element sliding window over all the available time series.

The optimization (3.14) was performed by choosing again p, = [0.2 0.5 0.5]T as initial guess
of the parameters, and bounds P, = [0 0 O]T andp,,, = [1 1 1]T. Figuredepicts the

min Zmax
behavior of the cost J(P) and of the identified parameter vector P at the various iterations of the
optimization process. Likewise for the case of synthetic data described in Section [3.5.1.1] after an
oscillating behavior, the cost and the parameters converged to stationary values, which were con-

sidered as the optimal estimates J(p) and p, respectively. In more detail, the optimal parameters
]T

obtained by the optimization algorithm were p := [0.15 0.07 0.36] , while the optimal cost .J(p)
was equal to 239.1. Figure [3.6] reports an example of trajectory for the total dry weight (dashed,
red line) and the corresponding estimate provided by the model with the identified parameter
vector p (blue line). Likewise in the case of the use of synthetic data, we observe a satisfactory
overlap of the two trajectories, thus proving the accuracy of the estimation. The effectiveness of
the estimation is confirmed also by the boxplot of the optimal cost function over the available test
trajectories (see the last plot in Figure [3.6). The median of the cost is equal to 509.6. As expected,
the value of the optimal costs when using real data are higher than the one obtained with synthetic
data. The overlap between the dashed, red curves and the blue ones in Figures and un-
derscores some limits of the identified model to approximate the variations present in real-world
growth dynamics. This discrepancy is not surprising, as dealing with real, field-collected data with
their intrinsic higher variability nature is much more difficult compared to the controlled nature
of synthetic data. Consequently, for practical applications, it will be crucial to investigate in detail
the theoretical properties of the crop growth model, for instance the robustness to account for the
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Figure 3.5 — Trends of the cost function J and of the estimated parameters in P at the various
iterations of the optimization procedure based on real data.

inherent variability and uncertainties of real-world growth processes. In other words, we expect
that a better field-data-based parameter estimation is possible.

Total dry weight Optimal costs

250 1200
200! .-/ 1000}
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Figure 3.6 — Example of behavior of the total dry weight compared to a reference trajectory taken
from the dataset [4] and boxplot of the optimal costs computed over the various trajectories.

3.5.2 Black-Box Model

This section assesses the data-driven crop growth modeling approach. After validating the capa-
bility of the black-box model to approximate crop growth dynamics using synthetic data, we
used again the dataset [4] of real measurements of the dry weight for a complete and comprehen-
sive assessment of performances. All tests were carried out on a computer equipped with Apple M1
CPU, 16 GB of RAM, and a Matlab R2022b version.

3.5.2.1 Results with a Synthetic Dataset

In this section, we test the effectiveness of the proposed data-driven, black-box modeling approach

to forecast the crop growth in two case studies. we generated the pairs ;ﬁf), X ;”H ,i=1,... L,
synthetically through simulations starting from the model (3.12]) introduced in Section with
the goal of first verifying the feasibility of the idea of approximating crop growth from data, and

then of using (3.12) as a reference to check the accuracy of the black-box model. Hence, in order

to collect the data pairs (X ff), X ffll), [l =1,...,L, we numerically solved offline the ODE (3.12

in the interval [0, T for different initial conditions and system inputs. The value of 7" was chosen
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equal to 5 - 105 seconds, i.e., about 57 days (such a large value was motivated by the slowness
of the dynamics of the dry mass production). In particular, after performing a discretization of
the interval into N = 100 time steps, we used a fourth-order Runge-Kutta method [[180] for the
numerical solution of . In other words, a sampling time equal to At = 5-10* seconds was
chosen for the temporal discretization. We selected a total of G = 1000 different initial conditions

X (()g), g =1,...,G, randomly extracted according to uniform distributions in the ranges [2, 3] and
[0.5, 1.5] for the dry weight and the non-structural dry weight, respectively.
Concerning the system inputs collected in the vector U, , n = 0,1,..., N — 1, i.e., temperature,

carbon dioxide concentration, and photo-synthetically active radiation, we adopted the approach
detailed in [83]] to generate a set of significant values. It consists in first generating an uncorrelated,
zero-mean white noise w,, n = 0,1,..., N — 1, and then in transforming it into time sequences to
cover a wide range of input amplitudes and frequencies, as follows:

Up = Q41 + Q¢ 2Wh, (3.22)

Uco2,n = Qco2,1 T (eo2,2Wns (3.23)

Upar,n = Qpar,1 + Qpar,2Wnp, (3.24)

forn = 0,1,...,N — 1, where a; 1, aco2,1, and apar,;1 are the average values of the input signals

Un, Uco2,n, aNd Upar n, respectively, while ay 2, aco2,2, and apar2 are the amplitude of the variations
around the averages. The numerical values of such parameters are reported in Table along
with the other parameters included in (3.12)). Clearly, also the values of the system inputs were

discretized: overall, we generated L = G - N = 10° discrete input values U,(f), l=1,...,L.
Then, we solved G times the discretized model (3.12)) with the aforementioned random initial
conditions and system inputs, and collected all the state values in the vector X/ () forn =0,1,...,N

and [ = 1,...,L in order to construct the data pairs (X © X, 0 ) for the training. The data

set made up of L = 100000 pairs was then split into a training set including 70000 elements, a
validation set of 15000 elements, and a test set composed of 15000 pairs, i.e., 700, 150, and 150
different initial conditions, respectively. All the simulations were carried out using Matlab on an
Intel Core i9 CPU with clock frequency equal to 3.5 GHz and 64 GB of RAM. The training was
performed using the Matlab trainlm function, which provides an efficient implementation of the
Levenberg-Marquardt algorithm [[78]. To have a comprehensive evaluation, we considered one-
hidden-layer feedforward neural networks with different numbers v of neurons varying in the set
{3,5,7,10,20, 30,40} to obtain different levels of approximation.

Two rounds of simulations were performed, corresponding to different values of the noise w,, used
for the generation of the input vector U, at the various time steps. In the first round, denoted
as “Case A’ in the following, we chose w,, as a white noise uniformly distributed in the range
[—0.5, 4+0.5], while in the second round, referred to as “Case B”, we focused on a white noise with
uniform distribution in the range [—1, +1].

The accuracy of the black-box model was measured by means of a mean square error (MSE) indi-
cator accounting for the difference between the structural and non-structural dry weights obtained
by and over the test set. More specifically, we define the following performance
indicator:

MSE — 7722 HX ):model _ y(h) black box 27 (3.25)

T
h=1n=1

where H = 150 is the number of different initial conditions within the test set, ||-|| is the Euclidean
norm, and X( )m"del and X( )blackbox 'p — 1 H n=0,1,...,N — 1, are the state vectors of
the model (3.12) and of the black box one li , respectively, for the h-th initial condition on the
test set at the time step n.
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Figure 3.7 — Boxplots of the MSE performance indicator obtained by one-hidden-layer feedforward
neural networks with different computational units in Case A (top) and Case B (bottom).

Figure |3.7| contains the boxplots of the MSE for the considered numbers of neurons in both
Case A and Case B, while Table reports its average values and standard deviations. It turns
out that in Case A the average error between the output of the model and the output of
the black box one ([3.16]), as well as its dispersion, is reduced as compared to Case B. Both in
Case A and Case B, the best performances are obtained for » = 7 and v = 10, while lower and
larger values of v are characterized by a small decay of accuracy. The larger values of the MSE for
smaller numbers of computational units are due to the poor approximating capability of the neural
networks due to too small size of hidden units, while the decay for larger number of neurons is
due to overfitting. As expected, the lower the values of the noise w,, n = 0,1,..., N, used to
generate the system inputs, the better the approximation, as neural networks have to learn less-
varying input signals. Figure [3.8| reports the result of a randomly-extracted simulation from the
test set, obtained with v = 10 neurons. In more detail, both the structural and non-structural dry
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Table 3.2 — Average values and standard deviations of the MSE performance indicator in the con-
sidered case studies.

Num. of Case A Case B
neurons avg std dev avg std dev
v=3  212-10% 3.04-10° 5.87-10% 4.16-103
v=5  159-10° 1.64-10° 5.40-10% 5.45-103
v=7  1.38-10% 1.51-10° 4.58-10% 4.71-10°
v=10 1.34-10% 1.49-10° 4.62-10% 5.14-103
v=20 1.48-10® 2.13-103 5.45-10%  7.51-103
v=30 1.69-10° 1.97-10° 5.74-10° 6.51-103
v=40 1.66-10% 1.77-103 5.96-10% 6.40-103
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Figure 3.8 — Plot of a trajectory of the structural dry weight (left) and the non-structural dry weight
(right), randomly-extracted from the test set, obtained by using the model (3.12) and the black-box
model (3.16) with v = 10 computational units in Case A (top) and Case B (bottom).
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weights obtained by the model and the black box one are reported in Case A and
Case B. First of all, we point out that obtained curves are consistent with the biological behavior
of the structural and non-structural dry weights according to [83]]. Then, we observe the good
approximation capability of the black-box model, which is able to reproduce the behavior of the
model quite accurately. Once again, we note the better approximation capability of the
black-box model for a limited variation of the system inputs.

Table 3.3 — Average computational time (seconds) for each simulation in the test set for the consid-
ered case studies.

