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Abstract

Energy management, optimization, and control are significant subjects that have garnered
considerable attention across agricultural and industrial sectors. The relevance of productiv-
ity in agricultural output and effective energy management within greenhouse systems has
become increasingly evident as global population growth intensifies the demand for food
resources. In response to these challenges, this thesis develops and critically evaluates three
distinct yet complementary control frameworks for smart greenhouse energy management
situated within the broader contexts of smart farming and power grid integration.

The first proposed framework introduces a centralized energy management platform based
on a dynamic nonlinear quantum particle swarm optimization algorithm embedded within a
predictive control structure. This platform orchestrates renewable generators, HVAC systems,
energy storage units, water reservoirs, CO2 injectors, dehumidifiers, and smart metering
infrastructure to regulate indoor microclimate variables while actively minimizing power
exchange with the external grid during periods of low renewable generation. Comparative
performance validation is conducted against classical particle swarm optimization and the
Pyomo optimization environment solved with IPOPT.

In a subsequent contribution, a nonlinear model predictive control methodology is for-
mulated for comparable greenhouse assets, with particular emphasis on adaptability across a
comprehensive crop growth model that considers all plant organs. This model dynamically
computes dry matter accumulation partitioned among leaves, stems, roots, fruits, and mature
fruits. The control strategy prioritizes accurate regulation of temperature, relative humidity,
and CO2 concentration trajectories while reducing overall energy consumption.

The fourth section of this thesis expands the scope toward interconnected net zero-energy
farm microgrids, wherein smart greenhouses operate alongside residential zones and animal
housing facilities. A distributed optimization algorithm grounded in the alternating direction
method of multipliers is developed to coordinate power exchanges among individual farms
as well as between the farm cluster and the main utility grid. This architecture maximizes
localized renewable energy utilization while preserving desirable microclimates across all
building typologies. Collectively, these contributions provide a progressive trajectory from
centralized optimization to distributed coordination and hybrid renewable scheduling, offering
practical and theoretical insights for scalable, energy-efficient, climate-resilient greenhouse
systems and power grid integration.

The final component of this thesis addresses hybrid renewable energy systems combining
wind farms (WF) with pumped hydroelectric energy storage (PHES) for peak load reduc-
tion. A finite horizon scheduling optimization problem is formulated to control real-time
WF-PHES operation using predictions of wind speed and power load. A three-layered ANN
forecasts these variables from historical data, while a mathematical decision model accounts
for seasonal (summer/winter) load-shaving requirements. The proposed framework is vali-
dated on a case study and compared against Pyomo with IPOPT and a Genetic Algorithm
(GA), demonstrating its effectiveness through extensive numerical simulations.
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Physical Constants Sets and
Parameters

𝜌𝑎 air density 999.93 (𝑘𝑔/𝑚3)
𝑔 gravity acceleration constant 9.81 (𝑚 · 𝑠−2)
𝜌 water density 1.225 (𝑘𝑔/𝑚3)

Parameters and variables of (Chap.2) are described in Tables (2.1) and (2.2)

Sets, indexes, parameters and variables of (Chap.3)

Symbol Description Value Unit
Ω∗ Set of constraints
Δ𝑘 Time-step length 15 (min)
𝑛𝑝 Prediction horizon
𝑘 Index of time-step

𝑃𝑟 Wind turbine rated power 15 (kW)
𝑣𝑐 Wind turbine cut-in wind speed 2.5 (m/s)
𝑣𝑟 Wind turbine rated wind speed 9 (m/s)
𝑣 𝑓 Wind turbine cut-out wind speed 45 (m/s)
𝑉
𝑟𝑒 𝑓
𝑚𝑝 Module maximum power voltage 47.71 (V)
𝑉
𝑟𝑒 𝑓
𝑜𝑐 Module open-circuit voltage 52.63 (V)
𝐼
𝑟𝑒 𝑓
𝑠𝑐 Module short-circuit current 14.13 (A)
𝐼
𝑟𝑒 𝑓
𝑚𝑝 Module maximum power current 13.50 (A)
𝐺𝑠𝑡 Standard light intensity 1000 (W/m2)
𝑇𝑎𝑚𝑏 Ambient temperature 25 (◦C)
𝜇 Module voltage temperature coefficient -0.13 (V/◦C)
𝜂 Module current temperature coefficient 0.0063 (A/◦C)
𝜉𝑙𝑜𝑠𝑠 Connection loss 0.9
𝜖 𝑝𝑣,𝑠 Serial connection number of PV modules 8
𝜖 𝑝𝑣,𝑝 Parallel connection number of PV modules 1
𝜌 Water density 999.93 (kg/m3)
𝑔 Gravity acceleration constant 9.81 (m·s−2)
ℎ𝑚 Height between water source and reservoir 10 (m)
ℎ𝑙 Height between reservoir and greenhouse plants 2 (m)
𝜂𝑚 Master pump efficiency 0.8
𝜂𝑙 Local pumps efficiency 0.75
𝛽𝑐 Battery charging coefficient 0.9
𝛽𝑑 Battery discharging coefficient 0.9
𝜌𝑎 Air density 1.225 (kg/m3)
𝑉𝑔 Volume of greenhouse 192.5 (m3)
𝑆𝑔 Greenhouse cover surface area 182.7 (m2)
𝜏 Greenhouse material transmission 0.15
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𝑒 Greenhouse glazing material thickness 0.025 (m)
𝑘𝑐 Material thermal conductivity 0.04 (W/m·K)
𝐽𝑖𝑛 𝑓 Infiltration rate 0.000208 (1/s)
ℎ𝑐𝑜𝑛𝑣 Convective heat transfer coefficient 2.27 (W/m2 K)
𝐴𝑣 Window area of natural ventilation 1 (m)
𝑘𝑠𝑜𝑙 Factor of solar radiation contributing to PAR 0.5
𝜂𝑙 LED efficiency 2.8 (𝜇mol/J)
𝑁𝑥 Number of artificial lighting products 35
𝛿𝐼

𝑙
min Minimum light intensity 36 (W/m2)

𝐶
𝑖𝑛 𝑗
max Maximum CO2 injection capacity 0.2e-3 (kg/m2)
𝜆𝑠 Percentage of wind entering greenhouse 0.0075
𝐶 𝑝ℎ𝑜𝑡 Photosynthesis coefficient of crops 2.0e-5 (W/m2)
𝐶𝑟𝑒𝑠 Respiration coefficient of crops 0.3e-6 (kg/(m2 Δ𝑘

K))
𝑃𝐶𝑂2
𝑟 CO2 generator rated power 2 (kW)
𝑎1 Empirical constant -0.15
𝑎2 Respiration coefficient rate of crop 0.03 (1/K)
𝑎3 Constant 0.05
𝐶𝑒𝑣𝑟 Crop evaporation rate 0.1258 (kg/(m2 h))
𝑐1 Constant 100 (nodim.)
𝑐2 Constant 1.7001 (Pa)
𝑐3 Constant 7.7835 (Pa)
𝑐4 Constant 1/17.0789 (K−1)
𝑐5 Constant 0.6228 (kg𝑤/kg𝑎)
𝐿
𝑓 𝑜𝑔
𝑚𝑎𝑥 Maximum water flow rate of fogger 0.0096 (kg/(m2 Δ𝑘))
𝐿𝑑𝑒ℎ𝑚𝑎𝑥 Maximum rate of dehumidifier 1 (kg/(m2 Δ𝑘))
𝑃
𝑓 𝑜𝑔
𝑟 Fogger rated power 1 (kW)
𝑃𝑑𝑒ℎ𝑟 Dehumidifier rated power 1 (kW)
𝛼 𝑓 Maximum partitioning coefficient 0.65
𝜃 Transition coefficient 0.15
𝜓𝑇𝑝𝑎𝑟𝑡 Optimal temperature for partitioning 25 (◦C)
𝜓𝑇
ℎ

High temperature threshold 32 (◦C)
𝜓𝑇
𝑑𝑒𝑣

Optimal temperature for fruit development 22 (◦C)
𝜓𝑇𝑚𝑖𝑛
𝑑𝑒𝑣

Minimum temperature for fruit development 12 (◦C)
𝜓𝑇𝑚𝑎𝑥
𝑑𝑒𝑣

Maximum temperature for fruit development 35 (◦C)

Sets and indexes of (Chap.4) parameters are detailed in Table (4.1)

𝑀 Set of farms 4
𝑁 Set of greenhouses 3
𝐿 Set of power links 5
Δ𝑡 Step time 15 (min)
𝑇 Set of total time steps over 24 hours 96
𝑚 Index of farms – –
𝑛 Index of greenhouses – –
𝑙 Index of power links – –
𝑡 Index of time step – –
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Variable Description Unit

𝑃𝑝𝑣 PV system power production (kW)
𝑃𝑤𝑖𝑛𝑑 Wind turbine power production (kW)
𝑄𝑚 Water flow pumped into the reservoir (m3/Δ𝑘)
𝑄𝑙 Water flow pumped into greenhouse (m3/Δ𝑘)
𝑃𝑚𝑤𝑎𝑡𝑒𝑟 Power consumed by master pump (kW)
𝑃𝑙𝑤𝑎𝑡𝑒𝑟 Power consumed by local pumps (kW)
𝑃ℎ𝑣𝑎𝑐 HVAC power consumption (kW)
𝐶𝑜𝑝 HVAC performance coefficient (kW)
𝑃𝑎𝑟𝑡 Artificial lighting power consumption (kW)
𝑃𝐶𝑂2 CO2 injector power consumption (kW)
𝐿𝑖𝑛 Greenhouse inside air water quantity (g/m2 h)
𝑃 𝑓 𝑜𝑔 Power consumed by fogger (kW)
𝑃𝑑𝑒ℎ Power consumed by dehumidifier (kW)
𝑃𝑠𝑜𝑙𝑑
𝑔𝑟𝑖𝑑

Power sold to the grid (kW)
𝑃
𝑏𝑢𝑦

𝑔𝑟𝑖𝑑
Power purchased from the grid (kW)

