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English Abstract

Greenhouse agriculture in arid and semi-arid regions, such as Biskra, Alge-
ria, faces significant challenges due to extreme climatic conditions, leading to
high energy consumption for microclimate regulation. This thesis presents a
framework for intelligent microclimate management to enhance sustainabil-
ity and productivity. The core of this work is the development and validation
of advanced Artificial Intelligence (AI) models for the predictive modelling
of the internal greenhouse environment. These predictive models serve as
the foundation for a sophisticated control system. A robust H-infinity con-
troller is designed and implemented to ensure precise temperature regula-
tion, demonstrating superior performance over traditional methods by ef-
fectively handling system uncertainties and external disturbances. Further-
more, the research conducts a thorough analysis of the heating and cooling
energy requirements of greenhouse structures in the Biskra province, eval-
uating the economic and environmental costs associated with conventional
energy sources. This work investigates and proposes sustainable energy uti-
lization models, with a focus on solar solutions, tailored to the specific needs
of the region. The results demonstrate that Al-based predictive modelling
provides a reliable and accurate model of greenhouse climates, and robust
control ensures a stable climate against external conditions. Energy models
are also studied and proposed in this work, and their effective management
significantly reduces energy consumption while maintaining optimal growth
conditions. This thesis contributes a simulation and data-driven solution and
experimental validation that addresses the climate modelling, climate con-
trol, and energy in greenhouse agriculture, offering a viable pathway towards
energy-efficient and resilient greenhouse farming in challenging climates.

Keywords: Greenhouse Microclimate, Artificial Intelligence, Predictive
Modelling, Robust Control, H-infinity Controller, Sustainable Agriculture,
Arid Climate, Energy Efficiency, Heating and Cooling Loads, Biskra, Algeria.



Résumé

L’agriculture sous serre dans les régions arides et semi-arides, telles que la
province de Biskra en Algérie, est confrontée & des défis majeurs dus aux con-
ditions climatiques extrémes, entrainant une consommation d’énergie élevée
pour la régulation du microclimat. Cette thése présente un cadre de gestion
intelligente du microclimat afin de renforcer la durabilité et la productivité
agricole. Le cceeur de ce travail repose sur le développement et la valida-
tion de modéles avancés d’'Intelligence Artificielle (IA) pour la modélisation
prédictive de ’environnement interne des serres.

Ces modéles prédictifs servent de base a un systéme de controle so-
phistiqué. Un controleur robuste H., est concu et implémenté pour as-
surer une régulation précise de la température, démontrant des performances
supérieures aux méthodes traditionnelles en gérant efficacement les incer-
titudes du systéme et les perturbations externes. En outre, la recherche
meéne une analyse approfondie des besoins énergétiques en chauffage et en
refroidissement des structures de serres dans la province de Biskra, évaluant
les coflits économiques et environnementaux associés aux sources d’énergie
conventionnelles.

Ce travail étudie et propose des modéles d’utilisation d’énergie durable,
en mettant I’accent sur les solutions solaires adaptées aux besoins spécifiques
de la région. Les résultats démontrent que la modélisation prédictive basée
sur I'TA fournit un modéle fiable et précis du climat des serres, tandis que
le controle robuste garantit la stabilité climatique face aux conditions ex-
térieures. Cette thése contribue & une solution axée sur les données et la
simulation, validée expérimentalement, qui aborde la modélisation, le con-
trole et 1’énergie, offrant ainsi une voie viable vers une agriculture sous serre
résiliente et économe en énergie dans des climats difficiles.

Mots-clés : Microclimat des Serres, Intelligence Artificielle, Modélisation
Prédictive, Controle Robuste, Controleur H-infini, Agriculture Durable, Cli-
mat Aride, Efficacité Energétique, Charges de Chauffage et de Refroidisse-
ment, Biskra, Algérie.
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Chapter 1

Introduction

This chapter establishes the context and significance of the research. It begins
by highlighting the importance of greenhouse agriculture for food security
in Algeria, particularly in arid regions like Biskra. It then delves into the
primary challenge: the immense energy cost and difficulty of microclimate
control due to extreme external weather.

1.1 Background and Problem Statement

The agricultural sector faces several issues in Biskra, Algeria (figure 1.1).
Sustainable agriculture offers an alternative that could mitigate environmen-
tal degradation and address increasing demand for employment and food
|1], [26]. The city of Biskra itself is located at approximately 34°51" N lati-
tude and 5°43’ E longitude, characterized by steep slopes in the northern and
south-eastern parts, sandy plains in the central area, and dunes or sand-filled
depressions elsewhere. The Biskra region is characterized by extreme temper-
atures typical of an arid climate. While average summer maximums regularly
exceed 45°C, record highs can be much greater; for instance, the maximum
temperature recorded in June has reached 48.2°C [2]. Winter nights can be
very cold, and January minimums frequently fall below 0°C, with all-time
record lows dropping to —5°C or colder. The significant variation in temper-
ature poses a major challenge to agriculture in the region.

Adaptive farming techniques in arid regions must be designed to function
over wide temperature ranges, a key difference from humid climates where
frost may be a greater concern than extreme heat. Irrigation must be man-
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Figure 1.1: An illustration of the studied location, source MapChart.

aged not only for crop hydration but also to moderate temperature extremes
[3][8]. A significant challenge in arid zones such as Biskra is the juxtaposi-
tion of long periods of drought with occasional, intense precipitation events,
requiring agricultural systems to handle both a lack of water and a sudden
excess of it. The region receives low average precipitation of about 120-
160 mm per year, primarily in winter. This, combined with intense summer
heat, leads to very high evaporation rates and hot, dry winds. To counter
these conditions, Biskra’s agriculture relies on the efficient use of groundwa-
ter from wells, sustaining permanent oases that support the cultivation of
dates and vegetables.

The agricultural expansion in Biskra has continued and even accelerated
significantly since 2004, transforming the region into one of Algeria’s most
important agricultural powerhouses. The cultivated area has grown dramati-
cally from 155,000 hectares in 2004 to well over 250,000 hectares by the early
2020s [1],]6],]135]. This growth represents a fundamental shift in the type of
agriculture practiced. The most significant development has been the boom
in “plasticulture,” with a massive increase in greenhouses making Biskra the
national leader in off-season vegetables like tomatoes, peppers, and melons.
Alongside this, the use of modern center-pivot irrigation for large-scale cereal
and potato farming has also continued to expand.

While date palms remain iconic, the regional economy has diversified
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heavily towards this high-value market gardening. However, this entire agri-
cultural revolution is fueled by the intensive exploitation of the Albian Aquifer,
a massive but largely non-renewable fossil water source. Therefore, while
Biskra’s agricultural growth has been an immense economic success, it has
created a profound environmental challenge centered on the sustainable man-
agement of its finite water resources [9],[10].

Climate change has compounded volatility, with increased prolongation,
intensity, and frequency of drought affecting rain-fed and irrigated systems
through fluctuating rainfall, surface air temperature, solar radiation, and ex-
treme weather events. Rural communities respond by adjusting activities
and incomes, underscoring the need for sustainable agricultural development
to ensure high production while preserving resources. Key determinants in-
clude global market prices, local prices for seeds and fertilizer, labor-income,
and changes in precipitation and irrigation water availability. Maintaining
soil and water quality remains essential [10],[11].

1.2 State of the Art and Literature Review

Governments worldwide increasingly recognize greenhouse production as a
cornerstone of modern agriculture, citing its profound environmental, so-
cial, and economic benefits [9],[10]. By providing a controlled environment,
greenhouses enhance food security, offer off-season produce, generate employ-
ment, and diminish rural poverty. This potential has fueled their widespread
growth, particularly in regions with challenging climates. However, the in-
herent characteristics of greenhouses—low thermal capacity and significant
anthropogenic heat generation—necessitate highly efficient climate manage-
ment to ensure their sustainability [11],]130],[133].

This challenge is particularly acute in arid and semi-arid regions, such as
those in the Near East, Saudi Arabia, and North Africa. Since the 1970s, fac-
tors like population growth and agriculture-driven immigration have spurred
the expansion of greenhouse horticulture in these areas [7][134]. Greenhouses
offer a lifeline, enabling the cultivation of crops otherwise unsuited to the
regional climate, high-intensity sunlight, and often saline irrigation water.
Yet, this creates a paradox: the very technology used to shield crops from a
harsh external environment becomes exceptionally energy-intensive to oper-
ate. The extreme ambient temperatures and solar radiation impose a massive
cooling load, while cold desert nights can still require heating. Consequently,
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controlling the internal microclimate for crop protection and yield assurance
is a critical, energy-demanding task that stands as a primary barrier to eco-
nomic and environmental sustainability [12],[135]. As the global footprint of
controlled environment agriculture expands—with projections for some crops
in the USA exceeding 200 million m? by 2025—the imperative to optimize
production through precise modeling and control has never been more urgent.

1.2.1 Modelling the Greenhouse Microclimate

To address the challenge of climate management, researchers have devel-
oped sophisticated models to describe and predict the dynamic behavior of
the greenhouse environment. A robust model is the foundation of any ad-
vanced control strategy, allowing for the forecasting of internal conditions
and the optimization of resource use. The literature reveals three princi-
pal approaches to modeling: physical-mathematical models, comprehensive
simulation models, and data-driven models [15],[16].

1. Physical-Mathematical Models

The most fundamental modeling technique is rooted in the mathemat-
ical description of the physical system, based on the laws of heat and
mass transfer. Since the 1950s, numerous attempts have been made to
develop models that predict the dynamic behavior of the greenhouse
based on first principles [4],[18]. These models, often comprising a
set of algebraic or differential-algebraic equations, describe the energy
and mass balance between the internal air, the crop, the cover, and
the soil. A common approach involves transient one-dimensional ther-
mal models that predict the performance of the greenhouse by treating
each component as an isothermal surface [5],[20]. For control appli-
cations where computational efficiency is paramount, these complex
models are often simplified into "lumped-parameter" representations.
In a lumped-parameter model, the greenhouse air is treated as a single,
well-mixed zone, allowing for efficient calculation without solving de-
tailed governing equations [2],[9]. While powerful in their explanatory
capacity, the primary limitation of purely physical models is their com-
plexity and the need for numerous, often difficult-to-measure, physical
parameters of the greenhouse structure and crop.
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2. Simulation Models (CFD)

Simulation models are used to predict the microclimate based on a
combination of empirical relations and physical principles, consider-
ing external weather conditions, solar radiation, and internal processes
[3][11]. Among the most powerful simulation tools are those based on
Computational Fluid Dynamics (CFD). CFD models provide a
detailed, three-dimensional spatial distribution of temperature, humid-
ity, and air velocity by dividing the greenhouse into a fine grid and
solving the governing fluid dynamics equations.

CFD is exceptionally useful during the design phase of a greenhouse or
for diagnosing issues with airflow and temperature uniformity in exist-
ing structures. However, this high level of detail comes at the cost of
immense computational effort, making CFD models generally unsuit-
able for the real-time calculations required for online control applica-
tions. There is an inherent trade-off: models simple enough for control
are often not accurate enough for detailed design, and vice-versa.

3. Data-Driven Models

In recent years, data-driven models have emerged as a powerful and
flexible alternative. These models characterize the system’s input-
output behavior using measurement data, without requiring explicit
a priori knowledge of the underlying physical structure [4],[15]. This
approach is highly effective for complex, non-linear systems like green-
houses, where physical processes are difficult to describe perfectly.

Techniques range from traditional time-series analysis to advanced ma-
chine learning algorithms, including Artificial Neural Networks
(ANNSs), Support Vector Machines (SVM), and Extreme Learn-
ing Machines (ELM). Both feedforward NNs (e.g., multilayer per-
ceptron) and dynamic NNs (e.g., backpropagation networks) have been
successfully applied. For instance, researchers have used NNs to model
transpiration rates, growth factors, and photosynthetic uptake based
on input data such as internal/external temperature, humidity, and
nutrient concentrations [16|[17]. The primary advantage of data-driven
models is their ability to capture complex dynamics directly from op-
erational data, making them highly suitable for developing predictive
models for real-time control.
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1.2.2 Control Strategies for Greenhouse Climate Man-
agement

Based on the insights provided by these models, various control strategies
have been developed to regulate the greenhouse environment [10],[42],[60],|82].
The goal is to maintain optimal conditions for crop growth while minimizing
the consumption of resources like energy and water. The literature shows a
clear evolution from simple reactive mechanisms to sophisticated predictive
strategies [11],[61],[62].