Num. of Case A Case B

neurons model (|3.12|) black-box model (3.16 model (|3.12|) black-box model (3.16
v=3 8.59-10~4 8.80-10~%
v=5 8.66-10~% 8.78-10~%
v="7 8.69-10~4 8.94-10~%
v=10 6.11-1073 8.76-10~* 5.95-1073 9.00-10~%
r=20 8.95.10~% 9.27-10~%
v=30 9.15-10~% 9.40-10~*
v=40 9.38-10~% 9.67-10~%

Lastly, Table [3.3] contains the average time needed to complete a simulation in the two case studies,
i.e., the time needed to compute the structural and non-structural dry weights from the discrete
time step 0 to N. We observe that the black-box model is characterized by a computational
time that is one order of magnitude less than the one of the model (3.12). This is due to the fact
that, as pointed out in Section [3.4}, no numerical solution of an ODE is required for the black-box
model, as the output of the neural network is directly equal to the state of the system at the next
discretization instant, without the need of performing a numerical integration. We also observe
that the computational requirements of the black-box model are almost constant with respect to
the number v of neurons.

3.5.2.2 Results with a Dataset of Real-World Measurements

After validating the capability of the black-box model to approximate crop growth dynamics
using synthetic data, we used the dataset [4] of real measurements of the dry weight again for a
complete and comprehensive assessment of performances. The type and number of data, along
with interpolation and smoothing, were the same considered for the parameter identification de-
scribed in Section We considered again one-hidden-layer feedforward neural networks with
different numbers v of neurons varying in the set {3, 5, 7, 10, 20, 30,40} to obtain different levels of
approximation. The accuracy of the black-box model was reassessed by means of a MSE indicator
quantifying the discrepancy between the total dry weight of the real data belonging to the test set
and the one provided by the black-box model (3.16).

An example trajectory for the total dry weight (dashed, red line) and the corresponding estimate
from the black-box model (blue line) are shown in Fig. Similarly to the case of the white-box
identification with real data, we observe that the two trajectories satisfactorily overlap, confirming
the effectiveness of the black-box model to approximate the crop growth, also when considering
experimental data. This effectiveness is once again confirmed by the boxplots of the MSE over
the available test data (see the second plot in Fig..[3.9). In more detail, we observe that the best
results are obtained for » = 10 and v = 40 computational units. Compared with the boxplots
obtained from the training using synthetic data (see Fig. |3.7)), the MSE, in this case, presents a
greater variability. This behavior may be ascribed to the limited amount of available data used
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to train the black-box model. In fact, the dataset from [|4] contains only a small number of data
points from just six different experimental setups, which may not fully capture the variability of
crop growth under different environmental conditions. Consequently, neural networks may not
have learned all possible growth patterns. However, achieving satisfactory approximations of the
crop growth despite the limited amount of data is encouraging. We expect that much better results
could be obtained by using a larger dataset, for instance coming from measurement performed on
a prototype of the AVF concept. Nevertheless, the best median value of the MSE indicator is given
by 314.48, and it is obtained with » = 7 neurons. If we compare such result with the MSE of the
white-box model with real data, we observe that they are very close to each other, thus confirming
the effectiveness of the black-box model.

Total dry weight

300
250 -
200 -
150 +
- - real data
100 5=° —black box model (15)
0 2000 4000 6000 8000 10000
time (s)
MSE
10000 S
8000
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Figure 3.9 — Example of behavior of the total dry weight obtained by the black-box model (3.16))
with v = 10 computational units compared to a reference trajectory taken from the dataset [[4] and
boxplot of the MSE over the available trajectories.
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3.6 Conclusion

In this chapter, we have investigated lettuce growth dynamics in an Adaptive Vertical Farm (AVF)
using both a two-state model for structural and non-structural dry mass, requiring precise param-
eter tuning, and a data-driven, black-box model based on a feedforward neural network. The key
parameters of the two-state model were estimated by minimizing the least-squares difference be-
tween measured and predicted states over time. Numerical results using synthetic and real-world
dataset showed that while some parameters could not be accurately identified from available mea-
surements, others could be, and the estimated parameters effectively reconstructed the crop behav-
ior, as confirmed by real-world data. These findings emphasize the importance of a careful analysis
of the model’s theoretical properties and a sensitivity analysis to ensure full parameter estimation
from field measurements. In addition, we presented a data-driven model of crop growth based
on a one-hidden-layer feedforward neural network, using data from a continuous-time dynamic
growth model for lettuce cultivation and the same real-world dataset as dor the white-box model.
The data-driven model demonstrated satisfactory accuracy and significantly reduced computational
time, making it highly suitable for integration into optimization algorithms. These algorithms aim
to determine the optimal scheduling of seedings in the multiple shelves of the greenhouse, ulti-
mately maximizing production yield. Thus, the combination of both model types offers a robust
framework for efficient crop growth prediction and effective AVF management.

65



Chapter 3. Data-Driven Black-Box Dynamic Models for Crop Growth

66



CHAPTER

4

Unmanned Aerial Vehicles (UAVS)
in the Adaptive Vertical Farm

Contents
4.1 Introductionl . . . . .. . . . . . . i i it it e e e e e e e e 67
[4.2 LMI H,, - Based Observer Design forthe UAV|. . ... .............. 69
[4.3 Observer Design by Using an Output-Based Dynamic Extension|. . . . . . . .. 71
[4.3.1 Observer design for the Continuous-Time Case] . . . . ... ... ...... 71
[4.3.2  Observer Design for the Discrete-Time Case| . . . . . . .. ... ....... 77
4.4 SimulationResults| . . . . . .. . . . . . i i e e e 85
4.4.1 Mathematical Model of the UAV]. . . . . . . ... ... ... .. ....... 85
[4.4.2  Results of the LMI H.,-Based Observer Design| . . . . . ... ... ...... 87
[4.4.3  Results of the Extended Dynamic Output Observer: Discret-time case| . . . . 88
4.5 Conclusionl . ... ... . . .. e e e 90

4.1 Introduction

With increasingly sophisticated technology and onboard sensors, UAVs are becoming a key tool for
many companies and consultants around the world, from the transportation sector to security and
surveillance of industrial facilities, maintenance and inspection of industrial sites and infrastruc-
ture, agriculture, etc. Their flexible and highly maneuverable nature allows them to dynamically
survey areas and automatically acquire data, thanks to the wide range of sensors that can be loaded
on board. One of their major uses besides video surveillance concerns precision agriculture, mainly
in the open field, but indoor applications in greenhouses have begun to appear in recent years.
Using drones for precision agriculture offers a number of benefits. For one, it allows farmers to
monitor crops in real-time and identify problems before they become widespread. Regarding the
fast-growing Vertical Farming technology in agriculture, UAVs can also cover large areas quickly
and efficiently, reducing the amount of time and resources needed for manual inspections. In ad-
dition, the data collected by drones can be used to optimize crop yields, improve soil health, and
reduce environmental impact [[136]. To this end, as mentionned in Chapter |1, quadcopters tend
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to be used for their straightforward mechanical design, quick mobility, and higher cargo capacity
compared to other drones. However, such UAVs have a nonlinear coupled dynamic behavior being
an underactuated system. In this respect, nonlinear state observer play a crucial role in quadrotor
control when it may not be possible to directly measure some state variables due to the high cost of
data acquisition systems, for instance, based on available measurements and dynamics of the sys-
tem [97,/145,/160]. Furthermore, the investigation of a state estimation scheme is also motivated
by several indoor operation challenges for the UAV in the AVF [75,/143]. First, indoor environ-
ments typically lack a clear line of sight to GPS satellites, making GPS-based position estimation
unreliable. An observer is essential for accurately estimating position and altitude, with altitude
being a crucial parameter for navigation and monitoring, especially in environments with a strong
vertical orientation. Additionally, operating near surfaces like walls and crops can introduce dis-
turbances and sensor noise, which an observer can help filter out to provide more reliable state
estimates. The limited space in indoor environments further emphasizes the importance of accu-
rate state estimation to avoid collisions with obstacles and navigate in confined spaces. Changes
in lighting conditions can affect vision-based sensors, but an observer can combine data from mul-
tiple sensors to improve robustness. Noise and vibrations from machinery or equipment, which
impact accelerometers and gyros, can also be mitigated by an observer to maintain accurate state
estimates. Moreover, temperature and humidity variations in indoor settings can affect sensor per-
formance, but an observer can adapt to these environmental changes to ensure accurate estimation.
Finally, the dense crop structure in vertical farms poses challenges for vision-based systems, but an
observer can help navigate through complex environments by fusing information from various sen-
sors. We propose in this chapter, a nonlinear observer design for the UAV operationg in the AVF,
being a confined space with potential disturbances such as the variable artificial lighting conditions,
close proximity to surfaces or crop density, as mentionned previously. Hence, an accurate and re-
liable state estimation is crucial for ensuring the UAV’s effective and safe operation in the AVF. In
this work, we consider the ETH Zurich OS4 quadrotor model proposed by [|38,[39]] being a versatile
and efficient tool that aligns well with the operational needs of an AVF, mainly for the experiment
phase of improving the existant prototype. The ETH Zurich OS4 has a compact size with control
capabilities, and potential for embedding other technologies make it a fitting choice for tasks such
as crop monitoring, environmental sensing, and data collection.

The chapter [4] is organized as follow, Section introduces the LMI Hoo-based observer design,
which leverages Linear Matrix Inequalities (LMI) and the Hoo criterion to ensure accurate state es-
timation under challenging conditions. This design guarantees robust performance by minimizing
the estimation error and providing a solid foundation for the observer’s reliability in the presence
of uncertainties. Building upon this, Section [4.3] proposes a novel observer design approach using
an output-based dynamic extension. The section is divided into two subsections: Section
explores the observer design in the continuous-time domain, outlining the steps and equations nec-
essary for implementing the design. Section focuses on the discrete-time case, where the
observer design process is adapted to enhance computational efficiency and simplify implementa-
tion, making it more suitable for real-time applications. Section (4.4 is devoted to the simulation
results highlighting the effectiveness of the proposed observer designs. It is divided into three parts:
Section [4.4.1] provides the mathematical model of the UAV used in the simulations, offering a clear
representation of the system dynamics. Section presents the results of the LMI H..-based
observer design, demonstrating its robustness and performance in state estimation. Lastly, Sec-
tion [4.4.3] discusses the results of the extended dynamic output observer in the discrete-time case,
showcasing its advantages and accuracy in handling the UAV’s dynamics.
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4.2 LMI H,., - Based Observer Design for the UAV

In order to enhance the robustness of state estimation for UAVs operating in dynamic environments,
we propose an H., observer design via Linear Matrix Inequalities (LMI). This design ensures ac-
curate state estimation in the presence of disturbances and noise, minimizing the worst-case es-
timation error (the maximum possible error in the state estimation under the most challenging
conditions). By applying a new, less conservative LMI condition, we solve the #., circle criterion
design, improving observer performance and robustness under uncertain conditions.