𝜒nut Amount of nutrient supplied (g)
𝑚 Water reservoir level (m3)
𝐵𝐸𝑆 Battery energy storage (kWh)
𝜓Tin Greenhouse indoor temperature (◦C)
𝜓𝐿𝑖𝑛 Greenhouse indoor light intensity (W/m2)
𝜓𝐶𝑂

𝑖𝑛
2 Greenhouse indoor CO2 concentration (ppm)

𝜓𝐻
𝑖𝑛 Greenhouse indoor relative humidity (%)

𝛼 Greenhouse angle opening (deg)
𝑊𝐿 Leaf dry matter (g/m2)
𝑊𝑆 Stem dry matter (g/m2)
𝑊𝑅 Root dry matter (g/m2)
𝑊𝐹 Fruit dry matter (g/m2)
𝑊𝑀 Matter fruit development (g/m2)
𝑊𝑏𝑖𝑜
𝑇

Total biomass plant dry weight (g/m2)
𝛽ℎ𝑣𝑎𝑐 HVAC operation status ∈ [0, 1]
𝛽𝑙 Artificial lighting operation status ∈ [0, 1]
𝛽𝐶𝑂2 Operation status of CO2 enrichment ∈ [0, 1]
𝛽 𝑓 𝑜𝑔 Fogger operation status ∈ [0, 1]
𝛽𝑑𝑒ℎ Dehumidifier operation status ∈ [0, 1]

𝛿𝑣𝑠 Outdoor Wind speed (m/s)
𝛿𝐼𝑙 Solar irradiation (W/m2)
𝛿𝑇

out Outdoor temperature (◦C)
𝛿𝐻

𝑜𝑢𝑡 Outdoor relative humidity (%)
𝛿𝐶𝑂

𝑜𝑢𝑡
2 Outdoor CO2 concentration (ppm)

Parameters and variables of (Chap.5) are described in Tables (5.2), (5.3) and Table
(5.1)



1

Chapter 1

Introduction and Motivation

The need to feed the world’s anticipated 10 billion people by 2050 faces the harsh reality of
growing resource limitations, such as dwindling freshwater supplies and arable land, which are
made worse by the effects of climate change, environmental degradation, and biodiversity loss
[1, 2]. Conventional agricultural paradigms are increasingly perceived as unable to address
the twin issues of growing demand and increased sustainability requirements [3, 4]. This
realization has sparked a fundamental change toward precision smart farming, a paradigm that
makes use of cutting-edge technologies to maximize productivity while optimizing resource
use, especially water and energy. However, this shift adds a great deal of complexity, requiring
complicated decision-making frameworks that function at the intersection of smart agriculture
and the updated smart grid [5, 6, 7, 8, 9, 10].

Greenhouses have become a crucial technological answer in this crucial context, trans-
forming horticulture and floriculture by establishing a regulated environment for crop produc-
tion. They provide significant advantages, such as longer growing seasons, defense against
pests and severe weather, and more effective use of land, water, and energy [11, 12]. In
order to maximize plant growth, quality, and yield, the primary goal is to precisely control
the indoor microclimate, namely the interdependent variables of temperature, humidity, 𝐶𝑂2
concentration, and light intensity [13, 14]. This process is further enhanced by intelligent
irrigation systems that reduce water waste [15]. However, because of the non-linear interac-
tions between these variables and their coupling with unexpected external weather conditions,
intelligent management of this environment is a highly complicated, multivariate control issue
[14].

As a result, several different control mechanisms have been studied. These include more
sophisticated approaches like Model Predictive Control (MPC), fuzzy logic, and adaptive sys-
tems [16, 17, 18, 19], as well as more conventional ones like Proportional-Integral-Derivative
(PID) control and Linear-Quadratic Regulators (LQR). Additionally, model parameters and
control setpoints have been adjusted using optimization algorithms such as Particle Swarm
Optimization (PSO) [20]. However, a recurring flaw in a lot of this research is that it mostly
ignores the related energy issues in favor of internal climate regulation. One of the main
obstacles to the sustainable development and scalability of sophisticated greenhouse systems
is the high energy consumption needed for heating, cooling, dehumidification, and additional
lighting [21].

It is critical to resolve this energy constraint. A practical route to sustainability is the
incorporation of Renewable Energy Sources (RES) into specialized agricultural microgrids.
A microgrid is a localized energy system that combines programmable loads, energy storage,
and distributed generation (such as solar PV and wind turbines). It can function independently
in islanded mode or in tandem with the main grid [22, 23, 24, 25, 26, 27]. Microgrids
help the modernization and sustainability of farming operations, improve the autonomy of
renewable energy in rural regions, and provide a dependable and secure energy supply for the
agricultural sector [28, 29, 12]. A greenhouse can serve as the core of such a microgrid due to
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its varied energy profile and possibility for on-site generation (e.g., via agrivoltaics), enabling
bidirectional energy exchange and advancing toward net-zero energy operations [30, 31, 32].

The control challenge is completely changed when a greenhouse is integrated with a
microgrid. Optimizing the environment alone is no longer adequate; real-time co-optimization
of the microclimate and the energy flows inside the microgrid is required. This results in a
non-convex, constrained, high-dimensional optimization problem. The availability, pricing,
and storage status of energy from photovoltaics, wind turbines, batteries, and the grid must be
dynamically balanced with decisions about lighting, heating, cooling, and irrigation. Many
current techniques lack a comprehensive framework that concurrently addresses all crop
growth parameters and the dynamic integration of RES [33, 34], despite the potential of
predictive strategies like MPC for renewable energy management [29, 35, 36]. Moreover,
prior methods often implement partial control, neglecting the global optimization of the entire
coupled system where parameter interactions are critical [37, 38].

A thorough examination of the existing literature reveals several critical gaps that the
present study addresses. First, the vast majority of greenhouse control studies focus on very
short simulation horizons, typically 24 hours or a few days [39, 40, 41, 42, 43], and therefore
fail to capture the evolving crop requirements across a full growing cycle. In contrast, the
present work in the second section simulates and optimizes the entire 161-day growth period,
adapting control actions to each stage, from early growth to harvest. Second, conventional
greenhouse control strategies are limited to regulating only temperature and humidity [44, 45],
often neglecting lighting, 𝐶𝑂2 concentration, irrigation scheduling, and the precise nutrient
delivery that plants require for optimal development. Also, most existing research does not
integrate energy dynamics, including renewable generation, storage, and grid interaction, into
the same control framework as the microclimate variables, treating energy as an afterthought
rather than a core constraint. In addition, the interaction between the greenhouse and the
external microgrid is frequently overlooked, missing opportunities for demand response,
energy arbitrage, and islanded operation.

Critically, the majority of greenhouse control studies do not include a mechanistic crop
growth model. Those that do typically use only a single aggregated biomass variable, ignoring
how environmental conditions differentially affect individual plant organs. By contrast, the
present work develops and embeds a full sweet pepper crop growth model that dynamically
calculates the dry matter accumulation of leaves, stems, roots, fruits, and mature fruits
separately. This allows the control system to optimize not just overall yield but also the timing
and quality of harvestable produce.

At a higher systemic level, these findings point to two important and related research gaps.
First, a cohesive, intelligent control system is required that can simultaneously optimize the
performance of a heterogeneous renewable microgrid and manage the intricate, cooperative
interactions within a greenhouse microclimate. Second, and perhaps most importantly,
current research focuses on optimizing individual, independent greenhouse units. Despite
being crucial for attaining scalability, resilience, and overall grid stability, the possibility of
cooperative, distributed management among a network of linked farms or greenhouses inside
a common microgrid environment is yet mainly unexplored [46, 47, 48, 49].

This thesis presents a novel two-tiered intelligent control architecture to close these gaps.
We create and apply a Nonlinear Quantum-inspired Particle Swarm Optimization (NQPSO)
algorithm in conjunction with a Nonlinear Model Predictive Control (NMPC) framework at
the level of a single integrated greenhouse-microgrid system. This sophisticated metaheuristic
makes use of quantum computing concepts to improve global search and parallel processing.
Its purpose is to dynamically balance microgrid energy flows with greenhouse microclimate
factors through real-time predictive co-optimization. This method is designed to overcome
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the shortcomings of conventional optimization techniques in navigating the system’s high-
dimensional and non-linear solution space [20, 50, 51]. It is enhanced with a machine learning-
based predictor for precise environmental predictions. To the best of our knowledge, this is
the first study to employ NMPC for dynamically controlling the inside microclimate of a smart
greenhouse integrated into a microgrid over a full 161-day growing cycle, adapting control
actions to the specific requirements of each growth phase while simultaneously tracking organ-
level crop development to promote more efficient and sustainable greenhouse operations.

At the broader, systemic level, we formulate a distributed optimization and control strat-
egy for a network of interconnected net-zero energy farms. Utilizing the Alternating Direc-
tion Method of Multipliers (ADMM), this framework enables scalable, privacy-preserving,
real-time coordination among multiple autonomous entities such as greenhouses, residential
buildings, and animal facilities to efficiently manage collective energy exchanges and indi-
vidual microclimate setpoints. Together, these contributions aim to transform the advanced,
closed greenhouse from an energy-intensive concept into a practical, efficient, and sustainable
cornerstone of future resilient food production systems.

1.1 Main Contributions

The principal contributions of this thesis, which address the identified research gaps, are as
follows:

• Development of an Integrated Optimization Framework and Mathematical Model
We formulate a comprehensive, non-linear mathematical model that unifies the dynam-
ics of a closed greenhouse microclimate encompassing temperature, humidity, CO2,
lighting, irrigation, and ventilation with the operational constraints of a hybrid renew-
able microgrid comprising photovoltaic panels, wind turbines, energy storage systems,
and a connection to the main electrical grid. This integrated model establishes the foun-
dation for a novel control paradigm that simultaneously optimizes for crop physiological
requirements and overall energy efficiency.