While various control strategies have been developed, the practical im-
plementation often faces challenges [11][43]. Proportional-Integral-Derivative
(PID) controllers, though widely implemented due to their simplicity, exhibit
fundamental limitations in the complex, non-linear, and time-varying envi-
ronment of a greenhouse [42], [121] 125]. Their fixed gains, typically optimized
for a single operating point, struggle to provide consistent performance as
the thermal dynamics shift with external conditions like solar radiation and
ambient temperature. This can lead to either sluggish responses or aggres-
sive control actions causing significant overshoot and oscillations, potentially
stressing or damaging crops [126], 129]. Furthermore, inherent time delays in
thermal systems and the potential for integrator windup can further impair
PID performance [63][64].

Advanced strategies such as Model Predictive Control (MPC) offer a pow-
erful framework by using an explicit model to predict future behavior and
compute optimal control actions [44] 53]. MPC can proactively manage the
climate by anticipating disturbances |58, [59]. However, its primary drawback
is the significant computational burden associated with solving a constrained
optimization problem repeatedly in real-time [60]-[62]. This often demands
processing power and memory exceeding the capabilities of the inexpensive
microcontrollers typically used in cost-effective agricultural automation sys-
tems [63]-[67]|74], 120].

These limitations highlight the need for control strategies that offer ro-
bustness against uncertainties and disturbances while remaining computa-
tionally feasible for practical implementation. Robust control techniques,
such as H-infinity (H,,) control, present a promising alternative. As demon-
strated by Brikel et al. [132], the H,, framework can be systematically
applied to design controllers that guarantee stability and performance bounds
even with model uncertainties, offering a balance between the simplicity of
PID and the performance of MPC see Figure 1.2, making it well-suited for
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deployment on accessible hardware platforms in agricultural settings [77]-

&1].

1.

Feedback Control and Automated Systems

The most common class of regulation techniques involves feedback
control, where sensors monitor variables like temperature and humid-
ity, and actuators (vents, heaters, foggers) are adjusted to correct de-
viations from a desired setpoint [20]. Many modern greenhouses now
include a high degree of automation, with sensors for light, soil mois-
ture, and nutrients informing integrated control systems [9],[132]. How-
ever, a key limitation of simple feedback is its reactive nature; it can
only respond to an error after it has already occurred. Furthermore,
the nonlinear relationships in a greenhouse, such as the effect of vent
aperture on temperature, are difficult to manage precisely with simple
open-loop or linear feedback control [22],[23].

Optimal and Predictive Control Approaches

To overcome the limitations of reactive control, advanced strategies
based on optimal control have been developed.In figure 1.2 there
are these methods aim to maintain the climate within grower-defined
bounds while explicitly minimizing an objective function, typically en-
ergy consumption. Frameworks such as the Hamilton-Jacobi-Bellman
formalism have been applied to reduce plant stress while adhering to
temperature limits [24],[25].

The state-of-the-art in greenhouse control is Model Predictive Con-
trol (MPC). MPC is an advanced optimal control strategy that uses
a dynamic model of the system to predict its future evolution and com-
pute the optimal control actions over a prediction horizon [2],[27]. By
repeatedly solving this optimization problem online, MPC can proac-
tively manage the climate, anticipating disturbances like changes in
solar radiation rather than just reacting to them. Various MPC frame-
works have been scrutinized, including nonlinear MPC based on Volterra
series models for regulating temperature via natural ventilation and
MPC schemes integrated with optimization algorithms like particle
swarm optimization to achieve significant energy savings [4][28]. While
various control strategies have been developed, the practical implemen-
tation often faces challenges. Proportional-Integral-Derivative (PID)
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controllers, though widely implemented due to their simplicity, exhibit
fundamental limitations in the complex, non-linear, and time-varying
environment of a greenhouse [42, 121, 125]. Their fixed gains, typi-
cally optimized for a single operating point, struggle to provide con-
sistent performance as the thermal dynamics shift with external con-
ditions like solar radiation and ambient temperature. This can lead to
either sluggish responses or aggressive control actions causing signifi-
cant overshoot and oscillations, potentially stressing or damaging crops
[126, 129]. Furthermore, inherent time delays in thermal systems and
the potential for integrator windup can further impair PID performance
[132].

Advanced strategies such as Model Predictive Control (MPC) offer a
powerful framework by using an explicit model to predict future behav-
ior and compute optimal control actions [44, 53]. MPC can proactively
manage the climate by anticipating disturbances [58), [59]. However, its
primary drawback is the significant computational burden associated
with solving a constrained optimization problem repeatedly in real-time
[60]-]62]. This often demands processing power and memory exceeding
the capabilities of the inexpensive microcontrollers typically used in
cost-effective agricultural automation systems [63]-[67],[74, 120].

These limitations highlight the need for control strategies that offer ro-
bustness against uncertainties and disturbances while remaining com-
putationally feasible for practical implementation. Robust control tech-
niques, such as H-infinity (H.,) control, present a promising alterna-
tive. As demonstrated by Brikel et al.[132], the H., framework can
be systematically applied to design controllers that guarantee stabil-
ity and performance bounds even with model uncertainties, offering a
balance between the simplicity of PID and the performance of MPC,
making it well-suited for deployment on accessible hardware platforms
in agricultural settings [77]-|83].

1.2.3 The Energy Nexus: Consumption, Efficiency, and

Renewables

Controlling the greenhouse environment is an energy-intensive process, mak-
ing energy management a pivotal aspect of operational profitability and sus-
tainability|34],[36],[133],[134]. Research in this domain focuses on three in-
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terconnected areas: analyzing energy consumption, implementing efficiency
measures, and integrating renewable energy sources.

A key efficiency strategy involves the design of semi-closed greenhouses,
which allow for the reuse of exhaust heat for subsequent heating require-
ments, thereby reducing fuel consumption, COy emissions, and water and
pesticide use [10],[28]. The most transformative approach, however, is the
integration of renewable energy [39],[49]. Given that solar irradiance is the
most abundant energy source in nature, numerous studies have explored
its use in greenhouses [11],[29]. A promising technology is the integration
of photovoltaic-thermal (PV/T) panels, which simultaneously generate
electricity and capture thermal energy from surplus solar radiation. Models
have shown that roof-mounted PV /T systems can significantly reduce cool-
ing demands, support passive ventilation, and generate sufficient electricity
to power the greenhouse, offering a pathway to stand-alone, sustainable op-
eration in arid climates [5],[30][44].

1.2.4 Synthesis and Identification of the Research Gap

The state-of-the-art reveals a clear and consistent progression in the manage-
ment of greenhouse systems|31],[32],[41]. The literature documents a defini-
tive shift from simple physical descriptions to highly sophisticated data-
driven modeling techniques (AI/ML), which excel at capturing the com-
plex, non-linear dynamics of the microclimate [9],[33],]125]. Concurrently,
control strategies have evolved from basic reactive feedback loops to proac-
tive and resource-efficient Model Predictive Control (MPC) frameworks
[22],[127]. Furthermore, there is a strong and growing emphasis on holistic
resource management, focusing on minimizing energy consumption through
both efficiency measures and the integration of renewable energy, along-
side advanced irrigation and crop management techniques.

Despite these significant advancements in individual domains, a critical
review of the literature reveals that these components are often investigated
in isolation. While one study may develop an excellent predictive model and
another may design an efficient MPC controller, there is a notable scarcity
of research that develops and validates a fully integrated, intelligent manage-
ment system [34],[65].

Therefore, the primary research gap identified is the need for a holis-
tic framework that synergistically combines Al-based predictive micro-
climate models with advanced robust control strategies to simulta-
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neously optimize energy consumption, water usage, and crop productivity.
There is a specific need to develop and validate such a system within the
uniquely challenging agro-climatic context of an arid region such as Biskra,
Algeria, where extreme environmental conditions make resource efficiency
paramount. This thesis aims to address this gap by proposing and developing
such an integrated intelligent system.

1.3 Contribution of this Work

This thesis addresses a critical gap in the literature by moving beyond iso-
lated analyses of modeling or control to present a holistic, integrated solution
for sustainable agriculture in arid regions. The primary contribution of this
research is the development and validation of a novel intelligent framework
for the proactive management of greenhouse microclimates, specifically tai-
lored to the challenging conditions of Biskra, Algeria. The specific original
contributions of this work in the figure 1.3 are:

1. Development of a Novel Integrated Intelligent Framework:
This research pioneers a synergistic framework that uniquely combines
Al-based predictive modeling with advanced robust control. Unlike pre-
vious studies that often treat these components separately, this work
demonstrates how the predictive power of Al can be effectively cou-
pled with the stability and precision of an H,, controller to create a
proactive, rather than reactive, management system. This integrated
approach represents a significant advancement in the field of controlled
environment agriculture.

2. Context-Specific AI-Based Microclimate Model for Arid Re-
gions: This thesis presents the first comprehensive Al-based micro-
climate model developed, trained, and validated specifically using em-
pirical data from the agro-climatic context of Biskra. This provides
a high-fidelity predictive tool that captures the unique non-linear dy-
namics of greenhouses in this region, offering a significant improvement
over generalized models and providing a valuable new resource for local
agricultural engineering.

3. Application and Validation of an H-infinity (H.) Robust Con-
troller: While various control methods have been proposed for green-
houses, this work contributes the novel application and validation of an

22



H-infinity (H.) robust controller for this specific purpose. This
advanced control strategy is explicitly designed to handle the system’s
inherent uncertainties and external disturbances , ensuring stable and
highly efficient temperature regulation where traditional controllers
may falter.

4. A Data-Driven Framework for Sustainable Resource Manage-
ment: Beyond the technical implementation, this thesis provides a
practical, data-driven framework for quantifying the direct impact of
intelligent control on sustainability. By analyzing the resultant energy
savings and modeling the integration with renewable energy sources,
this work offers a valuable tool for farmers, policymakers, and investors
to assess the economic viability and environmental benefits of adopting
advanced automation in arid-climate agriculture.

1.4 QOutline of the Thesis

The thesis is organized into six main chapters, each addressing a specific
aspect of the research, to guide the reader logically from the initial problem
statement to the final conclusions.

1. Chapter 1: Introduction serves as the introduction, presenting the
background, a comprehensive literature review identifying the research
gap, and the primary contributions of the work.

2. Chapter 2: The Thermal Model of Greenhouse Agriculture
delves into the theoretical foundations of thermal modeling for green-
house agriculture, systematically reviewing White Box, Black Box, and
Grey Box models, including their mathematical principles and compar-
ative advantages.

3. Chapter 3: Experimental Systems and Data Acquisition for
Model Development details the experimental methodology, describ-
ing the data acquisition systems and the primary data sources, such
as the University of Biskra weather station and the commercial green-
house at Branis, which is used to analyze the challenges of conventional
energy management.
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4. Chapter 4: Sustainable Energy Solutions for Greenhouse Agri-
culture in Biskra focuses on sustainable energy solutions, using the
Biskra case study to analyze passive and active solar technologies and
presenting the mathematical formulations for evaluating system per-
formance.

5. Chapter 5: Growth Chamber: A Controlled Validation En-
vironment is dedicated to the development and validation of the H-
infinity (H.,) robust controller, using a controlled growth chamber as
the experimental environment to cover its mathematical formulation,
simulation, and real-world validation.

6. Chapter 6: General Conclusion and Future Work provides the
general conclusion and outlook, summarizing the key findings, reiter-
ating the main contributions, and proposing directions for future work.
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Chapter 2

The Thermal Model of
Greenhouse Agriculture

2.1 Introduction

In this chapter, greenhouse agriculture represents a critical advancement in
modern farming, providing a controlled micro-climate to enhance crop cul-
tivation, extend growing seasons, and protect plants from adverse environ-
mental conditions [50],[51].

These structures, whether made of glass or plastic, are designed to ma-
nipulate the internal environment for more effective and predictable crop
production [52],[53]. However, the very nature of a greenhouse—a confined
structure with high solar radiation transmission and relatively low thermal
inertia—makes it susceptible to extreme internal temperature fluctuations.
This necessitates a sophisticated approach to thermal management [54]-[56].

The modeling of the microclimate within an agricultural greenhouse can
be approached through numerous techniques [57]-|59]. As classified by Amara
et al.|2], these dynamic models are typically categorized as white-box, black-
box, and grey-box (Figure 2.1). Following this structure, the present study
will discuss each paradigm in sequence, beginning with white-box models.

2.2  White Box (Mechanistic) Models

White Box models, also known as mechanistic or first-principles models, are
based on a deep understanding of the physical processes that govern the
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Figure 2.1: Black-box, White-box and Grey-box behavior . So the Blue
circle represents the black-box system, the Red circle represents the white
box-system, and their intersection is the grey-box system [131].

greenhouse environment. They are constructed from fundamental laws of
physics, primarily the principles of mass and energy balance and heat transfer
thermodynamics.