We consider the following class of systems, defined in :

T =1T(z)
{225 (4.1)

The LPV approach allows treatment of the nonlinearity with the best precision and exploits all
the interesting properties of the nonlinearity of the investigated system. According to [7], before
introducing the observer structure, it would be better to write I'(.) in a detailed form as:

Fl (A1$) q
D(z) 2 A+11 : = A+TDY eq(i)Ti (Asw) (4.2)
Ly (Agz) =l
where A € R™*" II € R™*9 and A; € R™*" are constant matrices, and ¢ is the number of the

nonlinear components of the system. Therefore, we consider the following generalized observer
[22]], [[175]], defined by the equations:

q
i=A+Y (i) () + L(y — C) (4.3a)
i=1
¥ = Mi+ Kl (y — C#) (4.3b)
where ﬁg is the j® component of ¥;,j = 1, ..., n;. The matrices L € R™*? and Kf € RY¥P are the

observer parameters. The dynamics equation of the estimation error e = x — & is then given by

q Jng

¢=A+ [ D3 [ulle,() (A~ KIC) |~ LC | (4.4)
i=1 j=1
We need to define the matrix ¥ := (V;;), ., where
- VZ])Z:]-auc_Iu]Snl
\P”_{ 0i=1,...,q,7>mn (4.5)
and the affine matrix function:
q n
AW) = A+ 373 wylle, () (A] — K{C) (4.6)
i=1 j=1

Hence, the estimation error can be reduced to
é=(A(Y) - LC)e 4.7)

Proceeding as in the previous section, from condition (2.65)), it follows that the parameter ¥ be-
longs to a bounded convex set H, 5 for which the set of vertices is defined by

] . v b i<
Vign =P € R ij € {l%.i’%”} =M (4.8)
, q)ij = 0,] > n;
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where 7 = max; (n;). By applying the result of Theorem [2.3.13] more general LMI conditions
summarized in the following theorem are obtained.

Theorem 4.2.1 ( [[7]). Let define:

and: '
i=q
n = card(P) =D n
i=1
We define also the following matrix :
Al 2 Ay [, (A - KIC)| e {9, 3, ), WG J) €. (4.9)

The observer {.3) is asymptotically convergent if the two following conditions are satisfied:

o If P = o, there exists a positive definite matrix X and a matrix ) of appropriate dimensions so
that the following LMI holds:

ATx +xA-CcTy-yTc <o. (4.10)

o If'P # o, there exist a positive definite matrix P, some matrices R;j, K Z] , (i,7) € B of appropri-
ate dimensions so that the following matrix inequalities hold:

w)" K T z ~ i g (4.11)
(a%) P+Pal - "Ry ~REC <0 wue{y 5,}, Wig) e :
Then, the observer gains K f are free solutions of , and the gain L is given by
XY ifp=0
L= % Z p*lniTj’ ifP+0 (4.12)
(4.9)EB

Remark 4.2.2. Notice that in (4.11) there are two inequalities to be solved for each (i, j) € PB. We
refer the reader to [7] for more details.

The main result is formulated in the following theorem applied to the system (4.1).

Theorem 4.2.3 ( [43]). If there exist some symmetric positive definite matrices P € R™™" and
Ri;, K7, (i,7) € B of appropriate dimensions so that the following convex optimization is solvable
min(p) subject to
(A%)TP + PA;‘} —CTR;; — RZC +1, PE
<0
ETP —ol, (4.13)
p € {1%'1’%”}

then, the H, criterion

2
lelles < y/ellwllz, + lleol

is satisfied, where e = x — & denotes the estimation error, o > 0 the disturbance attenuation level
representing the disturbance gain from w to e, and v > 0 such that v = A\pn.xP. Therefore, the
observer gain L is given by
1
L== Y PRl (4.14)
7 (i,7)EP
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Proof. The proof is omitted as it is technical and partially inspired from [7].

|

Clearly, the maximization of p is well-suited to reduce the gain L. To achieve this, it is necessary to
maximize the variables R;;, (i, ) € ‘B by the following procedure. We choose a fixed « such that

LTL <al, (4.15)

so that
Rijlpilpile; <al
We suppose that
P>1,, —al +R;RE <O0. (4.16)

Then, the optimization is based on imposing the LMIs

P>1,
|:—04]Ip Rij

R, —Hn] =Y

4.3 Observer Design by Using an Output-Based Dynamic Extension

This section presents the observer design methodology based on a novel output-based dynamic
extension. The design is approached in two distinct time domains: continuous-time and discrete-
time. In the first Subsection we explore the observer design for the continuous-time case,
where theoretical foundations and robustness criteria are derived using a continuous-time system
model. This part provides a comprehensive understanding of the dynamics and performance guar-
antees for state estimation. In the second Subsection [4.3.2] the focus shifts to the discrete-time
case, where the observer design is adapted to suit practical, real-time implementation in systems
such as UAVs operating in AVFs. This section highlights how the continuous-time observer princi-
ples are translated into discrete-time, ensuring that the design aligns with the system’s sampling
nature and computational constraints.

4.3.1 Observer design for the Continuous-Time Case

We consider nonlinear systems in the form

T =(z,w)
At @17

where = € R" is the system state and y € RP? is the vector of output measurements of the system.
w € R® and v € R? are unknown external disturbances. The functions v (-, -) and ¢(-, -) are assumed
to be Lipschitz-continuous, with respect to x, on 2 C R", where ) is a positively invariant compact
and convex set of the system (4.17). Then, the functions ¢ (7q(-), w) and ¢(mqo(-),v) are globally
Lipschitz in R", where mq(x) is the Hilbert projection of = on the convex set ().

Usually in the literature, we propose the following state observer:

b= (E,0) + L(y — (3, 0)), (4.18)

where & € R" is the estimate of the system state x and L. € R"*? is the constant observer gain to be
determined such that the estimation error e = x — % converges exponentially towards zero. How-
ever, with this kind of classical and natural observer, the observer gain is multiplied by the output
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nonlinearity and then by the disturbance in the measurement. This coupling between the observer
gain and the output measurement can amplify the effect of the measurement noise. In this section,
the main objective consists in proposing a different state observer for the system (4.17). We will
propose a filtered-like output based observer, which allows both avoiding the output nonlinearity
and disturbances to be explicitly multiplied by the observer gain.

4.3.1.1 Output-based dynamic extension for continuous-time system

The initial system is given by the equations (4.17). We perform a change of output variable by
introducing the following system:

i(t) = ay(t)
{ Z(O) = ng (known) (4.19)

Since 79, o, and y(t) are known, then the state 1(¢) may be considered as the new output measure-
ment generated from the measurement y(¢). Therefore, we consider y(¢) = n(t) as the new output,
expressed in terms of the extended state vector ¢ as follows:

c

y(t) =n(t) =T, 0]¢, with&(t) 2 [Zgﬂ (4.20)

where I, is the identity matrix of dimension p. Let us define also the vector w which combines the

w and v as follows: ®
A |w(t
w021

This allows us to transform the equations of the original system into a new system with the state
variable ¢:

s A Oégf)(I,’U)
y=n=C¢

This transformed system incorporates the relationships between the output vector y and the system
states represented by £. Note that the dynamics of the states are now given by f({,w), which is a
function of the generalized state £ and extended disturbance vector w € R"», where n,, = s + q.
The state observer we will consider in this section corresponds to the system (4.21)) with linear
outputs. Then, the observer synthesis and the Lyapunov analysis become simpler. The new output
y(t) plays the role of a filter which makes it possible to filter the disturbances or the measurement
noise.

Before tackling the observer design problem, we recall the following lemma:

Lemma 4.3.1 ( [178]). Consider a function ¢ : R™ — RP. Assume that ¢ is vy, —Lipschitz on a
nonempty subset 2 C R", with v, the Lipschitz constant of each component y; of ¢. Then, there exist

e a Lipschitz extension ¢ = ¢ omqg : R — RP of o, with ¢(z) = p(z),Vz € Q;
e functions ¢;; : R x R" — R
* constantsy and 7y,
such that for all X,Y € R", X #Y, we have
p n
HX) = () = 3D oML (X - V) (4.22)
i=1 j=1
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1w(t) 1v(t)

[ 1=0 o) ]_{ y=¢(x,v)
x(t) Observer with
nonlinear output
ﬂf Extended .
Dynamic-Based Output n = ay(t)
©) ’ i 1(0) = 1o (known)
— Observer 0

Figure 4.1 — Output-Based Dynamic Extension Technique for Continuous-time Systems

=

and
— Yeoij < l%j < pij (t) < Yess < Yeij (4.23)

where
(1) 2 iy (X571, X5, M 2 ey (i)ef (7).