• Design, Implementation, and Validation of a Novel NQPSO-Based Control Algo-
rithm
We pioneer the application of a Nonlinear Quantum-inspired Particle Swarm Optimiza-
tion (NQPSO) algorithm for the real-time, predictive management of a smart green-
house integrated with a microgrid. Enhanced with a machine learning model (e.g.,
Random Forest) for reliable prediction of key environmental variables, this algorithm
is rigorously tested and shown to outperform classical optimization methods (including
standard PSO and Pyomo-based models) in solving the complex, high-dimensional
optimization problem. It ensures robust, energy-efficient greenhouse operation across
an entire crop growth cycle, as validated through extensive simulations and a detailed
real-world case study.

• We developed and embedded a full organ-level crop growth model that separately
tracks dry matter in leaf, stem, root, fruit, and mature fruits over phase of growths
A central contribution of this work is the development and embedding of a compre-
hensive crop growth model that separately tracks dry matter accumulation in leaves,
stems, roots, fruits, and mature fruits. This model serves as the core of a broader
mathematical framework for controlling a smart greenhouse farming setup, where the
control scheme simultaneously adjusts all key variables influencing crop development,
namely indoor air temperature, relative humidity, 𝐶𝑂2 concentration, lighting, natural
ventilation, and nutrient delivery while also optimizing energy and water use under un-
predictable outdoor conditions and fluctuating renewable energy output. The primary
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challenge addressed by this framework is the design of a centralized predictive control
structure capable of handling complex crop-environment interactions, balancing com-
peting objectives, coping with random and unpredictable inputs, and optimizing energy
exchanges at the microgrid level. Achieving this required properly modeling all system
components and simulating their operation under dynamic conditions. Although the
proposed control framework is relatively standard from a purely theoretical standpoint,
it offers practical value for this specific agricultural application and lays the groundwork
for more advanced nonlinear model predictive control methods in future work. Overall,
the model provides an efficient and sustainable response to key challenges in precision
agriculture.

• Formulation and Demonstration of a Scalable ADMM-Based Distributed Control
Strategy
To address the challenge of scaling sustainable agriculture, we propose a pioneering
distributed optimization strategy for a network of interconnected net-zero energy farms.
By developing an ADMM-based supervisory controller, we enable efficient, parallel
computation for the real-time coordination of energy exchanges (purchasing, selling,
sharing) and climate control setpoints among multiple autonomous operational units
(e.g., greenhouses, residential buildings). This framework enhances overall system
resilience, respects data privacy, and offers superior computational scalability and
efficiency compared to centralized optimization approaches, as demonstrated through
comparative numerical simulations.

• Holistic System Validation and a Pathway to Sustainable Implementation
The performance and practical efficacy of both the NQPSO, NMPC (single-system) and
ADMM (multi-system) frameworks are comprehensively validated through integrated
simulation case studies that account for harsh climatic conditions and full growth
periods. This work not only proves the technical and economic feasibility of achieving
net-zero energy operations for advanced greenhouses but also provides a scalable,
algorithmic blueprint for the design and management of next-generation, intelligent,
and sustainable agricultural systems.

1.2 Thesis Organization

This thesis is organized into five chapters, each systematically addressing the critical aspects
of controlling and optimizing closed greenhouse systems for sustainable agriculture, with a
particular focus on renewable energy integration and smart grid interaction. The research
progresses from establishing the foundational problem to developing and validating novel
algorithmic solutions for microclimate control and energy management. The final chapter 5
addresses the external energy system challenge of peak power loads, proposing and evaluating
a novel hybrid renewable energy storage system as a practical solution . The chapters are
structured as follows:

• Chapter 1: Introduction and Motivation
This chapter.1 provides the context, motivation, and objectives of the research. by
outlining the dual challenge of global food security and smart farming . It intro-
duces closed greenhouses as a high-potential solution while identifying their critical
drawback: substantial energy consumption. To contextualize this problem, the chap-
ter surveys existing literature on greenhouse modeling, climate control strategies, and
renewable energy integration within agricultural microgrids.
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• Chapter 2: Optimizing Greenhouse Energy and Microclimate Control Under
Harsh Climates Using a Quantum PSO Algorithm
This chapter.2 presents a high-level optimization framework using a novel Nonlinear
Quantum-inspired PSO (NQPSO) algorithm . The method optimizes greenhouse cli-
mate and energy consumption throughout the growing season by managing real-time
interactions between environmental and power variables. A real-world case study
validates the approach, showing it outperforms traditional optimization methods in
simulations. The results demonstrate the framework’s effectiveness in addressing non-
linear, multi-variable control, offering a practical path toward sustainable greenhouse
management.

• Chapter 3: Unified Model Predictive Control for Coordinated Microgrid Energy
Management and Greenhouse Microclimate Control over Growth Cycles
The following chapter.3 outlines a centralized predictive control framework that handles
complex crop-environment interactions, balances competing objectives, copes with
random and unpredictable inputs, and optimizes energy exchanges at the microgrid
level. This requires properly modeling all components and simulating their operation
under dynamic conditions. While our control framework is relatively standard from a
theoretical perspective, we believe it offers real value for this specific application and
could open the door to more advanced NMPC methods later. The proposed model is
an efficient, sustainable answer to key challenges in precision agriculture.

• Chapter 4: Distributed Control ADMM Algorithm for Connected Net Zero-
Energy Farms Integrated Microgrids
This chapter.4 investigates advanced control strategies to manage the operational chal-
lenges of the distributed optimization problem for interconnected farms, and develops
an ADMM-based control framework for scalable, cooperative energy management
across multiple agricultural units .

• Chapter 5: Optimal Operation Scheduling of a Combined Wind-Hydro System
for Peak Load Shaving
This chapter.5 proposes a wind farm and pumped hydro storage (WF-PHES) hybrid
system to reduce peak power loads. It develops and validates an optimization model
to control the system operation, demonstrating its effectiveness through seasonal case
studies and performance comparisons.

1.3 List of Publications and editorial activity

This section summarizes the research contributions made during the course of this PhD,
including published journal papers, conference presentations, and organizational activities.

1.3.1 Journal Papers - Published

• "Optimal Operation Scheduling of a Combined Wind-Hydro System for Peak
Load Shaving" IEEE Transactions on Automation Science and Engineering1.

• "Integrating Digital Twins and MPC for Sustainable Greenhouse Management in
Smart Agriculture" IEEE Transactions on Agrifood Electronics.2

1https://ieeexplore.ieee.org/document/10348533
2https://ieeexplore.ieee.org/document/11033172

https://ieeexplore.ieee.org/document/10348533
https://ieeexplore.ieee.org/document/11033172
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• "Smart greenhouse farming: a review towards near zero energy consumption"
Springer Discover Cities. 3

1.3.2 Journal Papers - Under Review

• "Optimizing Greenhouse Energy and Microclimate Control Under Harsh Cli-
mates Using a Quantum PSO Algorithm" IEEE Transactions on Sustainable Com-
puting.

• "Distributed Control ADMM Algorithm for Connected Net Zero-Energy Farms
Integrated Microgrids" IEEE Transactions on Sustainable Computing.

• "Unified Model Predictive Control for Coordinated Microgrid Energy Manage-
ment and Greenhouse Microclimate Control over Growth Cycles" EEE Transac-
tions on Automation Science and Engineering.

Conference Papers - Published

• "Optimal Operation of a Smart Greenhouse-Integrated Microgrid for Strawberry
Growth in Atlantic Climate" IEEE International Conference on System of Systems
Engineering (SoSE)4.

• "Integrating Digital Twin Technology for Sustainable Smart Greenhouse Manage-
ment: A Case Study for Liguria Region in Italy" presented at the IEEE International
Conference on System of Systems Engineering (SoSE)5.

• "A Performance Comparison of Path Planning Strategies for Autonomous Drone
Swarms in Greenhouses" presented at the IEEE International Congress on Smart
Agriculture and Sustainable Systems(SoSE)6.

• "Grid Integration of Renewable Energy Through Wind-Pumped Hydro Storage
for Load Limiting" presented at the IEEE International Conference on System of
Systems Engineering (SoSE)7.

• "Design of an IoT-Driven Smart Irrigation and Energy Management System for
Enhanced Energy Efficiency in Sustainable Autonomous Agriculture" presented
at the IEEE International Conference on System of Systems Engineering (SoSE)8.
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• Co-organized the Open Invited Track "Optimal Control, Management, and Scheduling
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• Co-chaired the Special Session "IEEE International Congress on Smart Agriculture
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1.3.3 Projects

• During the course of this PhD, I actively participated in a major research project, which
focused on “bio-inspired micro aerial vehicles for sustainable pest control in horti-
culture Flappy." Collaboration between the University of Genoa, Inholland University
of Applied Sciences, and TU Delft, Netherlands, on the project This project aims at
developing monitoring systems based on the use of flapping-wing drones for pest and
disease detection in greenhouse crops.
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Chapter 2

Optimizing Greenhouse Energy and
Microclimate Control Under Harsh
Climates Using a Quantum PSO
Algorithm

This chapter examines the challenges in greenhouse optimization, which include manag-
ing energy use, preserving ideal growing conditions, and incorporating renewable energy.
Sections 2.1 and 2.2 describe the proposed system, featuring a comprehensive mathemati-
cal model of a grid-connected greenhouse. The section 2.3 is dedicated to explaining the
methodology, which integrates a Nonlinear Classical Particle Swarm Optimization algorithm
with a Nonlinear Quantum Particle Swarm Optimization (NQPSO) algorithm and a prediction
module based on Random Forests to address these interconnected complexities. Section 2.4
details the experimental design and case study used to evaluate the framework over a com-
plete crop cycle. The results show gains in energy and water efficiency relative to traditional
optimization approaches, highlighting implications for sustainable greenhouse management
and microgrid integration. The chapter concludes with a summary in Section 2.5.

2.1 Modeling Greenhouse System Components

A grid-connected greenhouse integrated into a microgrid system with renewable energy
sources (solar panels and wind turbines), water storage, and climate control elements (HVAC,
CO2 injection, fogger, dehumidifier, and artificial lighting) is shown in Figure 2.1. The
160–165 day life cycle is divided into five phases: early growth (E.G., 22 days), vegetative (V,
58 days), flowering (F, 20 days), fruit formation (F.F., 30 days), and mature fruiting (M.F., 32
days). Several sensors track environmental parameters to maintain ideal growing conditions.