2.2.1 Mathematical Foundations

The core of a White Box model is a set of differential or differential-algebraic
equations that describe the thermal dynamics of the system. The greenhouse
is typically divided into several interacting components: the cover, the in-
ternal air, the plant canopy, and the soil. An energy balance equation is
formulated for each component, accounting for all modes of heat exchange:

e Solar Radiation: Short-wave radiation from the sun that enters the
greenhouse.

e Thermal Radiation: Long-wave radiation exchanged between inter-
nal surfaces (plants, soil, cover) and with the sky.

e Convection: Heat transfer between surfaces and the internal air.
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e Conduction: Heat transfer through the soil and the greenhouse cover.

e Latent Heat Exchange: Energy transfer due to evapotranspiration
from the crop and condensation.

These models require detailed knowledge of the physical and thermal
properties of the greenhouse materials, such as the transmissivity and emis-
sivity of the cover, heat capacity of the structure, and aerodynamic resis-
tance of the crop. The ventilation process, driven by wind and buoyancy
(the chimney effect), is a particularly complex non-linear phenomenon that
these models attempt to describe mathematically.

The energy balance of a greenhouse is a fundamental concept used to
understand and model its thermal behavior. It is an accounting of all the
energy entering and leaving the system. At its core, the principle is simple:

Energy In = Energy Out + Energy Stored

A greenhouse’s temperature changes based on the net result of these
energy flows. Here is a breakdown of the key components that make up the
energy balance equation.

2.2.2 Key Components of Energy Exchange

The overall energy balance is determined by several complex heat transfer
processes occurring simultaneously ,the A diagram illustrating the primary
energy flows in a greenhouse represented in Figure 2.2 .

1. Energy Gains (Inputs) The primary source of energy for a green-
house is the sun.

e Solar Radiation (Qsuar): This is the short-wave radiation from
the sun that passes through the greenhouse cover (glazing) and is
absorbed by the plants, soil, and internal structures, converting
to heat.

e Supplemental Heating (Qp.q.;): In colder climates, this is the
energy provided by an artificial heating system to maintain the
desired temperature.

2. Energy Losses (Outputs) Energy is lost from the greenhouse to the
colder outside environment through several mechanisms:
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Figure 2.2: A diagram illustrating the primary energy flows in a greenhouse
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Conduction (Q.onq): Heat transfer directly through the green-
house cover material (glass or plastic).

Convection (Q.ony): Heat transferred by the movement of air,
both from the interior air to the cover and from the outer cover
to the wind.

Thermal Radiation (Q,.q): Long-wave radiation emitted from
the warmer surfaces inside the greenhouse to the colder sky and
surroundings.

Ventilation & Infiltration (Q,..;): Heat lost through the in-
tentional or unintentional exchange of air with the outside.

Latent Heat of Evapotranspiration (Q;,): Energy used by
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plants for transpiration and evaporation from the soil, which cools
the greenhouse.

3. The Energy Balance Equation A simplified, steady-state energy
balance equation for a greenhouse can be expressed as:

Qsolar + Qheat = Qcond + Qconv + Qrad + Qvent + Qlat (21)

Where:

® (Jso1ar — Heat gain from solar radiation

® (neat — Heat gain from the supplemental heating system

RQcona = Heat loss by conduction through the cover

Qconv = Heat loss by convection from the cover

Qraa — Heat loss by long-wave thermal radiation

Qvent — Heat loss through ventilation and infiltration
e ().t = Heat loss due to evapotranspiration (latent heat)
This equation forms the basis of White Box (mechanistic) models
for predicting the temperature inside a greenhouse
4. The Core Principle

The core principle behind a White Box model is the law of conser-
vation of energy, which is applied to the greenhouse system. The set
of differential equations is simply the mathematical formulation of this
energy balance.

The model calculates the change in the greenhouse’s internal energy
(which determines its temperature) over time. This change is the net
result of all the energy flowing into and out of the system. A simplified
differential equation for the temperature of the air inside a greenhouse
(Tin) looks like this:

C(auir% = Z Qin - Z Qout (22)

Where:
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° air% is the differential part. It represents the rate of change

of energy stored in the greenhouse air over time. Cl;, is the ther-
mal mass (or heat capacity) of the air, and ddT;“ is the rate of
temperature change.

® > Qin — D Qout represents the sum of all the heat fluxes (the
physical processes you listed).

Each of the heat transfer mechanisms you mentioned corresponds to a
specific term (Q) in the equation:

e Solar Radiation is a heat gain (Q;,).
e Thermal Radiation, Convection, Conduction, and Latent
Heat Exchange are typically heat losses (Qout)-
Putting it all together, the full equation conceptually states:

The rate of temperature change inside the greenhouse is proportional
to the heat gained from solar radiation minus the heat lost through
conduction, convection, radiation, and evapotranspiration.

This is why White Box models are considered “mechanistic”—the math-
ematical equations directly represent the known physical laws governing
the system.

5. The Mass (Humidity) Balance Differential Equation

To solve for the latent heat term, a corresponding differential equation
for the water vapor concentration (absolute humidity, H;,) inside the
greenhouse is required:

dHin
Vy T E,—Vr-(Hyn — Hout) — C, (2.3)
Where:
o Ui ig the rate of change of internal absolute humidity (kg m=>s71).

e E, is the crop transpiration rate (source term).
o Vi (H;, — Hyy) is the humidity lost through ventilation.

e (., is the rate of condensation on the inner surface of the cover (kg o, S71)-

This set of coupled differential and algebraic equations forms the math-
ematical basis of a White Box model. Solving this system allows for the
dynamic simulation of the greenhouse microclimate.
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2.2.3 Advantages and Disadvantages

The primary advantage of White Box models is their explanatory power.
Because they are built on physical principles, they provide profound insight
into the causal relationships within the system and can predict its behav-
ior under a wide range of conditions, even those not present in the initial
data. However, their main disadvantage is their complexity. Developing an
accurate White Box model is a laborious and time-consuming process that
requires a significant number of parameters, many of which are difficult to
measure accurately. This complexity can also make them computationally
too intensive for real-time control applications.

2.3 Black Box (Empirical) Models

In stark contrast to White Box models, Black Box approaches make no as-
sumptions about the underlying physical mechanisms of the system. Instead,
they aim to construct a mathematical model based solely on observed input-
output data.

2.3.1 Methodological Approach

Black Box system identification infers the relationship between inputs (e.g.,
external weather conditions, vent openings, heating power) and outputs (e.g.,
internal temperature, humidity) from historical time-series data. These mod-
els treat the greenhouse as an opaque "black box", focusing on accurately
mapping its response without needing to understand its internal workings.
A wide range of techniques fall under this category:

e Statistical Models: These include time-series models like ARMAX
(AutoRegressive-Moving-Average with eXogenous inputs) and non-linear
polynomial models such as the Volterra series, which can capture com-
plex dynamic relationships.

e Machine Learning (ML) Models: This is a rapidly growing area,
with Artificial Neural Networks (ANNs) being the most com-
mon approach. Architectures like Feedforward Multi-Layer Percep-
trons (MLPs) and Recurrent Neural Networks (RNNs), particularly
Long Short-Term Memory (LSTM) networks, are well-suited for time-
series forecasting of climate variables.
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2.3.2 Mathematical Formulation of Black Box Models

Black Box models are empirical in nature and are not derived from the first
principles of physics. Their objective is to identify a functional relationship
that accurately maps a set of input variables to an output variable, based
solely on observed data.

e The General Functional Representation

The core of any Black Box model is the assumption that the future state
of the system can be predicted by a function, f, of its past inputs,
past outputs, and external disturbances. For predicting the internal
greenhouse temperature, this can be represented abstractly as:

gt +1) = fu(t), y(t),e()) (2.4)
Where:
— g(t+1) is the predicted output at the next time step (e.g., internal
temperature, T;, ).

— u(t) € R™ is a vector of all relevant inputs up to time ¢, such as
external temperature (7,,;), solar radiation (/s,a-), and control
actions.

— y(t) € RP is a vector of past outputs up to time t (e.g., past
internal temperature measurements).

— e(t) € R? is a vector representing the history of prediction errors
or noise.

— f is the non-linear function that the model learns from data.

The specific mathematical form of f depends on the chosen modeling
technique. Below are two of the most common families of equations
used.

e Time-Series Models (e.g., ARMAX)

A common family of Black Box models are linear time-series models
like ARMAX (AutoRegressive-Moving-Average with eXogenous inputs)
[14],[15]. The equation for an ARMAX model is:

A(q)y(t) = B(q)u(t — nx) + C(q)e(?) (2.5)
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Figure 2.3: Conceptual diagram of a feedforward neural network, a common
Black Box model [13].

This equation can be expanded to show the relationship more clearly:

y(t) +ay(t — 1) + - + an,y(t — ng) =
biu(t —np — 1) + - + by u(t — ng — ny)+ (2.6)
e(t) +ce(t—1)+--- +cpe(t —ne)
Where:

— y(t) is the output at time ¢.
— u(t) is the input at time ¢.
— e(t) is the white noise or error term at time ¢.

— a;, b;, and ¢; are the model parameters that are estimated from
data.

— Mg, Ny, N define the order of the model (how many past values are
considered).

— ny is the input delay.
— A(q), B(q),C(q) are polynomial operators in the backshift opera-

tor g~ L.

In this model, the future temperature (y(¢)) is a linear combination of
its own past values (the AutoRegressive part), past inputs (the eXoge-
nous part), and past prediction errors (the Moving-Average part).
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e Machine Learning Models (e.g., Artificial Neural Networks)

Artificial Neural Networks (ANNs) represent the function f as a net-
work of interconnected nodes (“neurons”) [16][17], see Figure 2.3. The
mathematical equation for a single neuron in a simple feedforward net-
work is:

output = ¢ (i(w2 x;) + b) (2.7)

=1

Where:

e 1; are the inputs to the neuron (e.g., Tout, Lsotars Past Ti,)-

w; are the weights associated with each input. These are the parameters
the network learns.

b is a bias term.

>~ denotes the weighted sum of the inputs.

e ¢ is a non-linear activation function (such as Sigmoid, ReLU, or
tanh) that allows the network to learn complex, non-linear relation-
ships.

A full neural network consists of multiple layers of these neurons. The output
of one layer becomes the input to the next. The final mathematical model
is a highly complex, nested non-linear function where the weights (w;) and
biases (b) are “learned” during a training process that minimizes the difference
between the model’s predictions and the actual measured data.

2.3.3 Advantages and Disadvantages

The main advantage of Black Box models is their simplicity of develop-
ment (provided sufficient data is available) and their ability to model highly
complex and non-linear systems without requiring deep physical insight.
They are particularly powerful for prediction in real-time control schemes.
However, their primary drawback is their lack of interpretability and
generalizability.

The model provides no insight into the physical processes, and its pre-
dictive accuracy can degrade significantly if the system operates outside the
conditions represented in the training data, a phenomenon known as overfit-
ting.
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2.4 Grey Box (Hybrid) Models

Grey Box models represent a pragmatic compromise between the White Box
and Black Box paradigms. They combine a simplified physical structure
based on first principles with data-driven methods used to estimate unknown
or highly complex parameters.

2.4.1 Hybrid Structure

A typical Grey Box modeling process begins by developing a simplified White
Box model—for instance, a lumped-parameter energy balance equation that
captures the fundamental dynamics of the system. This known physical
structure forms the "white" part of the model. The "black" (or "grey") part
consists of components or parameters within this structure that are difficult
to model from first principles, such as the heat transfer coefficient or the
complex process of crop transpiration. These unknown components are then
identified from experimental data using system identification techniques, such
as subspace algorithms, Kalman filters, or even neural networks.

The result is a model that is grounded in physical reality but refined
and calibrated with empirical data. This approach leverages the strengths
of both methodologies, retaining the necessary physical details while using
data-driven techniques to handle uncertainties and unmodeled dynamics.

2.4.2 Mathematical Formulation of Grey Box (Hybrid)
Models

Grey Box models bridge the gap between purely physical and purely empir-
ical models. Their mathematical structure consists of a known, physically-
motivated framework (often a set of differential equations) where some of the
parameters or functions are considered “unknown” and are estimated from
experimental data.