4.3.1.2 Observer Design

This section is devoted to the observer design method proposed in this work. In addition to the
new observer structure and the output-based extended dynamics technique, we propose novel LMI-
based synthesis procedure guaranteeing the Input-to-State (ISS) property of the estimation error.
Instead of the standard state observer form (4.18]), we propose a new observer structure by exploit-
ing the extended dynamics (4.21I). The observer is driven by the created output measurement y(t).
This new output y(¢) plays the role of a filter which makes it possible to filter the disturbances or
the measurement noise. The estimation strategy is depicted in Figure

The state observer form is described by the following equations:

{ é f(f O)—i—ﬁ(y Cf) (4.24)
=0 LJ¢

where
Jéw) = f (mo (€ w), Yw € 0 50, Qe 2RV x O,

and £ € R(™P)xP is the constant observer gain to be computed such that the estimation error
e(t) = x(t) — (t) satisfies an exponential ISS bound to be determined later. To develop a synthesis
method based on Lyapunov analysis, let us define the extended error vector e¢(t) 2 () — £(b),
which satisfies the following dynamics:

e = [F(&w) — FE0)] - LOe. (4.25)
We decompose the nonlinear term as follows:
f(ew) = (6.0) = (fl&.w) — fEw) + (FEw) — F(£.0)). (4.26)
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Since € € ¢, then we have f({,w) = f(&,w). It follows that from Lemma , there exist function
ffj : R™ x R" — R where n, = n + p and constants ~y 1 and ¥ 5 such that
—7ij ij

Np Np

fEw =33 5wy (- €) 4.27)
=1 j=1
and
=y Spe < 50 s < e (4.28)

Similarly, there exist functions f;7 : R™ x R™ — R and constants vy fo and Ve such that
Tge b

f&w) = FE00 = fe M ™ w(t) (4.29)
i=1 j=1
and
— g S Ve <S50 <5y < p- (4.30)

Before tackling the Lyapunov analysis on the estimation error dynamics (4.25]), we introduce some
transformations and notations to write the dynamics equations in a simpler and convenient form.
Then, we introduce the following notations:

Tp Mp

DD M (€ €) = An, < Tie(ee) (431)

i=1 j=1

Np Ny

)IPIFAC "””w(é f) Ay X Mo (@) (4.32)

i=1 j=1

where
fo times

A . ,—/—
Agl,gQ = blkdl&g(eghb, €010 |y

and
{5 times

e = [ (1) ... el (f)]
by setting Ay, ¢, = Ay, . In (4.31) and (4.32), we have ¢; = n, and ¢, = n,,. The terms II¢(e¢) and
I, (w) are defined in (4.33) and (4.34), respectively.

Hence, the estimation error equation (4.25) is rewritten as follows:

éé‘ = Aan£(6£) - ﬁCGg + Anp,nwnw(w)- (435)

4.3.1.2.a New LMI-based ISS bound

This section is devoted to the main theorem, which provides new sufficient LMI conditions ensuring
the ISS property of the estimation error ¢(¢). Before stating the main theorem, we introduce the
following matrices defined by the bounds of the functions ffj and f

AS 2 blkdiag(lf_g_]lnp,j 1. ,np>
ij

TEA o -

A = blkdlag(vffj]lnp,] =1,... ,np)
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A 2 blkdiag (Al i =1,....m, )
Ac 2 blkdiag([&{&,i _ 1n>
AY 2 blkdiag@fﬂnw,j — 1. ,nw>

ij
Aw 2 blkdiag(ﬁf;]lmu,j —1,.. .,nw>
A2 blkdiag(A;",i —1,... ,np>

1,...,np>.

Ao 2 blkdiag (]_\;-",i -

We also introduce the following symmetric and positive definite matrices S¢ and S, as follows:

S¢ = blkdiag (S5, .., S5, ), ¢ 2 blkdiag (5, S5, ) (4.36)
S, 2 blkdiag( w o s;;’p),s;” Y blkdiag( @ S;;w). (4.37)
where Sfj and S} are symmetric and positive definite matrices of appropriate dimensions.
The main result of this work is formulated in the following theorem.
T (e¢) 2 blkdiag(ffj(t)]lnp,j =1, nyi=1,... ,np>He£
flgl]lnp 0 | ,_EI%
: : 0 I\ ] 3
£ : =
0 flnp an . (.ED
L,/ ) 3
— €¢ (4.33)
. ]Inp S
Trgln, . 0 : g
T L ]Inp a
i 0 .. fiL,
My (w) 2 blkdiag(f;;(t)ﬂnw,j Sl nei=1,. .. ,np>,,11w
[ [ f6iTn, 0 T
: : 0 ]Inw 83
0 ff?”b . ]Inw : =
1)) 8
_ w (4.34)
@y, .0 : Z
: - : I, 2 |
I 0 S S N
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Theorem 4.3.2. ( [44]) Assume that there exist a symmetric positive definite matrix P, two symmet-
ric positive definite matrices S¢ and S,, under the form (4.36)-(4.37), and a matrix X of adequate
dimensions such that the LMI is satisfied. Then the estimation error ¢(t) with the observer gain
L = P~ X satisfies the following exponential ISS bound:

4Amax( ——t
e(t)|| < max € su w . (4.38)
[e(®)]] < Do (P lleolle pu— Se[opt] [Jw( )
r _ T
“HA¢(SH+C(X) + BP  PAy, +H (R +Ac) Se PAun, 0
oo (%) —28; 0 0
(%) (%) 25, Su(Bu+A,)l
i (%) (%) (%) AL, — JT Ay (Sw

C(X) 2 —XC—CTXT, A¢(Se) = Al Sele + A SeAe, Au(Sw) = ALSwAw + ALSLA,

Proof. Let ¥(e¢) = egPeg be the Lyapunov function candidate, where P = PT > 0. 3 the decay
rate of the state estimation error, and A the £, gain from the generalized disturbances to the state
estimation error. We will show that under the condition (4.39)), we have

O(ee,w) = D(eg) + Beg) — M w < 0. (4.40)
By developing the derivative of ¥(e¢) along the trajectories of (4.35), and by changing the variable

X = PL, we obtain
-

€e €
1I 11
9(657 w) = Hf,((ii)) Qcontinuous Hi((ii)) (4.41)
w w
where
X - XT 4+ 6P PAn, PAu,n., 0
Al P 0 0 0
Qcontin é Tnp (4-42)
How A nP 0 0 0
0 0 0 =,
On other hand, from (4.28) and (4.30)), we have
A _ T
Ve = (Hf(ﬁf) - A5H65> Se (Hf(@s) *AgH%)
T _
+ (Te(ee) — AcHe ) Se(Te(ee) — AeHee ) <0 (4.43)
A _ T
Vo = (Hw(w) — Awa> Sw (Hw(w) — Awa)
T _
+ (Hw(W) - Aqu) Sw (Hw(w) - Auﬂw) <0 (4.44)
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It is obvious that f(eg, w) < O(eg, w) — (V¢ + V). After expanding the terms )¢ and 9.,, we obtain

T

€ €
O(ee,w) — (Ve + V) = gi (f,)) 0 gi (fj)) (4.45)
w w

where © is defined in (4.39). This means that under the condition (4.39)), we have 6(e;,w) < 0,
which implies that

I(ee) < —p9(ee) + Mw(B)]*. (4.46)

Hence, from the well-known comparison theorem, we deduce the following inequality:
t
Iee(t)) < D(ee(0))e 5 + e~ / [l (s) |2ds.
0

Since
)‘min(P)||€§||2 < 19(65(75)) < )‘maX(P)||€£||2

then by developing the integral term, we get

Amax (P)

lee(t)I? < 3

_ A
lec(0)]% B“rr P SE(l)pt]Hw(S)llz- (4.47)
min s€|0,

By construction of n(t) in (4.19), no is known, then we can take 51(0) = 19, which means that
llec(0)]| = ||e(0)]|. Finally, since ||e(t)|| < [les(¢)||,Vt > 0, then the bound (4.38) is inferred. This
ends the proof of Theorem [4.3.6]

a

4.3.2 Observer Design for the Discrete-Time Case

Motivated by real-world applications, developing discrete-time observers offers advantages in
simplicity of implementation, robustness to sampling, and computational efficiency compared to
continuous-time observers, especially in digital control systems and applications with non-smooth
nonlinearities. In the context of drones in AVF, although the continuous-time observer plays a cru-
cial role in the theoretical development of system dynamics and provides the foundation for design
principles and robustness criteria, UAVs in AVFs are implemented in real-time with sensors and
processors that inherently deal with discrete-time data. Therefore, the discrete observer design is
more directly applicable to these systems, aligning with their sampling nature and computational
constraints. Thus, we dedicate this section to investigate the discrete-time case of the dynamic
extended output nonlinear observer. We consider the following discrete-time system :

{ Tp+1 = P (T, w) (4.48)
Yk = ¢(z, vi)
where k, the discrete-time index, is non-negative integer such as k¢ € {0,1,..., N}, xx € R™ is the

system state and y;, € RP is the vector of output measurements of the system. w;, € R® and v, € R?
are unknown external disturbances. The nonlinear functions ¢ (-,-) and ¢(-,-) are assumed to be
Lipschitz with respect to x, on 2 C R", where Q. is a positively invariant compact and convex set
of the system (4.48). Then, the functions (mq(-), wy) and ¢(mq(+), vx) are globally Lipschitz in R™,
where 7q(xy) is the Hilbert projection of z; on the convex set ().
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Commonly in the literature, we propose the following state observer:
i1 = (@, 0) + Ly — 6(#1,0) ) (4.49)

where 7, € R" is the estimate of the system state z;, and L. € R™*? is the constant observer gain to
be determined such that the estimation error e, = x; — & converges exponentially towards zero.
Nevertheless, with this kind of classical and natural observer, the observer gain is multiplied by
the output nonlinearity and then by the disturbance in the measurement. Thus, the effect of the
measurement noise can be amplified by this coupling between the observer gain and the output
measurement. In this paper, the main objective consists of suggesting a different state observer for
the discrete-time system (4.48). We will suggest a filtered-like output-based observer, that makes
feasible the avoidance of the output nonlinearity and disturbances explicit multiplication by the
observer gain. For the observer design problem, we introduce the following lemma in its discrete-
time version.