The study simulates 24-hour periods for each growth phase, applying optimization and
control strategies based on two data sources: (1) real-world measurements from Qatar’s
harsh climate (deterministic case) and (2) forecasted environmental parameters generated by
a random forest (RF) model (probabilistic case). The RF algorithm, implemented in Python
using scikit-learn, predicts external conditions at 15-minute intervals over 24-hour horizons.
Time-series data is encoded via sine/cosine transformations to capture cyclical patterns.
Hyperparameters such as tree depth and ensemble size are systematically tuned, yielding
specialized models for each environmental factor. Performance is assessed using mean
absolute error (MAE), root mean square error (RMSE), and the coefficient of determination
(R²), demonstrating robust predictive accuracy for operational use.

It is important to note that this study employs a discrete-time system model, using a
15-minute sampling period for simulation.
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Figure 2.1: Greenhouse system components.

2.1.1 PV Panels Model
The expected power output of the JKM590N-72HL4 PV panels used in this study[52], as-
suming operation at maximum power point (MPP), can be described as follows[53]:

𝐼pv = 𝐼ref
sc

[
1 − 𝐴

(
exp

(
𝑉 ref

mp

𝐵 · 𝑉 ref
oc

)
− 1

)]
+ Δ𝐼𝑙 , (2.1)

𝑉pv = 𝑉mp

(
1 + 0.0539 · log

(
𝐼𝑙

𝐼st

))
+ 𝑢 · Δ𝑇, (2.2)

where : 𝐴 =

(
1 −

𝐼 ref
mp

𝐼 ref
sc

)
exp

(
−

𝑉 ref
mp

𝐵 · 𝑉 ref
oc

)
, (2.3)

𝐵 =
𝑉 ref

mp

𝑉 ref
oc − 1

· 1

log
(
1 − 𝐼 ref

mp

𝐼 ref
sc

) , (2.4)

Δ𝐼𝑙 = 𝜂

(
𝐼𝑙

𝐺st

)
𝑇 +

(
𝐼𝑙

𝐺st − 1
)
𝐼 ref
sc , (2.5)

Δ𝑇 = 𝑇amb + 0.02 · 𝐼𝑙 . (2.6)

The PV array’s output voltage and power are as follows:

𝑉pv,out = 𝜖pv,s𝑉pv (2.7)

𝑃pv = 𝜖pv,s𝜖pv,p𝑉pv𝐼pv𝜂pv𝜉
loss. (2.8)

where 𝑉 ref
𝑚𝑝 is the module’s maximum power voltage (V), 𝐼ref

𝑠𝑐 is the module’s short-circuit
current (A), and 𝐼ref

𝑚𝑝 is the module’s maximum power current (A). 𝐼𝑙 is solar irradiance
(𝑊/𝑚2), and 𝑉 ref

𝑜𝑐 is the module open-circuit voltage (V), 𝐺st represents standard light inten-
sity (𝑊/𝑚2), 𝜇 is module voltage temperature coefficient (V/°C), and 𝜂 is module current
temperature coefficient (A/°C) and 𝑇amb is the ambient temperature (°C), 𝜂𝑝𝑣 is the efficiency
of the solar panel , 𝜉 loss stands for both connection loss and additional loss brought on by other



10 Chapter 2. Optimizing Greenhouse Energy and Microclimate Control Under Harsh
Climates Using a Quantum PSO Algorithm

variables. 𝜖pv,s is the serial connection number of PV modules, 𝜖pv,p is the parallel connection
number of PV module strings, and 𝑃pv is the PV output power (kW).

2.1.2 Wind Turbine Generator Model
the power generated by a wind turbine that considers the three main parts: the generator,
gearbox, and rotor. possibly calculated in this way:

𝑃𝑤𝑖𝑛𝑑 = 0.5 · 𝜌𝑎 · 𝐴𝑟 ·
𝑤 𝑓∑︁
𝑤𝑐

𝐶𝑝𝑡𝑜𝑡 · (𝑤ℎ𝑢𝑏𝑠 )
3 (2.9)

where 𝑃𝑤𝑖𝑛𝑑 is power generated by the wind turbine (kW), 𝜌𝑎 is the air density (𝑘𝑔/𝑚3), 𝐴𝑟
is the rotor swept surface (𝑚2), 𝑤𝑠

ℎ𝑢𝑏
is wind speed extrapolated at hub height (𝑚/𝑠), 𝑤𝑐, 𝑤 𝑓

are cut-in and cut-out wind speeds (𝑚/𝑠), and𝐶𝑡𝑜𝑡𝑝 represents total efficiency of a wind turbine
as a function of the power coefficient of the rotor and gearbox and generator efficiencies. The
full model description is not provided here due to space constraints. It should be mentioned
that the Aeolos-H-30kW wind turbine was employed in this investigation[54]. It’s also crucial
to note that the model has been thoroughly detailed and validated in this earlier study [55].

2.1.3 Battery Storage Model

The battery storage system allows the greenhouse to either use stored energy or sell it to the
grid. By storing excess power when generation exceeds demand, the battery supports demand
response and ensures reliable operation during low wind or solar output. The dynamic of a
battery’s energy can be expressed as follows:

𝑑𝑆𝑜𝑐

𝑑𝑡
=
𝛼𝑐ℎ

𝐸n
𝑃𝑐ℎ − 1

𝛼𝑑𝑐ℎ𝐸n
𝑃𝑑𝑐ℎ (2.10)


0 ≤ 𝑃ch ≤ 𝑃ch

max

0 ≤ 𝑃dch ≤ 𝑃dch
max

Socmin ≤ Soc ≤ Socmax

(2.11)

Where 𝑃𝑐ℎ and 𝑃𝑑𝑐ℎ are charging and discharging powers, respectively (kW); 𝛼𝑐ℎ and 𝛼𝑑𝑐ℎ
are the charging and discharging efficiencies, respectively; and 𝐸𝑛 is the nominal battery
capacity (kWh). Charge and discharge are not assumed to occur simultaneously according to
the equation.

𝑃𝑐ℎ . 𝑃𝑑𝑐ℎ = 0 (2.12)

2.1.4 Water Reservoir and Pumps Model
Climate change makes water management essential; thus, water-efficient greenhouse farming
is crucial. Because it delivers water directly to roots, minimizes waste, and maintains optimal
soil moisture, drip irrigation performs better than conventional techniques like flood irrigation
or border furrow irrigation [56]. It is essential for greenhouse sustainable agriculture since it
reduces water usage by 30–50% and stops erosion and nutrient loss. To support drip irrigation,
an underground water reservoir is installed near the greenhouse, with its dynamics modeled
as follows:

𝑑𝑀𝑟𝑒𝑠

𝑑𝑡
= 𝑤𝑚 − 𝑤𝑔ℎ (2.13)

where the reservoir water volume is 𝑀𝑟𝑒𝑠(𝑚3). The water flows entering the reservoir are
defined by 𝑤𝑚 (𝑚3/𝑠), while the water flows entering the greenhouse are defined by 𝑤𝑔ℎ
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(𝑚3/𝑠). The powers used for pumping are correlated with the water flows in the following
way:

𝑤𝑔ℎ =
𝑃𝑙 𝑝 .𝛽𝑙 𝑝

1000.𝜌.𝑔.ℎ𝑔ℎ
.𝜂𝑔ℎ (2.14)

𝑤𝑚 =
𝑃𝑚.𝛽𝑚

1000.𝜌.𝑔.ℎ𝑚
.𝜂𝑚 (2.15)

where 𝜌 is the water density (𝑘𝑔/𝑚3) and 𝑔 is the gravity acceleration constant (𝑚/𝑠2), 𝜂𝑚𝑝,
𝜂𝑔ℎ, are the pump efficiencies, 𝛽𝑙 𝑝, 𝛽𝑚 are control variables of pumps; ℎ𝑚𝑝 is the difference
in level height between the reservoir and source of water (m). ℎ𝑔ℎ is the difference in height
between the reservoir and plants of the greenhouse (m), and 𝑃𝑚𝑝 and 𝑃𝑙 𝑝 are the powers
consumed by the master pump and locale pump (kW).

2.2 Comprehensive Mathematical Model for Greenhouse Micro-
climate Dynamics

A complete physical system-level formulation model has been employed to depict the green-
house’s interior microclimate for different phases of growth.

2.2.1 Temperature Model
Temperature plays a crucial role in photosynthesis, increasing activity at low to moderate levels
as per the Arrhenius equation. To ensure optimal conditions and prevent reduced growth, the
greenhouse regulates interior temperature using HVAC. The dynamic temperature model is
as follows:

𝑥
𝑑𝑇 𝑖𝑛

𝑑𝑡
=

gain︷                  ︸︸                  ︷
𝑄sol +𝑄hvac +𝑄art −

loss︷                                        ︸︸                                        ︷
𝑄cond −𝑄conv −𝑄trs −𝑄vent −𝑄inf (2.16)

𝑥 = 𝐶𝑎𝜌𝑎𝑉𝑔 (2.17)

Where 𝐶𝑎 is the air specific heat capacity (𝐽/𝑘𝑔𝐾), 𝜌𝑎 is air density (𝑘𝑔/𝑚3), and 𝑉𝑔 is the
volume of the greenhouse (𝑚3), 𝑇 in represents desired indoor air temperature (°C). The total
thermal flux gain in the greenhouse consists of the sum of heat gain by solar radiation (𝑄sol)
(W), HVAC system (𝑄hvac) (W) and artificial lighting (𝑄art) (W). The total thermal flux loss in
the greenhouse consists of heat loss by conduction (𝑄cond) (W), convection through the cover
(𝑄conv) (W), latent heat effect due to crop transpiration (𝑄trs) (W), natural ventilation (𝑄vent)
(W), and infiltration (𝑄inf) (W). In this model, the latent heat effect due to crop transpiration
(𝑄trs) is assumed to be neglected. By substituting each heat flux with its respective definition,
the differential equation governing the greenhouse temperature dynamic expression becomes:

𝑑𝑇 in

𝑑𝑡
=

1
𝐶𝑎𝜌𝑎𝑉𝑔

[ 𝑄sol︷︸︸︷
𝑆𝑔𝜏𝐼

𝑙 +

𝑄hvac︷︸︸︷
𝑄hvac +

𝑄art︷            ︸︸            ︷
(1 − 𝜂𝑙)𝑃𝑎𝑟𝑡𝑟 𝛽𝑙

−

𝑄cond︷                 ︸︸                 ︷
𝑆𝑔 · 𝑒
𝑘𝑐
(𝑇out − 𝑇 in) −

𝑄inf︷                                                     ︸︸                                                     ︷
𝐽 inf𝜌𝑎𝑉𝑔𝑐𝑎

[
(𝑇out − 𝑇 in) + 𝐽𝑙ℎ (𝐻in − 𝐻out)

]
−

𝑄conv︷                   ︸︸                   ︷
ℎconv𝑆𝑔 (𝑇out − 𝑇 in) −

𝑄vent︷︸︸︷
𝑄vent

]
(2.18)

The heat and cooling air fluxes 𝑄hvac supplied from the HVAC system can be expressed by
the following equation, while heat loss through natural ventilation 𝑄vent will be detailed in
the next subsection.