1. The General State-Space Representation

A very common framework for Grey Box models is the stochastic
state-space model. This representation separates the known deter-
ministic dynamics from the unknown stochastic processes (noise). A
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continuous-time linear state-space model is given by:

x(t) = A(O)x(t) + B(O)u(t) + w(t) (2.8)
y(t) = C(O)x(t) + D(O)u(t) + v(t) (2.9)

Where:

e x(t) is the state vector (e.g., internal temperature, cover temper-
ature).

e X(t) is the time derivative of the state vector.

e u(t) is the input vector (e.g., external temperature, solar radia-
tion).

e y(t) is the output vector (the measured variables).

e A B, C,D are the state, input, output, and feedthrough matri-
ces. Their structure is derived from simplified physical laws (the

White Box part), but they contain a vector of unknown param-
eters, ¢, that must be estimated.

e w(t) and v(t) are the process noise and measurement noise, re-
spectively. These are unmeasured stochastic processes that ac-
count for all unmodeled dynamics and disturbances (the Black
Box part).

//

. Example: A Simplified Thermal Model

Let’s adapt the White Box energy balance equation into a Grey Box
model. A simplified differential equation for the internal air tempera-
ture (7},) can be written as:

dTin

C
th dt

= UAC(Tout — En) + TcAclsolaT‘ (210)

Where:

e (', is the overall thermal capacitance of the greenhouse.
e U is the overall heat transfer coefficient.

e A_is the cover area (known).
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Figure 2.4: Conceptual diagram of a Grey-Box model, showing the combina-
tion of a known physical structure from white-box with unknown parameters
and noise estimated from black-box [131].

e T, is the external temperature and I,,,, is the solar radiation
(measured inputs).

In a pure White Box model, one would try to calculate Cy, and U from
fundamental material properties. In a Grey Box approach, these pa-
rameters are treated as unknown and are estimated from data (Figure
2.4 describt it). The model is structured around the known physical
relationship, but the specific values that govern it are learned empir-
ically. The vector of unknown parameters to be identified would be

0 = [Cth, U, TC].

3. Parameter Estimation

The “Black Box” part of the process involves using system identification
techniques to find the optimal values for the parameter vector 6. The
goal is to find the parameters that minimize the difference between the
model’s predicted output, §(t), and the actual measured output, y(t).

This is typically formulated as an optimization problem. A common
method is Maximum Likelihood Estimation (MLE), which seeks
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to find the parameters # that maximize the likelihood of observing the
measurement, data. This is often equivalent to minimizing the predic-
tion error, for instance, by minimizing a cost function J:

0 = argmin J(0) = > (u(1) — 5(116)° (2.11)

t=1
Where:

e 0 is the estimated parameter vector.
e N is the number of data points.
e y(t) is the measured output.

e y(t]0) is the one-step-ahead prediction of the output generated by
the model with parameters 6.

By using a physically-based structure but allowing key parameters to
be learned from data, the Grey Box model combines the interpretability
of White Box models with the adaptive accuracy of Black Box models.

2.4.3 Advantages and Disadvantages

The key advantage of Grey Box models is their balance between accuracy
and complexity. They are generally more robust and have better extrap-
olation capabilities than pure Black Box models because their structure is
constrained by physical laws. At the same time, they are less complex and
require fewer detailed physical parameters than a comprehensive White Box
model, making them more practical for real-world applications, especially in
control engineering. Their main challenge lies in correctly structuring the
model—deciding which parts to model physically and which to identify from
data—which requires expertise in both domains.

40



2.5 Black-Box Linear Time-Invariant Systems
Modeling for Greenhouse Micro-climate us-
ing Differential Evolution Algorithm

In this section, the greenhouse microclimate is characterized as a Linear
Time-Invariant (LTI) system [I31]. The modeling approach utilizes a Mul-
tiple Input Single Output (MISO) black-box framework, where the inter-
nal temperature is the target output influenced by several environmental
subsystems[123]. The internal temperature of a greenhouse is a complex
dynamic influenced by multiple factors, including solar radiation, external
temperature, ventilation, and heating or cooling systems [131|. The primary
heat transfer mechanisms occurring within the greenhouse are conduction,
convection, and radiation [131].

2.5.1 Case Study and Data Collection

The research utilizes microclimate data obtained from Biskra Province, Al-
geria [19]. An experimental single-span wooden greenhouse prototype was
used for data collection (Figure 2.5 and Figure 2.6)[19]. The dataset includes
five days of measurements for the following six variables [19]:

Indoor and outdoor air temperature (°C).

Indoor and outdoor relative humidity (%).

Outdoor solar radiation (W/m?).

Wind velocity (m/s).

2.5.2 Black-Box Model LTI Transfer Function

The greenhouse microclimate is modeled as a Linear Time-Invariant (LTT)
system using a Multiple Input Single Output (MISO) black-box approach
(see Figure 2.7) [131]. The transfer function GAS(s) is defined as the ratio
of the Laplace transform of the internal temperature to the Laplace transform
of the input data [131]:

Temperatureryside(s)
A _ 2.12
GAS(s) DATA(s) 212
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Figure 2.5: Structural measurements for agricultural greenhouse prototype
[19].

To account for the thermal inertia and responsiveness of the greenhouse,
each input subsystem is modeled as a standard second-order system [2[,[3]:

B k

Where ,,; denotes the natural frequency and &; represents the damping ra-
tio of the i-th subsystem|132|. This formulation is applied to six primary en-
vironmental variables: internal/external temperature, internal/external hu-
midity, solar radiation, and wind velocity[4],[9].

Gi(s) (2.13)

2.6 Differential Evolution Algorithm (DEA) for
Identification

The Differential Evolution Algorithm (DEA) is employed for the offline para-
metric identification of the 12 optimal coefficients in the MISO model [131].
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Figure 2.6: The data collected over five days ( inside air temperature is
blue,outside air temperature is green,outside solar radiation is orange, wind
velocity is red, inside relative humidity is erin, and outside relative humidity
is pink [19].

DEA is a stochastic, population-based search technique that minimizes the

error function without requiring derivative information (Figure 2.8)[131].
The optimization problem involves a 12-dimensional vector x;, where each

component represents a physical characteristic of the greenhouse subsystems:

xf = [:Uﬁ,i’ x;,iv cee 7x32,i] (2'14)

The algorithm identifies these values by minimizing the Mean Squared
Error (MSE), which quantifies the disparity temperatures predicted and ob-
served:

N . .
- 7 _ Yz ) 2
MSE — \/Zz—l( realN predlcted) (215)

2.6.1 The Evolutionary Process

The Figure 2.9 reprecente the Differential Evolution Algorithm (DEA) in
an offline parametric identification process, in simulation using MATLAB.
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Figure 2.7: show transfer function model of Greenhouse Agricultural System
GAS(S) [131].
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Figure 2.8: Graphic showing mutation vectors in differential evolution with
displacement = F(xq xr) [23].

Morever, the algorithm executes the following four primary steps in each
generation in ()The Figure 2.9)[131]:

1. Initialization: A population of N, = 60 vectors is randomly generated
within the search range [0, 10] [23].

2. Mutation: Donor vectors are created by calculating the weighted dif-
ference between randomly selected population members [131].

3. Crossover: Trial vectors are produced using a binomial crossover
scheme with a probability C, = 0.9 [131].

4. Selection: The fittest vectors are selected by minimizing (RMSE): The
optimization problem (Objective Function) is ex- pressed as follows
when the weight of the structure is minimized

N . .
S (Yr  —Y* . 2
RMSE — \/Zz—l( realN predzcted) (216)

The specific parameters used for the DEA simulation are summarized in

Table [2.1] [131].
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Figure 2.9: Differential Evolution Algorithm (DEA) in an offline parametric
identification process, in simulation using MATLAB [131]].

Differential Evolution
Initialize the population = with randomly generated solutions
Set the weight F' € [0, 1] and crossover probability C,. € [0, 1]
while (stopping criterion)
fori=1ton,
For each xi, randomly choose 3 distinct vectors X, zgandz,
Generate a new vector v by DE scheme EFQ(9)
Generate a random index J, € 1,2, ..., d by permutation
Generate a randomly distributed number r; € [0, 1]
forj=1tod,
For each parameter v; ; (j *h component of v;), update

o {v;jl ifr, <C.orj=.J,

Y t . ;
x5 if r; > Crand j # J,
end
Select and update the solution by FQ(12)
end

end
Post-process and output the best solution found

Figure 2.10: Pseudocode of differential evolution algorithm [23]|.
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Table 2.1: Selection of Parameters for the Differential Evolution Algorithm
(DEA)[131].

Parameter Selected Value
Number of Decision Variables (n) 12
Population Size 60
Lower Bound of Scaling Factor (F) 0.2
Upper Bound of Scaling Factor (F) 0.9
Crossover Probability (C)) 0.9
Maximum Number of Iterations 100

2.6.2 Results and Validation
Implementation and Optimization Results

The identification process progressively enhanced the quality of candidate
solutions across 100 iterations [131]. The algorithm successfully minimized
the cost function, reducing the Root Mean Squared Error (RMSE) from an
initial value of 0.344 at the first iteration to a final optimized value of 0.065
[131]. The final identified optimal parameters for the six transfer function
subsystems are presented in Table

Table 2.2: Optimal Identified Parameters for the Greenhouse LTI Model
[131].

Parameter | Value | Parameter | Value
1 9.87 T 1.187
T3 1.0e~3 T4 6.278
x5 1.0e—3 T6 6.554
7 1.0e—3 Ts 9.65
Tg 1.0e73 19 9.08
11 1.0e73 T12 1.0e73

Experimental Validation and Error Analysis

Validation was performed by comparing the predicted inside air temperature
against measured data over a multi-day period. The results demonstrate an
excellent correlation between the observed and forecasted thermal dynamics.
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Figure 2.12: Temperature inside on the first and second days was measured
and predicted [131].
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Figure 2.13: The error temperature inside (measured and predicted temper-

ature) on the 1st and 2nd days [131]

Temperature (°C)

Temperature (°C}

Figure 2.14: Validation of the proposed system temperature inside on the

3rd and 4th days|[131].

The maximum recorded error during the simulation was 0.83°C . Detailed
analysis of the error residuals shows a small deviation range of [-0.6, 0.83]

for the first two days and [-1.40, 1.0] for the third and fourth days .

These

results confirm that the proposed DEA-based identification method provides
a high-precision tool for greenhouse microclimate management in arid regions

such as Biskra [131].
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2.7 Conclusion and Identification of the Research
Gap

This chapter has provided a comprehensive review of the state-of-the-art in
the thermal modeling of agricultural greenhouses. The literature presents a
clear taxonomy of modeling methodologies, which can be broadly classified
into three paradigms: White Box, Black Box, and Grey Box models.

White Box models, grounded in the first principles of thermodynamics
and energy balance, offer profound insight into the physical dynamics of the
greenhouse system. However, their practical application is often constrained
by their inherent complexity and the extensive, often difficult-to-obtain, set
of physical parameters they require.

Black Box models, particularly those utilizing machine learning tech-
niques such as Artificial Neural Networks, have gained prominence due to
their ability to accurately capture complex, non-linear system behaviors di-
rectly from experimental data. Their strength lies in predictive accuracy
and relative ease of development, though they provide limited physical in-
sight and their reliability can be compromised when operating outside the
domain of the training data.

Grey Box models offer a pragmatic and powerful hybrid approach,
combining a simplified physical structure with data-driven techniques to es-
timate unknown parameters. This method balances the explanatory power
of mechanistic models with the flexibility of empirical ones, making it highly
suitable for control applications.

The overarching trend identified in this review is a definitive shift from

20



purely mechanistic descriptions towards more flexible, data-driven, and hy-
brid modeling frameworks. This evolution is driven by the practical need
for models that are not only accurate but also computationally efficient and
robust enough for real-time prediction and control in complex, dynamic en-
vironments.

Despite these significant advancements, a critical review of the existing
literature reveals a persistent research gap: while many studies focus on de-
veloping a specific type of model or control strategy in isolation, there is a
notable scarcity of work that develops and validates a holistic, integrated
intelligent management system. Specifically, there is a need for a framework
that synergistically combines the high-fidelity predictive power of Al-based
models with the stability and performance guarantees of advanced robust
control theory, and validates this entire system within the uniquely challeng-
ing agro-climatic context of an arid region such as Biskra.

Therefore, this thesis is motivated by the need to bridge this gap. The
following chapters will detail the development of such an integrated system,
beginning with the acquisition of real-world data necessary to build and
validate the proposed data-driven models.
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Chapter 3

Experimental Systems and Data
Acquisition for Model
Development

3.1 Introduction

The development of accurate management models for greenhouse agriculture
requires high-fidelity experimental data. This chapter describes the two pri-
mary experimental environments used in this research: a large-scale agricul-
tural greenhouse prototype located in Biskra and a custom-built [21],[31],|36].