Lemma 4.3.3 ( [178]). Consider a function ¢ : R™ — RP. Assume that ¢ is ,—Lipschitz on a
nonempty subset ) C R", with ~,, the Lipschitz constant of each component ; of ¢. Then, there exist

e a Lipschitz extension ¢ = ¢ o mg : R — RP of o, with ¢(z) = p(z),Va € Q;
e functions ¢;; : R x R — R
* constantsy and 7y,

such that for all X, Y € R", X # Y, we have

B(X) = oY) = 3D iRy HE" (X —Y) (4.50)
i=1 j=1
and
- FY%Dij S l@i]’ S Pij (k) S '_Y<pij S P)/goij (451)
where

piglh) 2 iy (X101, X5), HE™ 2 e (e ()

Proof. The detail of the proof is given in [178]. It is based on the use of the properties of the
Hilbert projection function, g, on the convex set (2.

|

4.3.2.1 Output-Based Dynamic Extension Approach for Discrete-time systems

The initial system is given by the set of equations (4.48)). We introduce the following system to
perform an output variable change:

Ne+1 = £k, Y)
{ no (known) (4.52)

where k : R™ x RP — R™ is a global Lipschitz function with respect to its arguments. The
function « is known and chosen by the user, depending on the system at hand. Since 7, x(.), and
yr are known, then the state 7, may be considered as the new output measurement driven from the
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measurement y;. Thus, we consider the new output y; = 7, represented in terms of the extended

state vector &, as follows:
c
. A [Nk
yr =1 = [Ip 0] &, with & = (4.53)

where [, is the identity matrix of dimension p.
Let us define also the vector w combining the w and v as follows:

w
Wi é |: k:| .
Vg
Hence, we can transform the equations of the original system into a new system with the state
variable &:

&1 = f&rwr) = [Fv %{fﬁ;;?k))}

(4.54)
Yr =1k = C&

This new system underscores, as in the continous-time systems case, the relationships be-

tween the output vector y, and the system states represented by &;. It is worth to note that the

dynamics of the states are now given by f (&, wy), which is a function of the generalized state &

and extended disturbance vector w;, € R™, where n,, = s + ¢q. The state observer we will consider

in this work corresponds to the transformed system (4.54) with linear outputs. Then, the observer

synthesis and the Lyapunov analysis become simpler.

Remark 4.3.4. Beyond simplifying the convergence analysis, the new output y;. serves as a filtered
version of the true measurement y, which can enhance the performance and quality of estimation,
particularly in scenarios where output measurements are affected by disturbances. Given that this
paper focuses on an LMI-based approach, where the design relies on solving a set of LMI conditions,
adopting a linear filter can further streamline the design process and prevent an exponential increase
in the size of LMIs to be solved. Thus, we generally propose considering a linear filter as follows:

K (T, Yk) = Ay + By, (4.55)

where A, and B,, are known constant matrices of appropriate dimensions. However, in the proposed
theoretical developments, we consider the general form (4.52), which provides a more comprehensive
design method.

Remark 4.3.5. About the choice of the matrices A, and B, :
Since the aim of the output-based dynamic extension approach is reducing the effect of measurement
noise on the state observer :

e A, should introduce some dynamics that slow or filter the effect of the noise :
Ay =oaul,, 0<as<1
such as a4 a tuning parameter.

e B, should weigh how much of the noisy measurement y;, impacts the extended output n, . In
many cases, this matrix will not be identity. Instead, it would be tuned to balance between
responsiveness and noise reduction :

B, =pgl,, 0<pBp<1

such as g a tuning parameter.

Hence, adjusting a4 and g ensures a trade-off between the smoothness of the new output and
the system responsiveness to the noisy measurements.
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4.3.2.2 Discrete-Time Observer Design

This section focuses on the observer design approach proposed in this paper. By applying the
extended dynamics (4.54), we suggest a discrete-time observer structure driven by the new output
Y, instead of using the standard state observer form driven by the original nonlinear output
yr. Actually, the new output yy, acting as a filter, makes feasible the filtering of disturbances or
measurement noise. Figure shows the estimation strategy. The discrete-time state observer

17k

[xk+1 = P(x, wk)Hyk = ¢ (x1, Vi) ]_
/x\ f
< k Nonlinear Output
Observer

— Extended _
2 Dynamic-Based {nkﬂ = K(Mk Yk)
«— _ Output Observer Mo (known)

Figure 4.2 — Output-based Dynamic Extension Observer for Discrete-time systems

form is described by the following equations:

{ St = F(&,0) + ﬁ(yk - ka) (4.58)
where o .
f(&rwr) = f (”Qg(ﬁk%wk) Vo € 0y 30, Qe 2RP X Q, (4.59)

and £ € R(™tP)*P is the constant observer gain to be computed such that the estimation error
€ = x) — 2, satisfies an exponential ISS bound to be determined later. To develop a synthesis

method based on Lyapunov analysis, let us define the extended error vector & 2 & — ék, which
satisfies the following dynamics:

o1 = [f(fk,wk) - f(fk,o)] — LCE. (4.60)
We decompose the nonlinear term as follows:
FErwi) — f(&,0) = (f(fkawk) - f(ék,wk)) + (]E(ékawk) - f(ék,0)> : (4.61)

Since &, € ¢, then we have f(&,,wy) = f(&r,wy). It follows that from Lemma , there exist
function ffj : R™ x R™ — R and constants =y 1 and 7 s such that
—Jij ij

np Tp

F(&rwr) = Fl&rrwr) =D > fr(kYH &,

=1 j=1
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e (&) 2 blkdiag(ffj(k)ﬂnp,j =1,...npi=1,... ,np)Hék

—
oL, ... 0 AT &
: . . . 0 : 5'
I, 2
0o ... flnpﬂnp v/
= : : . 1 & (4.56)
foly, .. 0 S
O . . E: : (§D.
L O o e fnp]Inp | ]Inp %]
T, (wy) 2 blkdiag(f;;(k)ﬂnw,j 1 nei=1,.. .,np)ka
J
—~
[ /[T, ... 0 11 (T ) 3]
: - : 0 : =
. . . B
0 S T I, o
— Wi
£ 1In, - 0 In,\ ) 3
0 . °. . . =
. . " . . E
L O tet NpNaw ]Inw 4 L ]Inw a n
(4.57)
and
=y < e <S50 < e e (4.62)

Similarly, there exist functions f;7 : R™ x R"™ — R and constants vy o and Ve such that
—_ j K3

Np nw
F(&rwr) = f(6,0) =D D fe ()M ™ w (4.63)
=1 j=1
and
= < g < F5(R) < g < g (4.64)

Before tackling the Lyapunov analysis on the estimation error dynamics (4.60)), we introduce some
transformations and notations to simplify writing the dynamics equations in the convenient form.
Then, we introduce the following notations:

Np  Np

Z Z ffj(k)HZp (ffk - ék) = Ay, x Ie(&) (4.65)

i=1 j=1
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Np Ny

Z Z fw n,, Moy = Anp iy X T (wy) (4.66)

=1 j=1
where

/1 times
Ag g 2 blkdiag(’—egQ, T en )
and
{5 times
e, 2 [eL(1) ... el (t)]

by setting Ay, o, = Ay, 1 l and (4.66), we have ¢; = n,, and ¢y = n,,. The terms II¢(¢;,) and
I1,,(wg) are defined in (4. 56 and (4.57), respectively.

Hence, the estimation error equation (4.60) is rewritten as follows:

o1 = An, e (&) — LOE + Any i, T (wi).- (4.67)

4.3.2.2.a Exponential ISS Stability Analysis

This section presents the main theorem, which provides new sufficient LMI conditions ensuring
the ISS property of the estimation error ¢;. To state the main theorem for the observer design in
the discrete-time domain, we introduce, 51m111raly to the approach in Section [4.3.7] the following
matrices defined by the bounds of the functions f and f

Ag blkdiag ('yfg Iy,,7=1,... ,np>

Af 2 blkdiag(f‘yfgﬂnp,j —1,... ,np)
ij
A2 blkdiag(Af,i - 1,...,np)
Ac 2 blkdiag(]xsz,i - 1n>
AY = blkdiag(lfwl[nw,j =1,... ,nw)
i
A 2 blkdiag (Tl j = 1. nu)
A2 blkdiag(A;",i —1,.. .,n,,)

A, 2 blkdiag(]\;’,z' 1. ,np).