𝑄ℎ𝑣𝑎𝑐 = 𝐶𝑜𝑝𝛽hvac𝑃
hvac (2.19)
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where 𝑆𝑔 is the total external surface area (cover) of the greenhouse (𝑚2), 𝜏 is the material
transmissivity of polycarbonate used for the greenhouse cover, 𝐼𝑙 is solar radiation intensity
(𝑊/𝑚2), and 𝜂𝑙 and 𝑃𝑎𝑟𝑡𝑟 are the efficiency of artificial lighting (𝜇𝑚𝑜𝑙/𝐽) and their rated
power (W), respectively. 𝑒 and 𝑘𝑐 are the glazing material thickness (m) and material thermal
conductivity (𝑊/𝑚𝐾), and 𝑇 in and 𝑇out are the indoor and outdoor greenhouse temperatures
(°C). 𝜂ℎ represents the performance coefficient of the HVAC unit, and 𝑃hvac is HVAC power
consumption (kW). 𝑒 and 𝑘𝑐 are the glazing material thickness (m) and material thermal
conductivity (𝑊/𝑚𝐾), 𝐽 inf and 𝐽 lh are the infiltration rate (1/𝑠) and latent heat of vaporization
of water at 𝑇 𝑖𝑛, 𝐻in and 𝐻out are the indoor and outdoor greenhouse humanities. ℎconv is
the convective heat transfer coefficient (𝑊/𝑚2𝐾), while 𝐶𝑜𝑝 and 𝑃ℎ𝑣𝑎𝑐 are the coefficient
of performance (positive for cooling and negative for heating) and power consumed by the
HVAC (𝑘𝑊), and 𝛽ℎ𝑣𝑎𝑐 represents the control variable.

and 𝐽ven is the air exchange rate depending on external wind speed and the type of
ventilator window. It can be determined using air circulation model.

2.2.2 Air circulation model

In this model, when the greenhouse gets too hot, a window for natural ventilation is used. It is
possible to determine the overall heat loss brought on by the ventilation window’s operation
as follows[57]:

𝑄vent = 𝐽ven𝜌𝑎𝑉𝑔𝑐𝑎 (𝑇out − 𝑇 in) + 𝐽𝑙ℎ (𝐻in − 𝐻out) (2.20)

𝐽vent which stands for air exchange rate, may be computed based on ventilator window type
and outdoor wind speed as described below:

𝐽vent =
𝐴𝑣

𝑆𝑔
𝑤𝑠

(
1 − 𝑒( −𝛼21.1 )

)
· 82, 44 (2.21)

𝛼 =

{
𝛼min ≤ 𝛼 ≤ 𝛼max ; 𝑖 𝑓 𝑇 𝑖𝑛 − 𝑇 𝑖𝑛𝑟𝑒 𝑓 ≥ 1

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

}
(2.22)

where 𝛼 denotes the window’s angle opening (deg), 𝐴𝑣 denotes the window area of natural
ventilation (𝑚2) and 𝑤𝑠 denotes the wind speed (𝑚/𝑠).

2.2.3 Light Intensity Model
LED lighting serves as an energy-efficient supplemental lighting solution in greenhouses,
with studies showing they convert up to 49% of electrical energy into plant-usable light
[58]. A major advantage is their compatibility with pulse-width modulation (PWM), which
precisely adjusts light intensity to optimize energy use without compromising plant health
[59]. Dynamic Lighting Control (DLC) enhances this efficiency further. Systems like
Fluence’s SPYDR 2p47 [60] integrate photosynthetically active radiation (PAR) sensors and
microcontrollers to dynamically shift spectra such as red (660 nm) for flowering and blue
(450 nm) for vegetative growth based on real-time canopy conditions [61]. Compared to
fixed-spectrum lighting, this approach reduces energy consumption by 20% while improving
crop yields. The dynamic light intensity in the greenhouse is a combination of artificial
lighting and natural sunlight and can be described as follows:

𝑑𝐼𝑙𝑖𝑔ℎ𝑡

𝑑𝑡
= 𝐼𝑛𝑎𝑡 + 𝐼𝑎𝑟𝑡 (2.23)

𝐼𝑛𝑎𝑡 = 𝜏 · 𝑘𝑠𝑜𝑙 · 𝐼𝑙 (2.24)

where 𝐼𝑛𝑎𝑡 represents the natural light intensity that comes from solar radiation (𝜇𝑚𝑜𝑙/𝑚2/𝑠),
𝜏 is the material transmissivity, 𝐼 𝑙 solar radiation (𝑊/𝑚2) and 𝑘𝑠𝑜𝑙 is factor of solar radiation
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contributing to PAR. The power consumed by artificial lighting 𝑃𝑎𝑟𝑡 as a function of 𝐼𝑎𝑟𝑡
artificial light intensity can be expressed as follows:

𝑃𝑎𝑟𝑡 = 𝛽𝑙 .
𝐼𝑎𝑟𝑡 · 𝑆𝑐
𝜂𝑙

𝑁𝑥 (2.25)

𝛽𝑙 =

{
1 𝑖 𝑓 𝐼𝑛𝑎𝑡 ≤ 𝐼𝑙min
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

}
(2.26)

where 𝑆𝑐 denotes cultivated area (𝑚2), 𝜂𝑙 is the LED efficiency (𝜇𝑚𝑜𝑙/𝐽), 𝐼𝑙𝑚𝑖𝑛 represents
the minimal light intensity (𝜇𝑚𝑜𝑙/𝑚2/𝑠) and 𝑁𝑥 number of fixtures of artificial lighting
products used for covering the cultivated area.

2.2.4 Relative Humidity Model
To offer a favorable climate for plant growth and to avoid fungal diseases, the humidity within
a greenhouse must be managed and controlled. High humidity, which typically occurs at
night, causes plants to stop transpiring, and condensation from the roof and plant leaves can
lead to fungal illnesses. Low-flow humidity causes plants to stop absorbing 𝐶𝑂2 and the
process of photosynthesis, which slows plant growth. Consequently, the mathematical model
should accurately represent adjusting the relative humidity in greenhouses[62]. Inside relative
humidity of a greenhouse is defined as follows:

𝐻𝑖𝑛 =
𝑃𝑝𝑣𝑝

𝑃𝑠𝑎𝑡
× 100% (2.27)

Where 𝑃𝑝𝑣𝑝 the partial vapor pressure and 𝑃𝑠𝑎𝑡 saturated water vapor pressure can be calculated
using:

𝑃sat = 𝑎1

(
−𝑎2 + 𝑎3𝑒

𝑎4𝑇
𝑖𝑛
)

; 𝑃pvp =
𝑊 in𝑃𝑎𝑡𝑚

𝑎5
(2.28)

Where 𝑃𝑎𝑡𝑚 is the atmospheric air pressure and 𝑎1...𝑎5 are constants and𝑊 𝑖𝑛 represent water content
of the indoor air is calculated using the mass balance theory, taking into account the moisture expelled
by natural ventilation and the amount of water added or removed by the dehumidifier or fogging
system, as follows:

𝑑𝑊 𝑖𝑛

𝑑𝑡
=

1
𝜌𝑎𝑉𝑔

[
𝑊evp𝑆𝑔 + 𝜌𝑎𝜆𝑠𝐽𝑣𝑒𝑛 (𝑊𝑜𝑢𝑡 −𝑊 𝑖𝑛)

+ 𝛽fog𝑊
𝑓 𝑜𝑔
𝑚𝑎𝑥𝑆𝑔 − 𝛽deh𝑊

𝑑𝑒ℎ
𝑚𝑎𝑥𝑆𝑔

] (2.29)

𝑊evp denotes the crop’s rate of evaporation (𝑘𝑔/𝑚2ℎ), while 𝜆𝑠 is the wind ratio entering the green-
house. The power consumed by the fogging equipment 𝑃 𝑓 𝑜𝑔 (𝑘𝑊) and its operational status 𝛽 𝑓 𝑜𝑔=
(𝑃 𝑓 𝑜𝑔/𝑃 𝑓 𝑜𝑔max ). Similarly, the amount of water content absorbed by the dehumidifier is a function of the
power consumed by the dehumidifier equipment 𝑃𝑑𝑒ℎ and its operational status. 𝛽𝑑𝑒ℎ = (𝑃𝑑𝑒ℎ/𝑃𝑑𝑒ℎmax )
The outdoor water content of air can be calculated as a function of outdoor humidity and outdoor
temperature as follows:

𝑊𝑜𝑢𝑡 =
𝑎5𝐻

𝑜𝑢𝑡

𝑃𝑎𝑡𝑚
𝑎1 · (𝑎3𝑒

𝑎4𝑇
𝑜𝑢𝑡 − 𝑎2) (2.30)

The Relative humidity dynamics can be derived as the below equation.