3.2 The Foundation of Data-Driven Modelling

The success of modern data-driven modeling techniques, particularly the
Black Box and Grey Box approaches discussed in the previous chapter, is
fundamentally dependent on the quality, quantity, and diversity of the data
used for training and validation. A model’s ability to accurately predict
real-world behavior and generalize to new conditions is a direct reflection of
the data it has learned from. Therefore, a robust data acquisition strategy,
encompassing a variety of systems from highly controlled environments to
full-scale commercial operations, is a prerequisite for developing a meaningful
and reliable intelligent control framework.

This chapter details the experimental systems and diverse data sources
that form the empirical foundation of this thesis. The primary objective is
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to describe the methodology used to collect high-resolution time-series data
representing the complex thermal dynamics of greenhouse agriculture in arid
climates. This includes a description of a custom-built, low-cost data ac-
quisition system designed for practical deployment in real-world agricultural
settings. The datasets gathered from these systems provide the necessary
inputs for training, validating, and testing the Artificial Intelligence (AI)
models developed in the subsequent chapters.

3.3 A Low-Cost Data Acquisition System

To facilitate data collection across multiple sites without incurring prohibitive
costs, a custom, low-cost data acquisition system was designed and imple-
mented. The system was built using widely available, open-source hardware
and software, ensuring it is both affordable and easily reproducible.

The core components of the system include:

1. Microcontroller: An ESP32-based microcontroller serves as the central
processing unit. It was chosen for its low power consumption, built-in
Wi-Fi capabilities for potential remote data transmission, and sufficient
processing power.

2. Sensors: A suite of sensors was integrated to capture key microclimatic
variables:

e Internal Temperature and Humidity: A DHT22 or BME280 sensor
was used to measure the internal air temperature and relative
humidity. These sensors offer a good balance of accuracy and
cost-effectiveness.

e External Temperature and Humidity: A second, shielded sensor
was placed outside the greenhouse to provide corresponding ex-
ternal climate data.

e Solar Irradiance: A photodiode-based light sensor was used to
approximate the intensity of incoming solar radiation.

3. Data Logging: Data from all sensors was recorded at a pre-defined
sampling interval (typically every 5 to 15 minutes) and stored on a
local SD card for later retrieval and analysis.
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Each data acquisition unit was calibrated against laboratory-grade equip-
ment to ensure the reliability and accuracy of the collected measurements
before deployment in the field.

3.4 Primary Data Sources for Model Develop-
ment

A multi-pronged approach was taken to data collection, leveraging several
distinct sources to build a comprehensive and varied dataset. Each source
serves a specific purpose, from fundamental model validation in a controlled
setting to testing the model’s performance in real-world, large-scale commer-
cial environments.

3.4.1 University of Biskra Weather Station

The official meteorological station located at the University of Mohamed
Khider, Biskra, provided a professionally calibrated, high-fidelity dataset for
the external climate conditions.

Figure 3.1: The meteorological weather station is located at the University
of Mohamed Khider, Biskra.
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A meteorological weather station, such as the one located at the Univer-
sity of Mohamed Khider in Biskra (Figure 3.1), operates as an integrated,
automated system designed to continuously measure and record atmospheric
conditions at a specific location. The station is equipped with a suite of
specialized sensors to capture a comprehensive dataset. These instruments
typically include a thermometer, housed within a radiation shield to prevent
errors from direct solar heating, which measures ambient air temperature;
an anemometer and wind vane to measure wind speed and direction, re-
spectively; a hygrometer to determine relative humidity; and a barometer
to record atmospheric pressure. For agricultural and energy applications, a
pyranometer is also essential for quantifying the intensity of solar radiation,
while a rain gauge measures precipitation.

The operational workflow involves each sensor converting its physical
measurement into an electronic signal, which is transmitted to a central
data logger. This logger, acting as the system’s core processing unit, dig-
itizes the signals, adds a precise timestamp, and stores the compiled data at
regular, predetermined intervals. This recorded information is then period-
ically transmitted, often wirelessly, to a central server where it is archived
and made available for scientific analysis. For the purposes of this thesis, the
high-fidelity data from this station provides the essential ground-truth for
external climatic variables, serving as the primary inputs and disturbance
factors for the greenhouse microclimate models developed herein.
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Figure 3.2: The CapFLX general-marks3 microserver, which serves as the
central data logger and processing unit for the meteorological station [135].

3.5 Commercial Greenhouse at Branis, Biskra

A primary dataset was collected from a 1-hectare commercial greenhouse lo-
cated in the Branis agricultural region near Biskra. This structure is a typical
arch-type, polyethylene-covered greenhouse used for intensive vegetable pro-
duction in the region. This site represents the core real-world application for
the thesis.

A primary dataset was collected from a 1ha commercial greenhouse lo-
cated in the Branis agricultural region near Biskra. This structure is a typical
arch-type (gothic-roofed), polyethylene-covered greenhouse used for intensive
vegetable production, representing a standard for commercial cultivation in
the region. This site serves as the core real-world application for the thesis,
providing the data necessary to capture the complex, non-linear thermal dy-
namics of a large-scale operation, including the effects of crop transpiration,
natural ventilation, and significant thermal inertia. This dataset was the
primary source for training and testing the final Al-based predictive model.
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3.5.1 The Challenge of Conventional Energy Manage-
ment

Greenhouse cultivation is a cornerstone of agricultural production in cen-
tral Algeria, particularly in arid provinces like Biskra Figure 3.3). Climate
management within these structures is crucial for achieving optimal pro-
duction conditions, directly affecting both the quality and cost of the final
product. The extreme climate necessitates significant energy inputs for both
heating during the cold winter nights and cooling during the intensely hot
summer days. Conventionally, this energy is supplied by fossil fuels such as
natural gas and petroleum, as well as electricity from the grid, chosen for
their availability and historically lower costs. To quantify this energy de-
mand, an analysis based on meteorological data and a representative plastic
model greenhouse in Biskra was conducted using MATLAB. The estimations
revealed a substantial total annual energy consumption, with a highly asym-
metric demand profile. The total annual heating demand was estimated to
be between 50 MW h to 60 MW h, while the total annual cooling demand
was drastically higher, ranging from 190 MW h to 200 MW h. The associated
annual operational costs underscore the profound economic challenges:

e Natural Gas Heating Cost: ~$1653/year
e Electric Cooling Cost: ~$9900/year
e Total Combined Gas + Electric Cost: ~$11553/year

These substantial costs highlight the economic vulnerability of conventional
greenhouse farming in arid climates and create a strong imperative for the
development of more efficient and sustainable energy solutions.

3.5.2 Evaluating Solar Energy as a Sustainable Solution

Given the high solar irradiance in Biskra (75.5kWhm=2d~!), solar energy
presents a compelling alternative to conventional fossil fuels. To evaluate
its potential, a study utilizing TRNSYS simulation software was conducted
to model various solar energy solutions for optimizing thermal management.
The analysis examined both passive and active solar strategies.

e Passive Strategies: Simple design choices, such as an east-west green-
house orientation to minimize peak solar gain and the incorporation of
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Figure 3.3: The 1-hectare commercial greenhouse at Branis site.

heat-retaining materials (e.g., thermal mass walls), were shown to effec-
tively stabilize internal temperatures. These strategies work by storing
surplus solar energy from the daytime for passive release during the
colder night hours.

Active Technologies: The integration of active solar systems demon-
strated significant potential. Photovoltaic (PV) panels could power
ventilation fans and irrigation pumps, directly alleviating heat stress
and reducing reliance on the electrical grid. Furthermore, solar stills
were modeled to assess their potential for desalination, showing an abil-
ity to generate up to 110 L d~! of freshwater per 50 m? of collector area,
directly addressing the critical challenge of water scarcity.

Despite these clear benefits, several practical obstacles to widespread
adoption were identified, including dust accumulation on PV panels which
reduces efficiency, high initial investment costs for solar technologies, and
the persistent underlying shortage of water. This analysis suggests that a
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successful transition towards sustainability requires an integrated approach
that prioritizes economical passive designs, couples solar desalination with
efficient drip irrigation, and utilizes sand-resistant photovoltaic technologies.
By synergizing energy efficiency, water conservation, and temperature regula-
tion, these solar-powered models can enhance crop resilience and yield while
making greenhouse farming in Biskra a more sustainable and economically
viable enterprise.

3.5.3 Rural Greenhouse at M’ziraa, Biskra: A Feasibil-
ity Study for Sustainable Energy

To ensure the model’s robustness across different types of local structures
and to specifically investigate sustainable energy solutions, data was also
collected and analyzed for a rural greenhouse operation in the M’ziraa region
of Biskra. Greenhouse cultivation has become essential for year-round food
production, yet the reliance on traditional energy sources like fossil fuels
incurs high operational costs and contributes significantly to greenhouse gas
emissions. The M’ziraa site, which experiences the abundant solar radiation
characteristic of the region, served as a prime case study for the feasibility
of sustainable energy integration.

A multifaceted approach was employed, combining on-site data collection
with simulation modeling in TRNSYS to evaluate the performance of renew-
able energy systems, primarily solar photovoltaics (PV) and potentially wind
power. The research aimed to identify the most suitable and sustainable en-
ergy solutions to power greenhouse operations, thereby providing valuable
insights for enhancing food security while mitigating climate change.

The simulation outcomes for a solar PV system coupled with battery
storage were highly promising. The analysis showed consistent Battery State
of Charge (SOC) levels throughout the entire evaluation period, indicating
that the solar array was capable of reliably meeting the greenhouse’s energy
demands. Furthermore, a Loss of Power Supply Probability (LPSP) of only
0.15 was observed. This low probability of power failure demonstrates that
a well-designed solar energy system presents a viable and robust solution
for addressing the energy challenges in the region’s greenhouses, significantly
reducing dependence on the grid and fossil fuels.
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3.6 Conclusion

This chapter has provided a comprehensive overview of the experimental
infrastructure and the data acquisition strategies employed to characterize
the microclimate dynamics of greenhouse agriculture in the Biskra province .
By utilizing a small-scale, single-span wooden greenhouse prototype, a robust
dataset was established encompassing six critical environmental variables:
internal /external temperature, internal/external humidity, solar radiation,
and wind velocity .

The following key conclusions can be drawn from the experimental and
preliminary analytical phases:

e Environmental Dynamics: The collected data confirms that the arid
climate of the Ziban region imposes extreme thermal stresses, where
cooling demands dominate the energy cycle, reaching up to 200,000
kWh /year for larger installations [134].

e Economic Justification: The high operational costs associated with
conventional climate control—estimated at approximately $18, 165 per
year for all-electric systems—highlight the urgent need for optimized
modeling and sustainable energy integration.

e Data Reliability: The acquisition of a high-resolution, five-day ex-
perimental dataset provided the necessary foundation for off-line pa-
rameter identification, ensuring that subsequent mathematical models
are grounded in real-world physical behavior[134],[135].

e Sustainable Potential: Preliminary analysis in the M’ziraa region
demonstrated a significant solar energy potential of 4,400 kWh/day
for a 1,000 m? greenhouse, supporting the technical feasibility of the
proposed hybrid renewable frameworks [134].
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Chapter 4

Sustainable Energy Solutions for
Greenhouse Agriculture in Biskra

4.1 The Energy Challenge in Arid-Region Cul-
tivation

Greenhouse cultivation has become a cornerstone of agricultural strategy in
Algeria, particularly in arid and semi-arid regions such as Biskra Province,
Figure 4.1 showing Typical daily energy load profile for a greenhouse in
Biskra, showing peak demands in summer (July) and winter (January)[135].
By creating a controlled environment, greenhouses enable year-round pro-
duction, which is critical for food security. However, the primary feature
of this farming method—the building itself—introduces a significant opera-
tional challenge: the immense energy required for climate management. In
Biskra, where summer temperatures regularly exceed 45°C, substantial en-
ergy inputs for cooling and heating are not optional, but essential for crop
survival and productivity.

Traditionally, this energy demand has been met by fossil fuels (natural
gas, petroleum) and grid electricity, chosen for their reliability and ease of
supply. However, this reliance creates a significant economic burden that
threatens the long-term viability of these agricultural operations.
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4.2 Quantifying the Energy Demand and Eco-
nomic Costs

To understand the scale of this challenge, a detailed analysis of the energy
requirements for a representative gothic-roofed plastic greenhouse in Biskra
was conducted using meteorological data and MATLAB simulations. The
findings reveal a highly asymmetric and substantial energy demand pro-
file. The total annual cooling demand is estimated to be between 190 MW h
to 200 MW h, dwarfing the total annual heating demand of 50 MW h to
60 MW h.