We also introduce the following symmetric and positive definite matrices S¢ and S, as follows:

S¢ 2 blkdiag (S5, .., 55, ), ¢ 2 bkdiag (55, . S5, ) (4.68)
S 2 blkdiag( w o s;;p),s;” 2 blkdiag (5“{ s 5°;;) (4.69)

where Sfj and S} are symmetric and positive definite matrices of appropriate dimensions.
The main result is summarized in the following theorem applied to the system [4.54]:
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8P —HTA((S)H HT (Ae+ Ag)ng 0 0 cTAT |
(%) —285;¢ 0 0 AT P
LMI = (%) (%) 25, S, (]\w + Aw)J AL Pl <0
() (x) (x) —Q-TTA,(S.)I 0
i (%) (%) (%) (%) P
(4.70)
Ae(Se) = AL Sehe + A SeAe, Au(Sw) = ALSwAw + ALSLA,,
[CTLTPLC —BP —CTLTPA,, —-C'LTPA, n, 07
(%) Ay PA,, Ay PAn, 0
Qiscrete = (4.73)

(%)
(%)

-
A PAny . 0

(%) -QJ

Theorem 4.3.6. Assume that there exist a symmetric positive definite matrix P, two symmetric positive
definite matrices S¢ and S,, under the form (4.68)-({4.69), and a matrix X of adequate dimensions
such that the LMI (4.70) is satisfied. Then, with 7y = no, the estimation error ¢, with the observer
gain £ = P~ X satisfies the following exponential ISS bound with the exponential discount parameter
0<pB<1:

el < Zj Jeoll 5 + | g2 ij eyl @71
Proof. Let 19(&) = é,;r P & be the Lyapunov function candidate, where ? = PT > 0 and
AD(&k) = 9(Eer1) — BO(Ek).
We will show that under the condition (4.70), we have
0(Ek, wi) = AV(E) — w)l Qui <0, (4.72)

where Q = Q" > 0. By developing A9(&;) and by changing the variable X = PL, we obtain

& 1’ &
Y (gk y Wik ) = HHj Effk)) discrete Hnj Effk))
Wi Wi
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where  is given by[4.73] On other hand, from ([4.28) and (4.30)), we have
_ _\T _ _
¢ = <H§(fk) - A§H€k> Se (Hf(fk) - AgHﬁk>

+ (Hf(gk) - AgHgk)ng (Hé(ék) — A§H£k> <0

1>

_ T
P 2 (T () - Awﬂwk) S (Tl (wr) — AT )
T _
+ (Moewn) = Agdwr) S (Tu(wr) — Audwr) <0
It is obvious that 0(&;,, wy) < 0(&x, wi) — (V¢ +,,). After expanding the terms ¢ and 4,,, we obtain

T

& &
- il I
0(Ewn) = e+ 90) = | p€en) | o | Feteen
Wi Wi
where O is given in (4.74)).
[ T (% T T
O —(£C) P A, +HT (Ae+ Ag) Se —(£C) P An 0
(%) Al PA, — 2S¢ AL PA, 0
o= ’ v
(%) (%) AL Py =250 Sw(Ro+4,)1
L (*) (*) (*) _)\]Inw - JTAw (Sw)J

(4.74)

O1,1 = (LC) T PLC—BP-HT A¢(Se)H, Ag(Se) = AL SeAe+A] SeAe, Auw(Sw) = AL Swhwt+ALSuA,,

From Schur Lemma, we have © < 0 is equivalent to (4.39). Now, we prove the boundedness of the
state estimation error ¢ in terms of the initial error ¢, and the norm of the noise, ||w;|| weighted by
an exponential discount parameter. We have

0(Er, wi) = AI(E) — w)l Quy, < 0,

which leads to i i
I(Er) < BI(Er1) + w1 Qup_1.

By using backward substitution and geometric sequence theory, we derive an upper bound for ﬂ(fk)
as

k
9(&) < BM9(&) + D BT wi_ i Qup

i=1

< gro(E) + 2@ Zﬂ’”H will?. (4.75)
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We establish the relationship between ¥(¢;,) and the norm of the extended estimation error ||&;|| by
using the inequality
2

&k

Main () [ < 90(E0) < Amax(P) || (4.76)

For 7jy = 1, which is always possible since 7 is known, we have ||| = ||e||. Hence, by combin-
ing (4.76) with the previous equality, the ISS bound (4.71) on the estimation error ¢ is straight-
forwardly inferred. That ends the proof.

a

4.4 Simulation Results

In this section, we showcase the effectiveness of the proposed continuous-time observer design in
and the discrete-time observer design applied to the OS4 indoor mini quadrotor model
developed by researchers in ETH Zurich [38,39]. Although the physical 0S4 quadrotor may not be
commercially available, its well-established mathematical model offers an excellent approximation
to simulate UAV dynamics and test various control strategies. This model provides the necessary
framework to explore state estimation techniques in the indoor dynamic environment of AVFs,
where factors like limited space and disturbances pose challenges to drone performance. As repre-
sented in Figure [4.4) we assume that the drone is moving between cultivation shelves in the AVF,
to perform autonomous actions (e.g. inspecting crop, watering, trimming..).

We consider that :

e given the space constraints the roll, pitch, and yaw must be kept within safe limits to avoid
collisions with walls, shelves, or plants.

e the drone must perform precision movements, with accurate roll, pitch, and yaw rates.
o the UAV stability can be affected by the faults of air circulation caused by the drone propellers
and/or the motor noise.

4.4.1 Mathematical Model of the UAV

The quadcopter is a four-rotor aircraft composed of a rigid body and four rotors generating inde-
pendent thrusts represented in Figure [4.3|by F, Fb, F3 and Fy.

F4I Qy F‘I

Figure 4.3 — Inertial and body frame of the quadrotor. The circular arrows indicate the direction of
rotation of each propeller.
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The dynamics of the rotation and the translation motion are generated by both Euler-Newton and
Euler-Lagrange as detailed in [39]]- [[145]]. The subsequent model is given by the following equa-
tions, [|39]:

$= 0y (2 2) — 60+ LUy

0=60 (Bl ) + F00+ £ Us

1]2; _ ¢9 Iz]:Iy JrTlZU4 (4.77)
Z=—g+ (cos¢cos 9)%U1

i = (cos ¢sinf cosyp + sin ¢ sin ) LU,

§j = (cos ¢psin @ sinp — sin ¢ cos ¢)-Uy

]T

The input signals of the system U = [Ul Us Us Uy
[ Q Q5 Q'

and the angular velocities 2 =
satisfy the following relation:

5 =b (02— Q%) (4.78)

Table 4.1 — OS4 Parameters from [39]]

Parameter Definition Value

o Roll angle -

6 Pitch angle -

P Yaw angle -

Q Rotor speed -

Ly Body inertia 7.5e-3 kg.m?

J, Rotor inertia 6e-5 kg.m?
b Thrust factor -

d Drag factor -

l Lever 0.23 m
m Mass 0.65 kg
g Gravitational acceleration | 9.81 kg.m?

where the parameters and their values are reported in the Table For more details on the
conceptual design of the drone, we refer the reader to [|38].

In this study, we focus on rotational dynamics and vertical motion. Actually, given the dynamic
structure AVF, the quadcopter often operates in a vertically structured space through densely
packed crops. Thus, maintaining stable altitude and orientation is critical for avoiding collision
with crops or obstacles that may be located at different vertical levels. Having accurate control
over altitude and orientation is crucial for stable maneuvering in order to perform its primary tasks
in the AVF, often involving monitoring and navigating through the vertical space. While horizontal
control is still crucial and worth investigating later, the altitude and the attitude variables for the
observer design are the most relevant for the UAV’s stability and maneuvering in the AVF. All tests
were carried out on a computer equipped with Apple M1 CPU, 16 GB of RAM, and a Matlab R2022b
version.
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t=t2>t1

Figure 4.4 — An indoor micro-quadcopter operating within the AVF

4.4.2 Results of the LMI H, -Based Observer Design

In this section, we present the results of the simulation performed to evaluate the performance of
the proposed LMI H, -based observer for the UAV. We consider the following state vector:

T
X:[.’El o I3 T4 I5 Tg X7 .’L‘g]

with

(11=¢ .
To =11 = ¢
(IJ3:9
ry=a3=20
25 = 1) . 4.79)
T =15 =1
T7 =2
.’L‘8=5'C7=Z

\

From (4.77)-(4.85), the system can be described as:

{ i =T(z) + Bw(z)

Y= Cx (4.80)

where € R” is the system state, y; € R" the output vector, £ € R™" and C' € R™" two
matrices, w € R™ an external disturbance, and I" : R® — R"™ a nonlinear function defined as
follows:

el eleleolNeoNel ™

2
T4Tea1
Ty
T2Tea3
Te
4205
g
-9

) (4.81)

SO OO oo Oo
_ o O O oo oo

SO O R OO O

z4a98) + b1Us
2204 + baUs
bsUy, ’
(cosxy cosx3) %Ul

w(x) = (4.82)
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o O O

(4.83)

o O o
o O o o
o O = O
o= O O
o O o o
_ o O O
o O O O

The constants parameters a;, ¢ € {1,2,3,4,5} and b;, i € {1,2,3} are given by :

I,—1 l
a1=y5zz b =1
— —Jr — =
a2_Iz bg—y
I,—1I 1
az = === bs =
J.
CL4:T;
as = 1=

such as the values of I, m, J,, I, I,, I, used in the simulations assumed from [38] for an 0S4
quadcopter, as reported in Table Actually, in the system (4.80), the disturbances are assumed
to be originated from the rotor dynamics represented by 2, which accounts for rotor imperfections
and environmental factors in the confined space of a vertical farm. The disturbance term w(z)
captures the physical interactions between the rotor-induced forces and the UAV’s dynamics, as well
as the control inputs (Uy, Us, Us, Uy). Specifically, terms like x4a2$2 and z2a4€) describe gyroscopic
coupling and cross-axis interactions caused by the rotation of the UAV’s propellers, leading to effects
on pitch and roll rates. Additionally, the terms b;Us, boUs, and b3U, represent the thrust and
moment contributions from the rotors, which can be influenced by actuator imperfections and
aerodynamic forces such as drag and localized turbulence.

We consider the initial state and the estimated state defined as g = [ﬂ 0 0 T 0 2«7 0] T

4 4 4
andZ=[4 07 9 7 10 10 0 O]T , respectively. The initial state represents the true config-
uration of the quadcopter, where it is not at rest at the origin, but at some arbitrary initial position
and orientation while the initial estimate reflects the observer’s starting guess. The discrepancies
between the initial states represent the initial error that the observer needs to overcome.

To assess the effectiveness of the observer, system and measurement noises were introduced, mod-
eled as zero-mean Gaussian distributions with a covariance of 0.01 . The simulation was conducted
using the Matlab LMI toolbox with the Yalmip interface, and the optimal solution for the observer
design was obtained, resulting in p = 767.0387 .