𝑑𝐻𝑖𝑛

𝑑𝑡
=
𝑃𝑎𝑡𝑚

𝑎5𝑃sat
𝑑𝑊 𝑖𝑛

𝑑𝑡
− H𝑖𝑛
𝑃sat

𝑑𝑃sat

𝑑𝑡
(2.31)

Where :
𝑑𝑃sat
𝑑𝑡

= 𝑎1𝑎3𝑎4𝑒
𝑎4𝑇

𝑖𝑛 𝑑𝑇 𝑖𝑛

𝑑𝑡
(2.32)

The relative humidity can be limited between the following minimum and maximum values:

𝐻𝑖𝑛𝑚𝑖𝑛

(
𝑃sat𝑎5
𝑃atm

)
≤ 𝑊 𝑖𝑛 ≤ 𝐻𝑖𝑛𝑚𝑎𝑥

(
𝑃sat𝑎5
𝑃atm

)
(42)



14 Chapter 2. Optimizing Greenhouse Energy and Microclimate Control Under Harsh
Climates Using a Quantum PSO Algorithm

2.2.5 𝐶𝑂2 Concentration Model
𝐶𝑂2 concentration and lighting are necessary for photosynthesis in plants. Supplying 𝐶𝑂2
into the greenhouse and maintaining 𝐶𝑂2 concentration within a specific range is crucial to
maintaining a high degree of photosynthesis and plant growth because plants in the greenhouse
use 𝐶𝑂2 when there is sunlight, which lowers 𝐶𝑂2 concentration[62]. The dynamic model
of the greenhouse’s 𝐶𝑂2 concentration is based on the mass balance concept:

𝑑𝐶𝑂𝑖𝑛2
𝑑𝑡

=
1

𝑉𝑔𝜌𝑎

[
𝛽𝐶𝑂2𝑃

𝐶𝑂2

𝑃
𝐶𝑂2
𝑟

𝐶
𝑖𝑛 𝑗
max𝑆𝑔 + 𝑎6𝑤𝑠𝐴

𝑣𝜆𝑠𝐽
𝑣𝑒𝑛

(
𝐶𝑂𝑜𝑢𝑡2 −

𝐶𝑂𝑖𝑛2
)
+ 𝐶𝑟𝑒𝑠

(
𝑎7 + 𝑎8𝑇

𝑖𝑛
)
𝑆𝑔 − 𝑎6𝐶

𝑝ℎ𝑜𝑡 𝐼𝑙𝑖𝑔ℎ𝑡𝑆𝑔

] (2.33)

Where 𝜌𝑎 (𝑘𝑔/𝑚3) and 𝑉𝑔 (𝑚3) are air density and volume of greenhouse, 𝐶𝑂𝑖𝑛2 , 𝐶𝑂𝑜𝑢𝑡2
(𝑘𝑔/𝑚2) are the greenhouse internal and external 𝐶𝑂2 concentrations, 𝐶max𝑖𝑛 𝑗 (𝑘𝑔/𝑚2) is
the maximum carbon that a CO2 generator may introduce. 𝑤𝑠 (𝑚/𝑠), 𝐴𝑣 (𝑚2), 𝜆𝑠 (1/𝑠), 𝐽𝑣𝑒𝑛
are wind speed, ventilation window area, percentage of wind speed that enters into the green-
house, and air exchange rate through natural ventilation respectively. 𝑎6...𝑎8 are coefficients
associated with the respiration rate of the crop,𝐶res (𝑘𝑔/(𝑚2ℎ𝐾)) is the respiration coefficient
of crops,𝐶 𝑝ℎ𝑜𝑡 (𝑘𝑔/𝑊ℎ) is the photosynthesis coefficient of crops, 𝐼𝑙𝑖𝑔ℎ𝑡 (𝜇𝑚𝑜𝑙/𝑚2/𝑠) is the
indoor light intensity, 𝑆𝑔 (𝑚2) is the area of the greenhouse, 𝛽𝐶𝑂2 represent the operational
status of the 𝐶𝑂2 injector and 𝑃𝐶𝑂2 and 𝑃𝑟𝐶𝑂2 (𝑘𝑊) are consumed and rated powers of the
𝐶𝑂2 injector.

2.2.6 Power balance
The proposed greenhouse system includes renewable generators and battery storage, and it
is connected to the main electric grid, allowing power exchanges in both cases of excess or
shortage in local energy production. By defining 𝑃𝑏𝑢𝑦

𝑔𝑟𝑖𝑑
and 𝑃𝑠𝑜𝑙𝑑

𝑔𝑟𝑖𝑑
as purchased and sold

power from/to the grid (kW), the power balance of the system can be written as follows:

𝑃𝑝𝑣 + 𝑃𝑤𝑖𝑛𝑑 + 𝑃𝑏𝑢𝑦
𝑔𝑟𝑖𝑑

= 𝑃𝑠𝑜𝑙𝑑𝑔𝑟𝑖𝑑 + 𝑃
𝑚𝑝 + 𝑃𝑙 𝑝 + 𝑃ℎ𝑣𝑎𝑐 + 𝑃𝐶𝑂2+

𝑃𝑙𝑖𝑔ℎ𝑡 + 𝑃 𝑓 𝑜𝑔 + 𝑃𝑑𝑒ℎ + (𝑃𝑐ℎ − 𝑃𝑑𝑐ℎ)
(2.34)

𝑃
buy
grid · 𝑃

sell
grid = 0 (2.35)

The parameters of the system modeling components used in the simulation case study
are outlined in Table (2.1), detailing their respective roles. Additionally, the optimization
variables, along with their corresponding bounds, are comprehensively described in Table
(2.2) , providing a clear framework for the simulation process.

2.2.7 Optimization Problem

Objective Function

The primary objective is to establish an optimal microclimate within the greenhouse to support
sustainable crop growth. This involves minimizing deviations between key indoor microclimate
variables such as water irrigation, temperature, lighting, humidity, and 𝐶𝑂2 concentration and usage
and their respective reference values. Additionally, the strategy aims to reduce the reliance on power
exchanged with the main grid, promoting energy efficiency and sustainability. This is achieved by
minimizing the following objective function:

𝐽 =𝛼1
∑︁
𝑑∈𝐷

𝜆
𝑔ℎ

𝑤,𝑑
+ 𝛼2

∑︁
𝑑∈𝐷

𝜆𝑇𝑖𝑛𝑇,𝑑 + 𝛼3
∑︁
𝑑∈𝐷

𝜆𝐿𝐿,𝑑 + 𝛼4
∑︁
𝑑∈𝐷

𝜆𝐻𝑖𝑛𝐻,𝑑 + ...

𝛼5
∑︁
𝑑∈𝐷

𝜆
𝐶𝑂2
𝐶,𝑑
+ 𝛼6

∑︁
𝑑∈𝐷
(𝑃𝑏𝑢𝑦
𝑔𝑟𝑖𝑑,𝑑

− 𝑃𝑠𝑜𝑙𝑑𝑔𝑟𝑖𝑑,𝑑) (2.36)
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Where:
𝜆
𝑔ℎ

𝑤,𝑑
= (𝑤𝑔ℎ

𝑑
− 𝑤𝑔ℎ

𝑟𝑒 𝑓 ,𝑑
)2, 𝜆𝑇𝑖𝑛

𝑇,𝑑
= (𝑇 𝑖𝑛

𝑑
− 𝑇 𝑖𝑛

𝑟𝑒 𝑓 ,𝑑
)2, 𝜆𝐿

𝐿,𝑑
= (𝐼𝑎𝑟𝑡

𝑑
− 𝐼𝑎𝑟𝑡

𝑟𝑒 𝑓 ,𝑑
)2, 𝜆𝐻𝑖𝑛

𝐻,𝑑
= (𝐻𝑖𝑛

𝑑
− 𝐻𝑖𝑛

𝑟𝑒 𝑓 ,𝑑
)2

, 𝜆𝐶𝑂2
𝐶,𝑑

= (𝐶𝑂2
𝑖𝑛
,𝑑
− 𝐶𝑂2𝑟𝑒 𝑓 ,𝑑)2, 𝐷 represent data length and 𝛼1,..., 𝛼6 are weighting parameters that

are used to trade off the objective function’s different components.

System benefits

In this study, we assume an interaction with the energy grid, representing the external electricity
supplier. The energy purchase price from the grid is set at𝐶𝑏𝑢𝑦 = 0.33 (=C/kWh), while surplus energy
is sold back at 𝐶𝑠𝑜𝑙𝑑 = 0.25 (=C/kWh). This pricing model emphasizes the need for effective energy
management to minimize costs and maximize profits from excess energy sales. The benefits of the
system 𝑆𝑏𝑒𝑛𝑒 𝑓 𝑖𝑡 (=C/kW) are calculated using the following equation:

𝑆𝑏𝑒𝑛𝑒 𝑓 𝑖𝑡 =

[
𝐶𝑠𝑜𝑙𝑑 · 𝑃𝑠𝑜𝑙𝑑𝑔𝑟𝑖𝑑 − 𝐶𝑏𝑢𝑦 · 𝑃𝑏𝑢𝑦𝑔𝑟𝑖𝑑

]
(2.37)

Constraints governing the problem

• Water flows and reservoir

𝑀𝑟𝑒𝑠
min ≤ 𝑀

𝑟𝑒𝑠 ≤ 𝑀𝑟𝑒𝑠
max (2.38)

𝑤
𝑔ℎ

min ≤ 𝑤
𝑔ℎ ≤ 𝑤𝑔ℎmax (2.39)

𝑤𝑚min ≤ 𝑤
𝑚 ≤ 𝑤𝑚max (2.40)

𝑃𝑚min ≤ 𝑃
𝑚 ≤ 𝑃𝑚max (2.41)

𝑃
𝑙 𝑝

min ≤ 𝑃
𝑙 𝑝 ≤ 𝑃𝑙 𝑝max (2.42)

• Temperature

𝑇 𝑖𝑛min ≤ 𝑇
𝑖𝑛 ≤ 𝑇 𝑖𝑛max (2.43)