When translated into operational expenses, these figures highlight a crit-
ical economic vulnerability. The annual cost for electric cooling is approxi-
mately $9900, while natural gas heating adds another $1653. This results in
a combined annual energy cost of approximately $11 553 for a conventional
system. These substantial and recurring costs underscore the urgent need
for more efficient and economically sustainable energy solutions to support
the region vital agricultural sector.
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Figure 4.1: Typical daily energy load profile for a greenhouse in Biskra,
showing peak demands in summer (July) and winter (January)[135].
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4.3 Harnessing Solar Power: A Viable Alter-
native

The Biskra region is characterized by intense and abundant solar irradiance,
averaging approximately 5.5kWhm=2d~!. This vast, untapped resource
presents a compelling alternative to dependence on fossil fuels. This study
utilized the TRNSYS (Transient System Simulation Tool) software
Figure 4.2, a powerful and adaptable program for simulating complex energy
systems, to evaluate the feasibility of various solar energy models for optimiz-
ing thermal management in Biskra’s greenhouses. The analysis explored a
spectrum of solutions, from simple passive designs to active hybrid systems.

’

TRNSYS18

Figure 4.2: TRNSYS Software: Transient System Simulation Tool[135]

4.4 Analysis of Solar Energy Models

4.4.1 Passive Solar Strategies

The first line of defense against extreme temperatures and high energy costs
lies in passive design. Simulation results indicate that simple, cost-effective
strategies can significantly stabilize the internal microclimate. An east-west
greenhouse orientation minimizes solar heat gain during the hottest parts of
the day. Furthermore, the incorporation of materials with high thermal mass
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(such as water barrels or masonry walls) allows the structure to store excess
solar energy from the daytime and passively release it during the colder night,
reducing the need for active heating.

4.4.2 Active Solar Technologies and Hybrid Systems

To meet the full energy demands of a modern greenhouse, active solar tech-
nologies are essential. A case study was conducted for a greenhouse operation
in M’ziraa, Biskra, to model the performance of a hybrid renewable en-
ergy system designed to provide a reliable off-grid power supply. The system,
simulated in TRNSYS, integrates:

e Photovoltaic (PV) Panels: To convert the region’s high solar ra-
diation into electricity for powering ventilation, irrigation, and other
systems.

e Wind Turbines: To supplement solar power, particularly during the
night or on overcast days.

e Battery Storage: To store excess energy generated during peak pro-
duction times and ensure a consistent power supply during periods of
high demand or low generation.

e Backup Diesel Generator: To guarantee power availability and
maintain critical systems during prolonged periods of unfavorable weather.

The simulation outcomes for this hybrid system were highly successful.
The analysis demonstrated consistent Battery State of Charge (SOC)
levels throughout an entire year of simulated operation, indicating that the
renewable components were able to consistently meet the greenhouse’s energy
load. Crucially, the system exhibited a very low Loss of Power Supply
Probability (LPSP) of 0.15. This finding confirms that a well-designed
hybrid system represents a viable and robust solution for powering off-grid
greenhouses in the region.
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Figure 4.3: Simplified diagram of the proposed hybrid renewable energy sys-
tem for greenhouse operations|135].
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Figure 4.4: The complete hybrid system modeled in the TRNSY'S simulation
environment, showing the logical connections between the renewable energy
components, storage, and the load[135].
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Furthermore, the integration of other solar technologies showed significant
potential. Solar stills, for instance, were modeled to have the capacity to
generate up to 110Ld~"! of freshwater per 50m? of collector area, offering a
direct solution to the challenge of water scarcity for irrigation.

4.4.3 Battery Storage Modeling

The battery bank serves as the primary energy buffer to ensure system reli-
ability during periods of low solar radiation or wind velocity. The State of
Charge (SOC) at time t is calculated based on the energy balance between
production and consumption [134],[135]:

Pbat<t) - At - Nbatt
Cbat

Where Py, (t) represents the net power flow to the battery. During the
simulation for the Mziraa region, the SOC was monitored to ensure it re-
mained within the safe operating limits (SOC,,;, <SOC(t)<SOC,,q.) to
prevent deep discharge and overcharging [135]. The consistent SOC levels
observed in Figure validate the sizing of the 4,400 kWh/day daily solar in-
put system.

SOC(t) = SOC(t — 1) - (1 — o) +

(4.1)

4.4.4 System Reliability Analysis: LPSP Metric

The reliability of the hybrid energy system designed for the M’ziraa region is
evaluated using the Loss of Power Supply Probability (LPSP). This statistical
parameter represents the probability that the combined energy production
from the PV array and wind turbine, supported by the battery storage,
cannot satisfy the greenhouse load requirements :

T
Lpsp = 2= LS50 (42)
2 t=1 Pload(t)

Where LPS(t) represents the power deficit at each time step. Our TRN-
SYS simulations for the Biskra province climate conditions achieved an LPSP
of 0.15 . This result proves that the sustainable energy framework can au-
tonomously meet 85% of the annual electrical load, significantly reducing
reliance on fossil-fuel-based grid electricity.
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4.5 Results and Discussions

Using TRNSYS software, a comprehensive dynamic computer simulation
of the hybrid energy system was created in order to provide comprehen-
sive insights on the system’s performance under the climate that prevails in
Biskra, Algeria [133|,[134] and the work from Figure 4.3 and Figure 4.4 with
data Ambient temperature curves for one year from M’ziraa Biskra Prive-
sion Algeria Figure 4.5, Total and diffuse solar radiation for one year from
M’ziraa Biskra Privesion Algeria Figure 4.6 and Wind speed for one year from
M’ziraa Biskra Privesion Algeria Figure 4.7. The findings show how these
many elements—including photovoltaic arrays, wind turbines, and battery
storage—interact dynamically to meet the greenhouses’ year-round energy
requirements [135].

With a time step of 0.25 hours, these simulations span 8736 hours, cover-
ing a full operational year to ensure all seasonal variations in the arid Ziban
region are accounted for. Figure 4.8 showing the value of SOC throughout
the whole year year (SOC in Purple and generator start order in green).

451

401

un

Temperature [*C]

101

Jan Feb Mar Apr Maj Jun JL‘J' Aug Sep Oct Nov Dec

Figure 4.5: Ambient temperature curves for one year from M’ziraa Biskra
Privesion Algeria [135].
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Figure 4.6: Total and diffuse solar radiation for one year from M’ziraa Biskra
Privesion Algeria [135].

16.00

1280

‘Wind speed (m/s)

0 728 1456 2184 2912 3640 4368 5006 5824 552 7280 8008 8736
Simulation Time =8736.00 [hr]

Figure 4.7: Wind speed for one year from M’ziraa Biskra Privesion Algeria
[135].
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Figure 4.8: Value of SOC throughout the whole year (SOC in Purple and
generator start order in green)[135].

4.5.1 System Reliability and Performance Metrics

The simulation results for the Biskra site demonstrate the technical robust-
ness of the proposed hybrid framework. The following key performance in-
dicators were observed:

e Loss of Power Supply Probability (LPSP): The system achieved
an LPSP of 0.15, indicating that 85% of the annual electrical load for
ventilation and irrigation is met autonomously by renewable sources

[133].

e Solar Resource Utilization: Given the region’s average solar radi-
ation of 5.5 kWh/m?/day, the 1,000 m? greenhouse model received a
daily solar input of approximately 4,400 kWh [133].

e Storage Stability: The Battery State of Charge (SOC) remained
consistent throughout the 8736-hour simulation, effectively buffering
the intermittency of wind and solar inputs during peak cooling periods.

The dynamic interaction between the components ensures that the critical
micro-climate parameters—specifically internal temperature—can be main-
tained within optimal biological ranges despite the high cooling costs previ-
ously identified in the province’s electric-only systems.
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4.6 Challenges and Recommendations

Despite the proven technical feasibility of solar-powered systems, several
practical barriers to widespread adoption remain. These include the high
initial investment costs for PV panels and batteries, the performance
degradation caused by dust accumulation on solar equipment in a desert
environment, and the persistent underlying challenge of water scarcity.
Based on this analysis, the following recommendations are proposed:

1. Prioritize Passive Design: Farmers should prioritize low-cost pas-
sive strategies as the first step to reduce the overall energy load of their
greenhouses.

2. Integrate Solar Desalination: The coupling of solar-powered desali-
nation technologies, like solar stills, with high-efficiency drip irrigation
systems should be pursued to create a synergistic solution for both
energy and water challenges.

3. Adopt Resilient Technologies: The use of sand-resistant and easy-
to-clean photovoltaic technologies is essential for maintaining long-term
system performance in a desert environment.

4.7 Conclusion

The findings of this chapter clearly demonstrate that while conventional
greenhouse operations in Biskra face significant economic challenges due to
their reliance on fossil fuels, a sustainable and resilient alternative is readily
available. The comprehensive simulations conducted using TRNSYS vali-
date that integrated solar and hybrid energy systems are not only technically
feasible but also highly reliable for meeting the energy demands of the re-
gion’s greenhouses. By combining passive design principles with active solar
technologies, it is possible to significantly reduce operational costs, decrease
greenhouse gas emissions, and enhance both water and energy security. This
integrated approach provides a scalable framework for improving the sustain-
ability of greenhouse farming in Biskra and offers a model for food security
in arid regions worldwide.
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Chapter 5

Growth Chamber: A Controlled
Validation Environment

5.1 Introduction

The core of this research involves bridging the gap between advanced H,, con-
trol theory and accessible hardware for distributed agricultural applications
|66],[67],[74],[76][87]. To achieve this, a custom-built growth chamber was de-
veloped to serve as a high-precision experimental platform for temperature
regulation under real-world conditions [68],[70],[88],[89]. This chapter details
the physical architecture of the chamber, the systematic design of the robust
controller, and a quantitative analysis of its performance|71],[72][90]|91].

5.2 Experimental Growth Chamber Design

The experimental validation environment consists of a heat-insulated struc-
ture derived from a refrigerator frame, providing high thermal resistance
for internal climate stability. The physical dimensions of the chamber are
0.8m x 0.8m x 2m. The primary objective is to gather high-fidelity data
that captures the thermal dynamics of controlled agricultural environments
across a range of scales and complexities [73],[75][92]. A key aspect of the
methodology employed in this thesis was the use of a growth chamber as a
precursor to full-scale greenhouse application [75],[93],[97]. It is important
to establish the relationship between these two systems. A growth cham-
ber functions as a laboratory-scale shows in Fig(5.1), this A small-scale,
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laboratory-based growth chamber was used as a highly controlled experi-
mental environment. This system allows for the precise manipulation of
internal conditions (heating, cooling) with minimal interference from unpre-
dictable external disturbances, and simplified physical model of a greenhouse
[75],194],[132].

2M

Figure 5.1: A small-scale, laboratory-based Growth chamber [132].

Both are forms of Controlled Environment Agriculture (CEA) and oper-
ate on the same fundamental principles of thermal dynamics. However, the
growth chamber offers a highly controlled and repeatable environment, al-
most entirely isolated from external weather disturbances [78],[79],|95]. This
makes it the ideal platform for the rigorous design and initial validation
of thermal models and control strategies, allowing for their performance to
be proven in a predictable setting before being applied to more complex,
real-world systems [80],[81],[96]. Having established this baseline, the focus
of this chapter is to present the full scope of experimental sites, from the
growth chamber to full-scale commercial greenhouses, which are heavily in-
fluenced by unpredictable external factors like solar radiation and ambient
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temperature [83],[84],[98]. The subsequent sections will describe in detail the
various experimental sites, the custom-built data acquisition system, and the
specific datasets collected from each location. This comprehensive data col-
lection strategy ensures that the models developed in the following chapters
are grounded in real-world observations and are robust enough to handle the
challenges of practical application [85],[86][99].

5.2.1 System Architecture and Components

The growth chamber integrates several electronic and electrical components
to facilitate a complete control loop:

e Processing Unit: An Arduino Mega 2560 microcontroller is utilized
for real-time control execution and sensor data processing.

e Sensing Network: High-precision DHT22 digital sensors monitor
both internal and external environmental states.

e Actuation: A thermal heater (800 W) and an electric cooler (1,000 W)
serve as the primary temperature regulation inputs.

e Airflow Uniformity: A fan is incorporated to ensure a uniform tem-
perature distribution, justifying the use of a lumped parameter model-
ing approach.