Figures present the comparison between the true system states and the estimated states over
time. As observed, the estimates converge to the actual system states, demonstrating the observer’s
ability to effectively track the system’s dynamics. Specifically, the trajectory of the estimated states
(represented by the red dashed lines) follows the true system state (blue lines), even in the pres-
ence of noise and disturbances. This convergence indicates that the observer is able to provide
accurate state estimation despite the uncertainties and disturbances inherent in the system, fur-
ther highlighting its robustness and reliability in real-world scenarios involving UAVs in dynamic
environments such as the AVF.

4.4.3 Results of the Extended Dynamic Output Observer: Discret-time case

In this part, we assess the effectiveness of the discrete-time nonlinear observer with a dynamic
extended output presented in Section [4.3.2] While the continuous-time observer design provides
valuable theoretical insight, the discrete-time observer adapts the core principles derived from
continuous-time systems for practical, real-time implementation as mentionned in Section [4.3.2]
For this reason, the simulation was performed in the discrete-time domain, which is the most
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Figure 4.5 — States and their estimates obtained in the simulations with the proposed H.,-based
observer

relevant for the specific application of UAVs in AVFs, ensuring that the observer design aligns with
the operational characteristics of the system.

We begin by discretizing the dynamic model using Euler’s method with a step size of 0.01.
The resulting system is given by:

{ Try1 = Y(zk, w) (4.84)

Yk = ¢(Tk, i)

where ¢ : R® x R® — R®, ¢ : R® x R* — R? are nonlinear functions depending on the states
. T .

x, the disturbance wy, = [wl Wy W3 W4 W5 W Wy wg] and the measurement noise v, =

T . . . . .
[vl vy U3 v4] representing, respectively the airflow faults disturbances and the sensor noise.
The state and output vectors are as follows:

= [0 Ok Ok Ok Vi Ui 2z ék]T (4.85)

y=ox O Ui Z/c]T (4.86)
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such as ¢ is the roll angle, 6 is the pitch angle, 1 is the yaw angle and z is the vertical altitude. ¢,
0, ¢ are the angular rates and # is the vertical acceleration.

We perform the system transformation according to the approach detailed in Section [4.3.2]
The resulting extended state vector is given by:

( Pk + 1
e[
. 2k + U4
. P+ w1
kakal + Orasf) + biug + wo
Skt1 = O, + ws
- . (4.87)
Pr¥Ras + grasfd + byus + wy
o Yt ws
PrOkas + bsuyg + we
Zk +wy
| —g + cos(y) cos(O) % + ws |
(Y =C&, C=1[I4 0].

such as I, is an identity matrix of dimension 4.

Simulations are performed on the transformed model and made by the mean of Matlab LMI
toolbox with Yalmip interface. The introduced disturbances and measurement noise are modeled
by zero-mean Gaussian distribution with covariance equal to 0.01 and 0.02, respectively, reflecting
the indoor environment. As show the results in Figure the convergence of the estimated states
highlights the observer’s capacity to handle sensor noise and disturbances over 5s of simulation
time, which is a common temporal window allowing to capture important transient responses for
UAVs of fast dynamics especially for small drones like the OS4,.

4.5 Conclusion

In this chapter, to account for the disturbances that the operating UAV may encounter while func-
tioning within the AVF, we propose three distinct nonlinear observer designs. Two of these designs
are applied to a continuous-time model of the UAV, while the third is based on a discrete-time
model to simplify implementation and improve computational efficiency. The results obtained
demonstrate the effectiveness of the proposed approaches
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Figure 4.6 — States and their estimates obtained in the simulations with the proposed discrete-time
extended dynamic output observer
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This thesis is part of a larger effort to address global challenges in fresh food production in general
and agriculture in particular, mainly in the context of vertical farming and precision agriculture.
The Adaptive Vertical Farm (AVF) concept, investigated in the framework of this PhD project, is a
cutting-edge technology aiming to optimize the vertical space among cultivation shelves to adapt to
crop growth during the production cycle. Thus, the concept is believed to align with global trends
toward resource-efficient farming methods to support the global transition toward more sustainable
food production. The vegetable food production technology transferred by Space V S.r.l. for space
exploration holds significant promise for addressing critical challenges in food production on Earth.
Initially designed to sustain astronauts with locally grown fresh food during long-duration missions
aboard the International Space Station (ISS), the potential of the AVF is not only confined to space
farming applications. The scalability and adaptability of the adaptive multilayer greenhouse make
it also a promising solution for overcoming the challenges associated with conventional agriculture,
particularly in regions where space, water, and energy are limited. In urban environments, vertical
farming systems supported by the adaptive principle can contribute to local food security along with
reducing the carbon footprint of food transportation. AVFs can be integrated into existing infras-
tructure, reducing the need for new land and providing a sustainable means of growing a variety
of crops. During three years of this PhD project, we have explored two key development areas to
optimize the performance of the innovative multilayer greenhouse: growing crops within the AVF
and the possibility of integrating UAVs to enable the crops’ continuous monitoring, detecting even-
tual diseases, assessing irrigation and nutrient needs, allowing for more informed decision-making
during the production cycle.

Chapter [1] provides a comprehensive overview of existing vertical farming solutions, covering both
the employed paradigms and key technological trends, such as the integration of sensors, actuation
systems, aerial robotics platforms for crop monitoring, and artificial intelligence-based techniques
for optimizing farm automation. The chapter introduces the motivations and core concepts behind
the AVF with respect to the rapid growth of the vertical farming market. The conceptual design
and its main subsystems (i.e., subsystems of air conditioning, lighting, fertirrigation, shelf handling,
microclimate for each shelf, etc.) are showcased, highlighting the advantages in terms of sustain-
ability and efficiency compared to traditional VFs. In this scope, the chapter also explores the
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potential integration of UAV platforms into the AVF as a dynamic monitoring subsystem to address
current technical challenges related to the dynamic architecture of the AVF. In order to investigate
in depth the objectives, a theoretical background is presented in Chapter [2] for understanding the
key concepts applied in the continuation of this work, mainly data-driven models and nonlinear
LMI-based observers, essential tools for the results presented in Chapter [3]and Chapter [4]

Chapter 3| is devoted to the crop cultivated within the AVF, addressing mainly the crop growth
modeling regarding the dynamic nature of the greenhouse. The lettuce growth model is consid-
ered, as commonly used for traditional vertical farms due to its rapid growth cycle, making it an
ideal candidate for controlled environment systems. This is particulary beneficial in testing and
simulation scenarios where clear results are needed in a short time. As a commonly grown crop in
vertical farming systems, lettuce shares its growth characteristics with leafy greens, herbs, and mi-
crogreens, which allows the model to generalize across a range of similar crops. We have presented
two different approaches to model the growth of crops within an AVF. The first one is based on a
dynamic model described by a two-ODE system, which depends on several parameters to be prop-
erly tuned via an identification procedure based on a least-squares cost to optimize performances.
The second approach relies on a data-driven, black-box model having the form of one-hidden-layer
feedforward neural networks, which must be trained to obtain an approximation of the crop growth
dynamics. Our results indicate that, on the one hand, the ODE-based model provides reliable pre-
dictions, but it requires precise parameter tuning. On the other hand, the black-box model offers
greater flexibility and adaptability to different crop types (mainly leafy greens, herbs) and envi-
ronmental conditions. Once trained, it significantly reduces computational effort, making it more
suitable for real-time applications in AVFs. However, while the lettuce growth model is effective
for certain crops, it has limitations when generalized to other plants. Different species possess
unique physiological characteristics and growth requirements. For instance, fruiting plants such as
tomatoes, cucumbers, or peppers have a more complex growth cycle that includes fruiting stages,
which the lettuce model does not account for. Similarly, root vegetables like carrots, beets, or
radishes have growth patterns focused on root development, which would not be fully captured
by the lettuce-based model. These differences in growth dynamics mean that the same parameters
used for lettuce may not be sufficient to accurately model these plants, requiring species-specific
adjustments to the model’s parameters.

In order to ensure a bird’s-eye view on crops and the growing environment through the monitor-
ing UAVs, an accurate state estimation for the drone is essential. In fact, as AVF environments
present unique challenges such sensor noise, disturbances from machinery, varying environmental
conditions, and confined spaces, accurate state estimation becomes crucial for UAV to perform the
demanded tasks. The key contributions of Chapter [4] include the development of a observer de-
sign based on Linear Matrix Inequality (LMI)-based H., state estimation that relies on improved
LMI conditions and an observer design by using a new output-based dynamic extension approach,
which was applied in both continuous and discrete cases. The efficiency of the proposed estimated
scheme was assessed and showed an ability to maintain accurate estimates in challenging condi-
tions. Within the scope of this thesis, the use of UAVs remained a concept. While this provides
valuable insights into the potential applications of UAVs in precision agriculture, it is important to
acknowledge that real-world applications introduce several challenges that were not fully captured
such as the coordination with the shelves’ movements, the trajectory of the drone, etc. It is also
worth noting that, the work does not delve into the specific sensors and actuators required for the
adaptive aspects of the AVF, apart from the fondamental sensors and actuators of traditional VFs.
For example, the potential for real-time adjustments of layer distances to optimize UAV operation
or other farming processes is not explored in detail. These limitations in sensor and actuator in-
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tegration in the context of the AVF are areas for future improvement. It is important to note that
during the time of this thesis, the prototype’s sensorization and actuation systems were still under
development, which limited the ability to include detailed discussions on these components.