𝑃ℎ𝑣𝑎𝑐min ≤ 𝑃
ℎ𝑣𝑎𝑐 ≤ 𝑃ℎ𝑣𝑎𝑐max (2.44)

𝐶𝑜𝑝,min ≤ 𝐶𝑜𝑝 ≤ 𝐶𝑜𝑝,max (2.45)

• Air circulation

𝛼min ≤ 𝛼 ≤ 𝛼max (2.46)

𝐽𝑣𝑒𝑛𝑡min ≤ 𝐽
𝑣𝑒𝑛𝑡 ≤ 𝐽𝑣𝑒𝑛𝑡max (2.47)

• Artificial lighting

𝐼𝑎𝑟𝑡min ≤ 𝐼
𝑎𝑟𝑡 ≤ 𝐼𝑎𝑟𝑡max (2.48)

𝑃𝑎𝑟𝑡min ≤ 𝑃
𝑎𝑟𝑡 ≤ 𝑃𝑎𝑟𝑡max (2.49)

• Humidity, fogger and dehumidifier

𝐻𝑖𝑛min ≤ 𝐻
𝑖𝑛 ≤ 𝐻𝑖𝑛max (2.50)

𝑃𝑑𝑒ℎmin ≤ 𝑃
𝑑𝑒ℎ ≤ 𝑃𝑑𝑒ℎmax (2.51)

𝑃
𝑓 𝑜𝑔

min ≤ 𝑃
𝑓 𝑜𝑔 ≤ 𝑃 𝑓 𝑜𝑔max (2.52)
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• 𝐶𝑂2 concentration

𝐶𝑂2
𝑖𝑛
𝑚𝑖𝑛 ≤ 𝐶𝑂2

𝑖𝑛 ≤ 𝐶𝑂2
𝑖𝑛
𝑚𝑎𝑥 (2.53)

𝑃
𝐶𝑂2
𝑚𝑖𝑛
≤ 𝑃𝐶𝑂2 ≤ 𝑃𝐶𝑂2

𝑚𝑎𝑥 (2.54)

• Grid power exchanged

𝑃𝑠𝑜𝑙𝑑𝑔𝑟𝑖𝑑,𝑚𝑖𝑛 ≤ 𝑃
𝑠𝑜𝑙𝑑
𝑔𝑟𝑖𝑑 ≤ 𝑃

𝑠𝑜𝑙𝑑
𝑔𝑟𝑖𝑑,𝑚𝑎𝑥 (2.55)

𝑃
𝑏𝑢𝑦

𝑔𝑟𝑖𝑑,𝑚𝑖𝑛
≤ 𝑃𝑏𝑢𝑦

𝑔𝑟𝑖𝑑
≤ 𝑃𝑏𝑢𝑦

𝑔𝑟𝑖𝑑,𝑚𝑎𝑥
(2.56)
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Table 2.1: System Components Parameters
𝑃𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 𝑉𝑎𝑙𝑢𝑒 𝑈𝑛𝑖𝑡

𝑉
𝑟𝑒 𝑓
𝑚𝑝 , 𝑉𝑟𝑒 𝑓𝑜𝑐 47.71 , 52.63 [𝑉]
𝐼
𝑟𝑒 𝑓
𝑚𝑝 , 𝐼𝑟𝑒 𝑓𝑠𝑐 13.50 , 14.13 [𝐴]
𝐺𝑠𝑡 , 𝑇𝑎𝑚𝑏 1000 , 25 [𝑊/𝑚2] , [°C]
𝜇, 𝜂, 𝜉𝑙𝑜𝑠𝑠 -0.13, 0.0063 , 0.9 [V/°C], [A/°C], [—]
𝜖 𝑝𝑣,𝑠, 𝜖 𝑝𝑣,𝑝 4 , 2 [—] , [—]

𝜌𝑎, 𝐴𝑟 1.225 , 191 [𝑘𝑔/𝑚3] , [𝑚2]
𝑤𝑐 , 𝑤 𝑓 3 , 52 [𝑚/𝑠]

𝜌 , 𝑔 999.93 , 9.81 [𝑘𝑔.𝑚−3] , [𝑚.𝑠−2]
ℎ𝑔ℎ, ℎ𝑚 5 , 21 [m]
𝜂𝑚𝑝, 𝜂𝑔ℎ 0.8 , 0.75 [—] , [—]

𝛼𝑐ℎ , 𝛼𝑑𝑐ℎ , 𝐸𝑛 0.95 , 0.9 ,50 [—-]

𝐶𝑎, 𝑉𝑔, 𝑆𝑔 1005, 192.5 , 182.7 [W/kg·K], [𝑚3], [𝑚2]
𝜏 , 𝜂𝑙 , 𝑃𝑎𝑟𝑡𝑟 0.65 , 2.46 , 650 [—] , [𝜇𝑚𝑜𝑙/𝐽] , [𝑊]
𝑒 , 𝑘𝑐 , 𝐽𝑖𝑛 𝑓 0.025, 0.04, 0.75 [𝑚] , [W/m·K] [1/𝑠]
ℎ𝑐𝑜𝑛𝑣 2.27 [𝑊/𝑚2𝐾]
𝑅ℎ𝑣𝑎𝑐 , 𝐶ℎ𝑣𝑎𝑐 1.3 , 3.2 [J/K] , [𝐾/𝑊]

𝐴𝑣 , 𝛼 1 , (0 - 90) [𝑚2] , [deg]

𝑘𝑠𝑜𝑙 , 𝑆𝑐 , 𝑁𝑥 0.5 , 70 , 35 [−−] , [𝑚2] ,[−−]
𝐼𝑙
𝑚𝑖𝑛

, 𝜂𝑙 36 , 2.46 [𝜇𝑚𝑜𝑙/𝑚2/𝑠],[𝜇𝑚𝑜𝑙/𝐽]

𝑃𝑎𝑡𝑚,𝑊𝑒𝑣 , 𝜆𝑠 101325, 0.12,0.075 [𝑃𝑎] , [𝑘𝑔/𝑚2ℎ],[1/𝑠]
𝑊
𝑓 𝑜𝑔
𝑚𝑎𝑥 ,𝑊𝑑𝑒ℎ

𝑚𝑎𝑥 , 𝑎1 0.0096, 1.4, 100 [𝑘𝑔𝑤/𝑚2ℎ],[𝑘𝑔/(𝑚2ℎ)],–

𝑎2, 𝑎3, 𝑎4 1.7, 7.78,0.058 [Pa] , [Pa],[𝐾−1]
𝑎5,𝑃 𝑓 𝑜𝑔𝑚𝑎𝑥 , 𝑃𝑑𝑒ℎ𝑚𝑎𝑥 0.622, 2, 5 (𝑘𝑔𝑤/𝑘𝑔𝑎),[𝑘𝑊],[𝑘𝑊]

𝑎6, 𝑎7, 𝑎8 -0.15 , 0.03, 0.05 [𝐶] ,[−−], [𝑊/𝑚𝐾]
𝐶
𝑖𝑛 𝑗
𝑚𝑎𝑥 , 𝐶𝑟𝑒𝑠 0.2.𝑒−3, 0.3𝑒−6 [𝑘𝑔/𝑚2], [𝑘𝑔/(𝑚2ℎ𝐾)]

𝐶 𝑝ℎ𝑜𝑡 , 𝑃𝐶𝑂2
𝑟 2.𝑒−5 , 2 [𝑘𝑔/𝑊ℎ] , [𝑘𝑊]

𝐷 480 [—]
𝐶𝑏𝑢𝑦 , 𝐶𝑠𝑜𝑙𝑑 0.33 , 0.25 [=C/kWh]
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Table 2.2: Optimization Variables
𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝐷𝑒 𝑓 𝑖𝑛𝑖𝑡𝑖𝑜𝑛 𝐵𝑜𝑢𝑛𝑑𝑠 [𝑙𝑏 − 𝑢𝑏] 𝑈𝑛𝑖𝑡

𝑃𝑐ℎ battery charging power [0 - 50] [kW]
𝑃𝑑𝑐ℎ battery discharging power [0 - 50] [kW]
𝑆𝑜𝑐 battery energy stored [2 - 50] [kWh]
𝑤𝑔ℎ water flows entering the GH. [0 - 0.9] [𝑚3/𝑠]
𝑤𝑚 reservoir inflow. [0 - 2] [𝑚3/𝑠]
𝑃𝑙 𝑝 local pump power consumed. [0 - 2] [kW]
𝑃𝑚 master pump power consumed. [0 - 2] [kW]
𝑀𝑟𝑒𝑠 water reservoir level. [0 - 10] [𝑚3]
𝑇 in GH indoor temperature. [20 - 32] [°C]
𝑃hvac HVAC power consumed. [0 - 15] [kW]
𝐶op HVAC performance coefficient [-4 - 4] [—]
𝛼 window opening angle [0 - 3] [deg]
𝐽𝑣𝑒𝑛 air exchange rate [0 - 2.25] [1/s]
𝐼𝑎𝑟𝑡 artificial light intensity [0 - 1500] [𝜇𝑚𝑜𝑙/𝑠]
𝑃𝑎𝑟𝑡 lighting power consumed. [0 - 2] [kW]
𝐻𝑖𝑛 Indoor relative humidity [55 - 80] [%]
𝑃 𝑓 𝑜𝑔 fogger power consumed [0 - 2] [kW]
𝑃𝑑𝑒ℎ dehumidifier power consumed [0 - 1] [kW]
𝐶𝑂2

𝑖𝑛 indoor GH 𝐶𝑂2 concentration. [550 - 880] [ppm]
𝑃𝐶𝑂2 𝐶𝑂2 injector power consumed. [0 - 2] [kW]
𝑃𝑠𝑜𝑙𝑑
𝑔𝑟𝑖𝑑

power sold to the grid. [0 - 15] [kW]
𝑃
𝑏𝑢𝑦

𝑔𝑟𝑖𝑑
power purchased. [0 - 15] [kW]

𝛽𝑙 𝑝 operation status of local pump [0 - 1] [—]
𝛽ℎ𝑣𝑎𝑐 operation status of HVAC [0 - 1] [—]
𝛽𝑙 operation status of lighting [0 - 1] [—]
𝛽 𝑓 𝑜𝑔 operation status of fogger [0 - 1] [—]
𝛽𝑑𝑒ℎ operation status of dehumidifier [0 - 1] [—]
𝛽𝐶𝑂2 operation status of 𝐶𝑂2 injector [0 - 1] [—]

2.3 Computational Energy Management Strategy for a Green-
house Connected to the Power Grid Using an Enhanced PSO
Algorithm

To solve the optimization problem formulated above, which is dedicated to greenhouse energy man-
agement, we employ NPSO- and NQPSO-based approaches following the flowchart depicted in Fig.
2.2. Additionally, we include Pyomo as a Python-based open-source software package to provide a
basis for comparison and to validate the effectiveness of the results obtained from PSO and QPSO.
The following sections present the methods in detail.