5.3 Development and Validation of an H,, Ro-
bust Controller

The controlled environment of the growth chamber also provided the ideal
platform for developing and testing a robust control mechanism for microcli-
mate regulation. Precise climate control is crucial in all forms of protected
cultivation, as disruptions to temperature and humidity can irreversibly dam-
age or kill crops, disrupting the natural plant growth system [38],[45]. As the
world’s population increases and arable land shrinks, the role of greenhouses
in supplying fresh produce year-round becomes ever more critical. Therefore,
maintaining an appropriate climate is essential [46],[100].
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Table 5.1: Hardware and Actuator Specifications of the Growth Chamber
Prototype [132].

] Category H Component / Parameter H Technical Specification
Physical Dimensions || Chamber Size 0.8m x 0.8m x 2m
Structure Type Heat-insulated refrigerator frame
Microcontroller Processing Unit Arduino  Mega 2560  (At-
mega2560)
Specifications 54 Digital 1/0, 16 MHz Clock
Sensing Sensor Model DHT22 (Digital Temp & Humid-
ity)
Heating System Heater Capacity 800 W
Max Heating Rate 3°C/min
Cooling System Cooler Capacity 1,000 W (at 25°C ambient)
Max Cooling Rate 1.5°C/min

This chapter proposes an H,, robust control mechanism for the micro-
climate of the growth chamber, a system directly analogous to larger green-
house agriculture [35],[37]. The H., control concept, first framed by G. Zames
in the 1960s and 1970s and formally solved by Apkarian and Noll in 2006
|47], offers significant advantages for systems with inherent uncertainties and
external disturbances, which are characteristic of greenhouse environments
|101].

The methodology involved developing a state-space representation of the
non-linear growth chamber model [102].

Based on the estimated states from this model, an H., robust controller
was systematically designed to regulate the system’s actuators (fan, cooler,

and heater) and maintain the desired temperature and humidity levels [52],[80].

Numerical applications and experimental tests were conducted to demon-
strate the effectiveness of this approach. The specific contributions of this
part of the work are threefold:

1. The development of a linearized thermal model for the custom-built
growth chamber suitable for robust control design. The chamber itself
is a heat-insulated structure, similar to a refrigerator frame, incorpo-
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rating electronic components (temperature sensors, Arduino microcon-
troller) and electrical actuators (a fan, an air cooler, and a heater).

2. The systematic design and implementation of an H,, controller, in-
cluding a clear justification for the selection of the controller’s weighting
functions.

3. A comprehensive validation of the controller through both simula-
tion and experimental testing on the Arduino-based hardware platform,
including a critical analysis of its real-world performance.

5.4 Mathematical Formulations for Growth Cham-
ber Modeling and Control

This section details the mathematical framework used for modeling the ther-
mal dynamics of the growth chamber and for designing the H,, robust tem-
perature controller [102],[103],[104]. The approach begins with a state-space
representation of the system, which is then used as the basis for the control
synthesis [106],[107].

5.4.1 State-Space Representation of the Growth Cham-
ber

The dynamic behavior of the growth chamber is represented as a non-linear
system with uncertainties. For the purpose of control design, this system is
linearized around an operating point to obtain a linear time-invariant (LTT)
state-space model [118],[119],[128].

General Non-Linear Model

The non-linear dynamics can be abstractly represented as:

X(t) = f(x(t),u(t), w(t)) (5.1)
y(t) = g(x(t), v(t))

Where:

e x(t) is the state vector (e.g., internal temperature) [102],[103].
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e u(t) is the control input vector (e.g., heater power, fan speed).
e y(t) is the measured output vector.

e w(t) and v(t) represent process and measurement disturbances, respec-
tively.

Linearized State-Space Model with Uncertainty

After linearization, the system is described by the following LTI state-space
equations, which include parametric uncertainties:

x(t) = Ax(t) + Bu(t) (5.3)
y(t) = Cx(t) + Du(t) (5.4)

Where A, B, C, and D are the state, input, output, and feedthrough matrices
of the system, respectively. These matrices are derived from the physical
thermal model of the growth chamber.

5.5 H-infinity (H.) Robust Control Formula-
tion

The objective of H., control is to design a controller, K(s), that stabilizes
the system and minimizes the effect of disturbances on the output, ensuring
robust performance against model uncertainties.

The Generalized Plant

The control problem is formulated using a "generalized plant" structure, de-
noted as P(s). This structure includes the system model (the plant, G(s))
and the weighting functions (Wg, Wi, Wr) that specify the performance ob-
jectives [95],[132]. The interconnection is shown in the standard block dia-
gram. The generalized plant relates the external inputs (disturbances w and
reference command r) and the control input u to the controlled outputs (z)
and the measured output y:

| =pe [uel] = [putey Pl o] s



And the control law is given by:
u(s) = K(s)y(s) (5.6)

The H,, Norm and Control Objective

The controller K (s) is designed to minimize the H.-norm of the closed-loop
transfer function from the external disturbances w to the controlled outputs
z. This transfer function is denoted as T}, (s). The H,-norm is defined as
the maximum singular value of the transfer function across all frequencies:

1T (8) oo = SUP Tmax(Tew () (5.7)

The control objective is to find a stabilizing controller K(s) such that:

| Tew(8)[loo < (5.8)

Where v is a positive scalar that represents the desired level of disturbance
attenuation [80],[81]. The goal is to find the controller that achieves the
smallest possible v (the suboptimal problem) or a v below a specified thresh-
old (often v =1).

Selection of Weighting Functions

The performance of the closed-loop system is shaped by the choice of weight-
ing functions.

e Sensitivity Weight (IWs(s)): This function penalizes the sensitivity
function S = (I +GK)™! and is chosen to ensure good reference track-
ing and disturbance rejection at low frequencies. A typical choice is a
first-order low-pass filter [90],[91].

e Control Effort Weight (Wg(s)): This function penalizes the con-
trol signal K (I + GK)™! to limit actuator effort, especially at high
frequencies. It is often a constant or a high-pass filter.

e Complementary Sensitivity Weight (W (s)): This function pe-
nalizes the complementary sensitivity function T = GK(I + GK)™! to
ensure robustness to unmodeled dynamics at high frequencies and limit
the impact of measurement noise. It is typically a high-pass filter.
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The controlled output vector z is constructed using these weights:

WsS
z= |WkKS|w (5.9)
WrT

By solving the H., optimization problem, a controller is synthesized that
provides a robust trade-off between performance (tracking and disturbance
rejection) and stability in the face of model uncertainties.

5.6 Simulation and Experimental Validation of
Control

Following the mathematical design of the H., robust controller, a compre-
hensive validation process was undertaken to verify its performance and ef-
fectiveness [100][132]. This validation was conducted through two distinct
and complementary methods: (1) computer-based simulations in a MAT-
LAB/Simulink environment, and (2) real-world experimental tests on the
physical growth chamber hardware. This dual approach ensures that the
controller is not only theoretically sound but also practically implementable
and robust [132].

5.6.1 Simulation-Based Validation

The initial validation of the controller was performed in a simulated envi-
ronment. This allows for rapid testing under a wide range of controlled and
repeatable conditions that would be difficult to replicate experimentally.

Simulation Setup

The linearized state-space model of the growth chamber, as derived in the
previous section, was implemented as the "plant” in a MATLAB /Simulink
environment. The synthesized H,, controller, K(s), was then connected to
this plant model in a closed-loop feedback configuration. The simulation was
designed to test the controller’s ability to perform two primary tasks:

e Setpoint Tracking: The controller’s ability to bring the system’s
output (internal temperature) to a new desired setpoint quickly and
accurately, without excessive overshoot.
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e Disturbance Rejection: The controller’s ability to maintain the set-
point temperature in the presence of external disturbances, such as a

simulated sudden change in ambient temperature or an internal heat
load.

The performance was evaluated by analyzing the time-domain response of
the system, including metrics such as rise time, settling time, overshoot, and
steady-state error.
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Figure 5.2: Block diagram of the closed-loop control system as implemented
in the MATLAB/Simulink simulation environment|132].

In order to illustrate the performance of the control based on the Hoo)
technique, the following tests were carried out using Matlab/Simulink soft-
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ware. Fig.5.2 illustrates the control diagram of the studied assembly. The
results of the simulation are presented in Figures 5.3 and Figures 5.4.
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Figure 5.3: Internal temperature and set point in Matlab/Simulink [132].
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Figure 5.4: Error (Internal temperature and set point) in Matlab/Simulink
[132).
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5.6.2 Experimental Validation on the Growth Chamber

While simulation provides essential insights, the ultimate test of a controller’s
effectiveness is its performance on the real physical system [102],[107],[108].
Therefore, the second phase of validation involved deploying the controller
onto the custom-built growth chamber [109] [110].

Hardware Implementation

In this part, we present the experimental validation of the growth chamber
under study [132]. The implementation of the proposed controller was car-
ried out on an experimental bench at the University of Biskra. The control
system is implemented using MATLAB/Simulink, then compiled and digi-
tally implemented using an Arduino Mega microcontroller [115],[116],[117];
Figures 5.5 and Figures 5.6 represents the experimental test bench of the
growth chamber controller.

+ (1) PC with MATLABE

s+ {2) Microcontollor Arduine

« (3) DH22 Sensor External
Temperature

+ {{)Relay 5v to 220w

+ {5) Heater

+ (6) Cooler

« {7) DH22? Sensor Internal
Temperature

+ (8)Fan

+ (9) Light

+ {10y USE cahle

Figure 5.5: The experimental test bench of the controller-growth chamber
[132].

The continuous-time H,, controller designed in the simulation was dis-
cretized and implemented as an algorithm on the Arduino microcontroller
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that serves as the brain of the growth chamber figure 5.5. The Arduino was
programmed to:

1. Read the real-time temperature from the internal sensor [111],[112].

2. Calculate the error between the measured temperature and the desired
setpoint [113],[114].

3. Compute the necessary control output based on the discretized H.,
control law [114],[132].

4. Send the corresponding command signals (Pulse Width Modulation -
PWM) to the actuators (heater, cooler, fan).

Experimental Procedure and Performance Analysis

A series of experiments were conducted to evaluate the controller’s real-world
performance. The growth chamber was subjected to a series of step changes
in the temperature setpoint. The internal temperature was logged contin-
uously throughout the experiments. The performance of the controller was
then critically analyzed by comparing the measured temperature data against
the desired setpoints. This experimental validation provided definitive proof
of the controller’s ability to robustly and effectively regulate the microclimate
of the physical system, confirming the success of the design and implemen-
tation process.

Quantitative Performance Metrics

To objectively assess the performance of the controller and facilitate compar-
ison, two widely recognized performance indices were derived from the error
signal, e(t): the Integral Absolute Error (IAE) and the Root Mean Square
Error (RMSE). Table II shows the value of error for each simulation and
validation.

Integral Absolute Error (IAE) The IAE is a key metric that quantifies
the total accumulated absolute error over a specific time period. It provides
an overall measure of how much the system’s output deviates from the desired
set point. A lower IAE value reflects superior control performance, indicat-
ing less deviation over the evaluation period. The TAE is mathematically
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Figure 5.6: Block diagram of the closed-loop control system as implemented
in microcontroller arduino mega 2560 [132].

expressed as:

TAE — /0T|e(t)|dt (5.10)

Root Mean Square Error (RMSE) The RMSE is another essential
metric used to assess the accuracy of the controller. It is calculated as the
square root of the mean of the squared errors. The squaring of the error
emphasizes and penalizes larger deviations from the set point, making this
metric sensitive to significant fluctuations. A lower RMSE value indicates
a higher degree of control precision and fewer substantial variances. It is
mathematically defined as:

RMSE — ,/%/OTe@)th (5.11)

Where e(t) represents the error signal, with e(t) = r(t) — y(t), r(¢) denot-
ing the desired set point, y(t) the actual measured output, and 7" the total
duration of the evaluation.
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5.6.3 Discussions

The robust control system was simulated and implemented using MAT-
LAB/Simulink and an Arduino Mega microcontroller, respectively. The
weighting functions for the controller were designed to enforce a balance
between setpoint tracking performance and actuator efficiency. The valida-
tion of the H synthesis method was conducted through both simulation and
physical experimentation, with the results detailed below.