To this end, future work will delve into deepening the current works and exploring new pillars of
the AVF developement. Among others, we cite :

e Refining the parameter estimation process for the white-box model to enhance its generaliz-
ability and robustness considering different crop types (i.e. leafy greens, fruitig plants, and
root vegetables).

e Exploring the use of more advanced neural network architectures, such as recurrent or multi-
layer networks, to improve the accuracy of the black-box model.

e Coupling the black-box approach with the scheduling algorithms proposed for the AVF (e.g.
[128,29,(31] in order to have an integrated framework for the optimization of the AVF perfor-
mance.

e Investigating advanced nonlinear estimation techniques, including Al-based estimation meth-
ods, and comparing the results to identify the most effective observer design. This could be
coupled with a control strategy for both shelf movements and task-specific UAV trajectories.

The AVF is a revolutionary, cutting-edge technology for both terrestrial and space-based agriculture.
Researchers from Space V, the University of Genoa, and collaborating institutions, alongside myself,
will continue working on its development, with the aim of making a complete functionnal system
in very near future.
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Abstract

The world’s population is projected to approach 10 billion by 2050, driving an expected rise in food
demand due to population growth, economic development, and urbanization. To meet this de-
mand sustainably, greenhouse systems, particularly vertical farming, have emerged as a promising
solution, offering high crop yields per unit of cultivation area. The Adaptive Vertical Farm (AVF),
is an innovative industrial vertical greenhouse that dynamically adjusts the distance between its
stacked shelves, optimizing growing conditions as plants progress through their growth stages.
This adaptive principle overcomes the traditional conflict between maintaining optimal conditions
and minimizing energy consumption.

This thesis presents two main research axes contributing to the development of the AVF. The first
axis focuses on developing a data-driven, black-box growth model for crops cultivated in AVFs.
Given the dynamic adaptation to plant growth, an accurate crop growth model is essential for opti-
mizing shelf movement and system control. While traditional dynamic growth models often rely on
numerous parameters and are specific to certain crop types, we propose a black-box approach using
feedforward neural networks to predict plant height at each time step. This model is adaptable to
various crop types, computationally efficient after training, and particularly suitable for innovative
vertical farming systems like the AVF. The effectiveness of the model is illustrated through synthetic
and real-world datasets, showcasing its potential in optimizing crop production.

The second research axis focuses on automating the AVF using Unmanned Aerial Vehicles (UAVs)
within the context of Precision Agriculture. UAVs support applications such as crop health moni-
toring, automatic pollination, spraying, and irrigation, optimizing farm operations across stacked
shelves and complementing the existing stationary sensors. To support this automation, we in-
troduce observer designs for nonlinear systems using Linear Matrix Inequalities (LMIs) to provide
accurate state estimation for UAVs, ensuring exponential convergence of the observer. Two key
contributions are presented: first, a new, less conservative LMI condition applied to solve the H,
circle criterion design, and second, a nonlinear observer design based on output dynamic exten-
sion. This method minimizes the impact of measurement noise and guarantees the Input-to-State
Stability (ISS) property of the estimation error via a novel LMI condition.

Key words: Adaptive Vertical Farm (AVF), Black-box approach, Crop Growth Model, Data-driven
Modeling, Feedforward Neural Networks, Optimization, UAVs, Nonlinear Observer Design, Linear
Matrix Inequalities (LMIs), Input-to-State Stability (ISS).






Riassunto

La popolazione mondiale dovrebbe avvicinarsi ai 10 miliardi entro il 2050, con un aumento
previsto della domanda alimentare dovuto alla crescita demografica, allo sviluppo economico e
all'urbanizzazione. Per soddisfare questa domanda in modo sostenibile, i sistemi di coltivazione
in serra, in particolare l'agricoltura verticale, sono emersi come una soluzione promettente, of-
frendo alti rendimenti per unita di superficie coltivata. La Serra Verticale Adattiva (SVA), € una
serra verticale industriale innovativa che regola dinamicamente la distanza tra i suoi scaffali impi-
lati, ottimizzando le condizioni di crescita man mano che le piante progrediscono nei loro stadi
di sviluppo. Questo principio adattativo supera il conflitto tradizionale tra il mantenimento delle
condizioni ottimali e la minimizzazione del consumo energetico.

Questa tesi presenta due principali assi di ricerca che contribuiscono allo sviluppo della SVA. 11
primo asse si concentra sullo sviluppo di un modello di crescita delle colture basato su dati e un
approccio a scatola nera per le piante coltivate nelle SVA. Data I'adattabilita dinamica alla crescita
delle piante, un modello di crescita preciso & essenziale per ottimizzare il movimento degli scaf-
fali e il controllo del sistema. Mentre i modelli di crescita dinamici tradizionali spesso dipendono
da numerosi parametri e sono specifici per determinati tipi di colture, proponiamo un approc-
cio a scatola nera usando reti neurali feedforward per prevedere l'altezza delle piante ad ogni
passo. Questo modello € adattabile a diversi tipi di colture, computazionalmente efficiente dopo
I'addestramento e particolarmente adatto a sistemi di agricoltura verticale innovativi come la SVA.
L’efficacia del modello e dimostrata attraverso set di dati sintetici e reali, mostrando il suo poten-
ziale nell’ottimizzazione della produzione agricola.

Il secondo asse di ricerca si concentra sull’automazione della SVA utilizzando veicoli aerei senza pi-
lota (UAV) nel contesto dell’agricoltura di precisione. Gli UAV supportano applicazioni come il mon-
itoraggio della salute delle colture, la pollinizzazione automatica, la nebulizzazione e I'irrigazione,
ottimizzando le operazioni agricole attraverso gli scaffali impilati e complementando i sensori es-
istenti. Per supportare questa automazione, proponiamo la progettazione di osservatori per sistemi
non lineari usando Inuguaglianze Matriciali Lineari (LMI) per fornire una stima precisa dello stato
degli UAV, garantendo la convergenza esponenziale dell’osservatore. Due contributi chiave sono
presentati: prima, una nuova condizione LMI meno conservativa applicata per risolvere il criterio
circolare H,, e in secondo luogo, una progettazione di osservatore non lineare basata su esten-
sione dinamica dell’'uscita. Questo metodo minimizza I'impatto del rumore di misura e garantisce
la proprieta di stabilita entrata-uscita (ISS) dell’errore di stima tramite una nuova condizione LMI.

Parole chiave : Serra Verticale Adattiva, Approccio a scatola nera, Modello di crescita delle colture,
Modello basato su dati, Reti neurali feedforward, Ottimizzazione, UAV, Progettazione di osservatori
non lineari, Inuguaglianze Matriciali Lineari (LMI), Stabilita entrata-uscita .






Résumé

La population mondiale devrait atteindre prés de 10 milliards d’ici 2050, entrainant une hausse
attendue de la demande alimentaire due a la croissance démographique, au développement
économique et a l'urbanisation. Pour répondre a cette demande de maniére durable, les sys-
témes de cultures en serre, notamment l'agriculture verticale, se sont imposés comme une solution
prometteuse, offrant des rendements élevés par unité de surface cultivée. La Serre Verticale Adap-
tative (SVA) est une serre verticale industrielle innovante qui ajuste dynamiquement la distance
entre ses étageres empilées, optimisant ainsi les conditions de croissance a mesure que les plantes
progressent dans leurs stades de développement. Ce principe adaptatif permet de surmonter le con-
flit traditionnel entre le maintien de conditions optimales et la minimisation de la consommation
d’énergie.

Cette these présente deux axes de recherche principaux contribuant au développement de la SVA.
Le premier axe consiste a développer un modele de croissance des cultures basé sur des données
et une approche boite noire pour les plantes cultivées dans les SVA. Etant donnée I'environnement
dynamique de la cultivation qui s’adapte a la croissance des plantes tout au long du cycle de la pro-
duction, un modeéle précis de croissance des cultures est essentiel pour optimiser le mouvement des
étagéres et le controle du systeme. Tandis que les modéles de croissance dynamique traditionnels
dépendent souvent de nombreux parameétres et sont spécifiques a certains types de cultures, nous
proposons une approche boite noire utilisant des réseaux de neurones a action directe pour prédire
la hauteur des plantes a chaque étape. Ce modele est adaptable a divers types de cultures, efficace
en termes de calcul aprés 'entrainement et particulierement adapté aux systemes d’agriculture ver-
ticale innovants tels que la SVA. L’efficacité du modele est démontrée a travers des ensembles de
données synthétiques et réelles, mettant en avant son potentiel dans 'optimisation de la production
agricole.

Le second axe de recherche se concentre sur 'automatisation de la SVA grace a l'intégration de
véhicules aériens sans pilote (UAV) dans le cadre de I'agriculture de précision. L’intégration des
UAV permet de réaliser des applications telles que le suivi de la santé des cultures en complément
des données recueillies par les capteurs stationnaires existants, la pollinisation automatique, la
pulvérisation et lirrigation, etc., optimisant ainsi les opérations agricoles a travers les étageres
empilées et complétant les capteurs stationnaires existants. Pour soutenir cette automatisation,
nous proposons différentes méthodes de synthése d’observateurs pour des systemes non linéaires
utilisant des inégalités matricielles linéaires (LMI) fournissant ainsi une estimation précise de I'état
des UAV et garantissant la convergence exponentielle de 'observateur. Deux contributions majeures
sont présentées : premierement, une nouvelle condition LMI moins conservatrice appliquée pour
résoudre le critére circulaire H.,, et deuxiemement, une méthode de synthese d’observateur non
linéaire basée sur une extension dynamique de la sortie. Cette méthode minimise I'impact du bruit
de mesure et garantit la propriété de stabilité entrée-état (ISS) de I'erreur d’estimation via une
nouvelle condition LMI.

Mots cles : Serre Verticale Adaptative (SVA), Modeéle de Croissance des Cultures, Modele Boite
Noire, Réseaux de Neurones Feedforward , UAV, Optimisation, Inégalités Matricielles Linéaires
(LMI), Synthese d’Observteurs Non-Linéaires, Stabilité Entrée-Etat.
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