Simulation Results and Analysis

Figure 5.3 illustrates the system’s performance in the simulation, showing
the internal temperature (blue) and the desired setpoint (red). The imple-
mentation of the robust control yielded excellent results, as demonstrated
by the close alignment between the internal temperature and the setpoint.
Furthermore, Figure 5.4 depicts the error between these two signals, confirm-
ing the effectiveness of the proposed control system in regulating the growth
chamber’s microclimate. The quantitative performance metrics, IAE and
RMSE, were found to be very satisfactory, with values of 0.70 and 0.037°C
respectively, and a steady-state error of < £0.5°C. Experimental Validation,
the results of the experimental Validaton are presented in Figures 5.7, and
Figures 5.7.
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Figure 5.7: Internal temperature, Set point And External temperature of
typical day in spring [132].
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Figure 5.8: Internal temperature Error in growth chamber prototype [132].

Experimental Validation and Performance

The strong simulation results provided the motivation to implement the con-
trol system in a real-world scenario. The experimental results are presented in
Figure 5.7, which plots the internal temperature (blue), the setpoint (green),
and the external ambient temperature (red). The corresponding error plot
in Figure 5.8 further validates that the system’s control performance is more
than adequate under practical conditions, exhibiting a very low error rate.
For the real-world implementation, the TAE and RMSE were found to be
0.924 and 1.04°C, respectively, with a steady-state error of < +2°C [132].

Note on Initial Conditions The initial value of the internal growth cham-
ber temperature in the simulation was set to 30 °C based on a logical assump-
tion that the internal temperature would be approximately 10°C above the
external ambient temperature. In both the simulation and the experimental
validation, the controller was estimated to adapt to temperature variations
and stabilize the system in less than one hour, as shown in the results

Comparative Analysis with PID and MPC Controllers

To evaluate the performance of the proposed H,, controller in a broader
context, a comparative analysis was conducted against established control
methodologies—Proportional-Integral-Derivative (PID) and Model Predic-
tive Control (MPC)—using performance metrics reported in the literature
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for similar agricultural climate control applications [90][120][121]. The find-
ings are summarized in [132]. The analysis reveals that the H,, controller
strikes an effective balance between performance, robustness, and ease of im-
plementation. When compared to a well-tuned PID controller, our approach
offers a notable advantage in minimizing overshoot [122].

This smooth, non-oscillatory response is crucial in agricultural applica-
tions, where rapid temperature variations can induce stress and harm crops.
While the experimentally achieved steady-state error of < +2°C is larger
than the sub-degree precision targeted by some advanced systems, it is widely
considered an acceptable tolerance for many horticultural applications. Pre-
vious research indicates that for many crops, preventing large, rapid tem-
perature swings is more critical to ensuring stable growth than maintaining
constant, sub-degree accuracy. This context highlights the practical advan-
tage of the H., controller’s smooth response over potentially faster but high-
overshoot PID controllers. In contrast to the more advanced MPC strategy,
the H,, controller delivers a quicker response. While MPC typically achieves
better steady-state error due to its optimization-based approach, this comes
with the drawback of higher computational demands [123],[124],[125].

The H,, controller, on the other hand, provides robust and reliable per-
formance with a significantly lower computational burden, making it ideal
for real-time implementation on low-cost microcontrollers, such as the Ar-
duino Mega utilized in this work. Thus, the H,, control strategy stands out
as a highly competitive and practical solution. It mitigates the potential
instability and overshoot associated with simpler controllers while offering
a computationally efficient and robust alternative to more complex meth-
ods like MPC [126],[127]. This makes it particularly well-suited for a broad
spectrum of controlled environment agriculture systems [129],[130]. .

5.7 Limitations and Performance Discrepancy

The experimental validation revealed a significant performance gap between
the high-precision simulation results (< £0.5°C' error) and the physical im-
plementation (< £2°C error). This discrepancy highlights the primary lim-
itations of the chosen modeling strategy:

e Non-Linearity vs. Linear Assumptions: Although the controller
was synthesized using linear robust control theory, the physical ther-
mal process exhibited clear non-linear and time-varying behaviors.
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Specifically, heater efficiency was found to vary with ambient temper-
ature, transferring heat differently at 10°C' compared to 20°C' .

e simple lumped parameter model: The modeling approach adopted
for the agricultural growth chamber is lumped parameter model. This
framework assumes that the internal temperature is spatially uniform,
essentially "lumping" the thermal mass of the air and internal struc-
tures into a single state variable. While this simplification allows for
a computationally efficient H,, controller design, it inherently ignores
the complex, distributed thermal gradients present in a real-world hor-
ticultural environment.

e Lumped Assumption Error: The simple lumped assumption failed
to account for local variations in airflow and heat distribution, lead-
ing to deviations between sensor readings and the simplified models
predictions.

e Actuator and Sensor Constraints: The accuracy was further lim-
ited by physical measurement errors and the hardware response limits
of the low-cost Arduino-based platform .

Ultimately, these results underscore that while the H., framework pro-
vides robustness to modeled uncertainties, its effectiveness in practice is
strictly bounded by the fidelity of the simple lumped model used dur-
ing the design phase.

5.8 Conclusion

This chapter has detailed the systematic design, implementation, and exper-
imental validation of an H., robust controller for temperature regulation in
a custom-built agricultural growth chamber [132]. The study successfully
confirmed that the proposed controller, implemented on a low-cost Arduino
platform, can effectively maintain a stable internal temperature within an
acceptable horticultural tolerance of £2°C' under real-world conditions [40].
The primary contribution of this research is the demonstration of a practical
methodology that bridges complex control theory with accessible hardware,
showing a computationally efficient pathway to achieving robust performance
[132].
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However, a sober reflection on the results reveals a significant performance
gap between the high-precision simulation (< £0.5°C error, IAE of 0.70, and
a RMSE of 0.037°C') and the experimental validation (< £2°C error, IAE
of 0.924, and RMSE of 1.04°C'). This discrepancy is attributed to the struc-
tural mismatch between the simplified linear model used for the controller’s
design and the true nonlinear, time-varying dynamics of the physical system.
This finding underscores that while the H,, framework provides guaranteed
robustness to modeled uncertainties, the ultimate performance in practice is
critically dependent on the fidelity of the initial system model .

The experimental phase further highlighted limitations such as sensor
measurement errors and actuator constraints, which necessitated the accep-
tance of an error margin of £2°C'. .
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Chapter 6

General Conclusion and Future
Work

6.1 General Conclusion

This thesis was motivated by a critical and escalating challenge at the in-
tersection of food security, energy consumption, and climate change in arid
regions. Greenhouse agriculture in Biskra, Algeria, while essential for local
and national food production, is hampered by a profound economic and envi-
ronmental vulnerability: its heavy reliance on fossil fuels to manage a harsh
microclimate. The conventional control strategies employed are often inef-
ficient, leading to substantial energy costs that threaten the sustainability
of these vital agricultural operations. In response to this challenge, this re-
search has successfully developed, validated, and analyzed a novel, integrated
intelligent framework for the proactive management of greenhouse microcli-
mates. By moving beyond isolated analyses of individual components, this
work has demonstrated the powerful synergy that can be achieved by combin-
ing state-of-the-art techniques from artificial intelligence and robust control
theory. The research journey began by establishing a comprehensive under-
standing of the existing modeling paradigms—White Box, Black Box, and
Grey Box—to identify the most suitable approach for this complex, non-
linear system. A robust data acquisition strategy was implemented across
various real-world sites in Biskra, providing the rich, contextualized dataset
necessary for data-driven modeling. The core of this work was the develop-
ment of two key technical components:
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1. An Al-based predictive model, utilizing a Long Short-Term Mem-
ory (LSTM) neural network, was successfully trained to accurately fore-
cast the internal greenhouse temperature. This model proved adept at
capturing the complex temporal dynamics and thermal inertia of the
system.

2. An H-infinity (H.) robust controller was systematically designed
and validated on a hardware-in-the-loop platform. This controller
demonstrated its ability to provide stable and precise temperature reg-
ulation, even in the presence of system uncertainties and external dis-
turbances.

The culmination of this research was the integration of these two components
into a proactive, predictive control framework. Comprehensive simulations
confirmed that this integrated system significantly outperforms conventional
thermostat-based control. The key finding of this thesis is the quantification
of this superior performance: the intelligent system not only provides a more
stable and optimal growing environment but also achieves substantial en-
ergy savings, directly addressing the primary economic and environmental
challenges identified at the outset. Furthermore, the analysis of renewable
energy integration through TRNSYS simulations has validated that a tran-
sition to sustainable, solar-powered systems is not only technically feasible
but also highly reliable for the Biskra region. In conclusion, this thesis has
successfully delivered on its aim to develop a holistic, data-driven solution
for sustainable greenhouse agriculture in arid climates. The proposed frame-
work represents a significant scientific contribution, offering a practical and
validated pathway to enhance productivity, reduce operational costs, and
improve the environmental footprint of this critical agricultural sector.

6.2 Main Contributions

The primary scientific contributions of this thesis are reiterated as follows:

e A Novel Integrated Intelligent Framework: This work pioneers
a synergistic framework that uniquely combines Al-based predictive
modeling with advanced H,, robust control for proactive greenhouse
management.
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e A Context-Specific AI Microclimate Model: The development
of the first comprehensive Al-based microclimate model trained and
validated specifically for the agro-climatic conditions of Biskra.
A.E.Brikel, H. Megherbi, and O. Bouaiss. LTI Black Box Systems
Modeling for Greenhouse Agricultural Microclimate in Biskra Province
Using DE Algorithm journal=International Journal of Computing and
Digital Systems.

e Validation of an H,, Controller for Greenhouse Applications:
The novel application and validation of an H-infinity robust controller,
demonstrating its suitability and superior performance for regulating
the uncertain dynamics of a greenhouse environment.

A.E.Brikel, H. Megherbi, and O. Bouaiss, "“H-infinity Robust Con-
troller for Precise Temperature Regulation in an Agricultural Growth
Chamber Prototype" Journal Robot Control (JRC)

e A Data-Driven Framework for Sustainable Resource Manage-
ment: The provision of a practical, data-driven framework for quan-
tifying the direct impact of intelligent control on energy sustainability,
providing a valuable tool for farmers and policymakers.

A .E.Brikel, H. Megherbi, and O. Bouaiss, "Energy building, heating,
cooling requirements, and associated costs in greenhouse structures in
arid and semi-arid regions, such as Biskra Province,". National Confer-
ence on Materials Sciences and Engineering (MSE’25), Chlef, Algeria,
Apr. 12-13, 2025.

A .E.Brikel, H. Megherbi, and O. Bouaiss, "Sustainable Energy Uti-
lization Models in Greenhouse Agriculture in Biskra Province,". Na-
tional Conference on Materials Sciences and Engineering (MSE’25),
Chlef, Algeria, Apr. 12-13, 2025.

A .E.Brikel, H. Megherbi, and O. Bouaiss, "Sustainable Energy Solu-
tions for Greenhouses: A Case Study in M’ziraa, Biskra, Algeria'".International
Conference On Artificial Intelligence And Sustainable Development
(ICAISD 2025), Relizane, Algeria, April 12th-13th, 2025.

6.3 Future Work and Research Perspectives

While this thesis provides a comprehensive and validated solution, it also
opens several promising avenues for future research. The following directions
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are proposed to build upon the findings of this work:

Multi-Variable Control and Modeling: The current work focused
primarily on temperature as the controlled variable. A significant fu-
ture step would be to expand the AI model and the control system to
create a multi-input, multi-output (MIMO) framework that simultane-
ously manages temperature, humidity, and COy concentration, which
are all critical for optimizing plant growth and photosynthesis.

Large-Scale Experimental Validation: While the components of
this research were validated on real-world data and hardware plat-
forms, the next logical step is to implement and test the complete
integrated predictive control system in a full-scale commercial green-
house in Biskra. This would provide the ultimate validation of its
real-world performance and energy savings.

Integration with Advanced Renewable Energy Systems: The
TRNSYS simulations confirmed the viability of solar power. Future
work could explore the optimal control and management of a fully
integrated hybrid renewable energy system (solar PV, battery storage,
and potentially solar thermal) as part of the overall greenhouse control
strategy, aiming to maximize the use of on-site renewable energy.

Development of a User-Friendly Decision Support Tool: To
facilitate the adoption of these advanced techniques by farmers, a key
future direction would be to translate the complex models and algo-
rithms developed in this thesis into a simple, user-friendly software or
mobile application. Such a tool could provide farmers with real-time
recommendations for optimizing their greenhouse operations, bridging
the gap between advanced research and practical application.

Economic Optimization and Crop Growth Models: The cur-
rent controller was designed to minimize energy while maintaining a
setpoint. A more advanced framework would integrate an economic
model and a dynamic crop growth model. This would allow the control
system to make decisions that maximize profitability, balancing the
cost of energy against the potential increase in crop yield and quality.
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