2.3.1 Classical PSO Approach
The Particle Swarm Optimization (PSO) algorithm emulates the collective behavior observed in bird
flocks and fish schools. In this algorithm, potential solutions are represented as particles that move
within the search space. Each particle updates its position based on its own best-known position
and the best-known position of the group, effectively balancing exploration and exploitation. PSO is
widely used for solving both constrained and unconstrained optimization problems.
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Figure 2.2: Flowchart of System Using different optimization methods.

Consider a 𝐾-dimensional optimization problem, swarm of particles 𝑁 can be represented as 𝑥 𝑗 =
{𝑥1
𝑗
, 𝑥2
𝑗
, . . . , 𝑥𝐾

𝑗
}. At the 𝑗-th iteration, the position of the 𝑖-th particle is 𝑥𝑖, 𝑗 = [𝑥1

𝑖, 𝑗
, 𝑥2
𝑖, 𝑗
, . . . , 𝑥𝐾

𝑖, 𝑗
], 𝑖 =

1, 2, . . . , 𝑁.
The best position achieved by each particle, known as the personal best, is

𝑃best
𝑖, 𝑗 =

{
𝑥𝑖, 𝑗 , if 𝑓 [𝑥𝑖, 𝑗 ] < 𝑓 [𝑃best

𝑖, 𝑗−1],
𝑃best
𝑖, 𝑗−1, if 𝑓 [𝑥𝑖, 𝑗 ] ≥ 𝑓 [𝑃best

𝑖, 𝑗−1] .
(2.57)

Where, 𝑓 [𝑥𝑖, 𝑗 ] represents the fitness value of the particle 𝑖 at 𝑗 iteration, while 𝑓 [𝑃𝑏𝑒𝑠𝑡
𝑖, 𝑗
] denotes the

fitness value of the best position achieved by the 𝑖-th particle at the previous j-iteration. The global
best position is determined by :

𝑔 = arg min( 𝑓 [𝑃best
𝑖, 𝑗 ]), 𝑖 = 1, 2, . . . , 𝑁. (2.58)

𝐺best
𝑗 = 𝑃best

𝑔, 𝑗 (2.59)

After identifying the personal best and global best positions, the particles adjust their movement
toward these best positions. This adjustment is achieved by updating their velocity and position in the
k-dimensional search space as follows:

𝑣𝑘𝑖, 𝑗+1 = 𝜔 · 𝑣𝑘𝑖, 𝑗 + 𝑐1𝑟1
𝑘
𝑖, 𝑗

(
𝑃
𝑏𝑒𝑠𝑡 ,𝑘
𝑖, 𝑗

− 𝑥𝑘𝑖, 𝑗
)
+ 𝑐2𝑟2

𝑘
𝑖, 𝑗

(
𝐺
𝑏𝑒𝑠𝑡 ,𝑘
𝑗

− 𝑥𝑘𝑖, 𝑗
)

(2.60)

𝑥𝑘𝑖, 𝑗+1 = 𝑥𝑘𝑖, 𝑗 + 𝑣𝑘𝑖, 𝑗 𝑖 = 1, . . . , 𝑁, 𝑘 = 1, . . . , 𝐾 (2.61)

where 𝑣𝑘
𝑖, 𝑗

and 𝑥𝑘
𝑖, 𝑗

are the velocity and position of particle i in the 𝑘th dimensional space at the 𝑗 th
iteration, respectively. The algorithm includes an inertia weight, 𝜔, which balances the global and
local search capabilities of PSO. Additionally, 𝑟1

𝑘
𝑖, 𝑗

and 𝑟2
𝑘
𝑖, 𝑗

are random values uniformly distributed
in the range [0, 1], while 𝑐1 and 𝑐2 are the personal and global learning parameters, respectively, which
influence the particle’s cognitive and social behavior.

2.3.2 PSO-Based Computational System Energy Management Strategy
The NPSO algorithm is applied to optimize and control the indoor greenhouse microclimate in
addition to ensuring energy management by minimizing power exchanged with the grid while meeting
the greenhouse’s equipment load requirements. This ensures efficient energy use and cost-effective
operation, maintaining optimal growing conditions. The procedure for implementing the global version
of PSO for greenhouse energy management is given by the following algorithm (1).
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Algorithm 1: (NPSO)-based Optimization Energy Management System
Input: Outdoor environmental variables
Indoor reference variables needed
System Parameters
Renewable energy production
Problem Formulation (decisional variables, objective function, constraints)
𝑁 → population size
(lb, ub) → (lower bound, upper bound)
𝐾 → dimension
𝑐1, 𝑐2→ QPSO parameters
𝐽max
𝑡𝑟 → max iterations
𝐶𝑐 → Convergence condition

Initialize each particle’s random position 𝑥𝑖 and velocity 𝑣𝑖;
Determine personal best 𝑝best

𝑖
and global best 𝑔best;

Set 𝑗 = 0;
while 𝑗 ≤ 𝐽max

𝑡𝑟 do
for 𝑖 = 1 to 𝑁 do

Set 𝑟1, 𝑟2 ∈ [0, 1];
for 𝑘 = 1 to 𝐾 do

𝑣𝑘
𝑖, 𝑗+1 = 𝜔 · 𝑣𝑘

𝑖, 𝑗
+ 𝑐1𝑟1(𝑝best,𝑘

𝑖
− 𝑥𝑘

𝑖, 𝑗
) + 𝑐2𝑟2(𝑔best,𝑘 − 𝑥𝑘

𝑖, 𝑗
);

𝑥𝑘
𝑖, 𝑗+1 = 𝑥𝑘

𝑖, 𝑗
+ 𝑣𝑘

𝑖, 𝑗+1;
if 𝑥𝑘

𝑖, 𝑗+1 > ub𝑘 then
𝑥𝑘
𝑖, 𝑗+1 = ub𝑘 ;

if 𝑥𝑘
𝑖, 𝑗+1 < lb𝑘 then
𝑥𝑘
𝑖, 𝑗+1 = lb𝑘 ;

if 𝑓 (𝑥𝑖) < 𝑓 (𝑝best
𝑖
) then

Update personal best: 𝑝best
𝑖

= 𝑥𝑖;

Update global best: arg min(𝑝best) → 𝑔best;
Set 𝑗 = 𝑗 + 1;

Output: Minimal fitness value with solutions:
- Optimal inside microclimate variables
- Optimal operation of equipment
- Optimal power purchased from grid
- Optimal power sold to grid
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2.3.3 Quantum PSO Approach
The speed limitations of the standard PSO method during convergence limit the search space and
frequently make it difficult to find the global optimal solution. In contrast, QPSO leverages quantum
mechanics to improve search capabilities while utilizing fewer control parameters [63]. Through
their collective activity, particles in a quantum bound state explore the possible solution space. The
probability density function |𝜓(𝑥 𝑗 ) |2 indicates the probability that a particle will emerge at a specific
point, whereas the wave function 𝜓(𝑥 𝑗 ) describes the state of each particle. The Schrödinger equation
for particles in a 𝛿 potential well is followed here.

𝑖ℏ
𝜕

𝜕 𝑗
𝜓(𝑥 𝑗 ) = −

ℏ2

2𝑚
𝜕2

𝜕𝑥2
𝑗

𝜓(𝑥 𝑗 ) +𝑉 (𝑥 𝑗 )𝜓(𝑥 𝑗 ) (2.62)

Where 𝑉 (𝑥 𝑗 ) is the potential energy function, 𝑚 is mass of the particle, j is the number of iterations,
and ℏ is Planck’s constant. The center of particle motion, 𝑝 𝑗 , is where the one-dimensional 𝛿 potential
well is established, and the potential energy function is able to be written as:

𝑉 (𝑥 𝑗+1) = −𝛾𝛿(𝑥 𝑗+1 − 𝑝 𝑗 ) (2.63)

There is a bound state in the 𝛿 potential well where 𝛾 is a number in [0,1]. When 𝑦 𝑗+1 is added,
the potential energy function can be transformed into the following form since 𝑦 𝑗+1 is the coordinate
transform of x, or 𝑦 𝑗+1 = 𝑥 𝑗+1 - 𝑝 𝑗 .

𝑉 (𝑦 𝑗+1) = −𝛾𝛿(𝑦 𝑗+1) (2.64)

It is possible to express the normalized wave function and the associated probability density function
as [63]:

𝜓(𝑦 𝑗+1) =
√︄

1
𝐿 𝑗
𝑒
(−
|𝑦𝑗+1 |
𝐿𝑗
) (2.65)

which satisfies the bound requirement that 𝜓(𝑦 𝑗 ) → 0 as 𝑦 𝑗 → ∞. 𝐿 𝑗 is the wave function’s
characteristic length of a one-dimensional 𝛿 potential well. The probability density function is
provided by the wave function definition, which is:

𝑃𝑟 (𝑦 𝑗 ) = |𝜓(𝑦 𝑗 ) |2 =
1
𝐿 𝑗
𝑒
(−

2|𝑦𝑗 |
𝐿𝑗
) (2.66)

Consequently, the function of the probability distribution is

𝐹 (𝑦 𝑗+1) = 1 − exp
(
−

2(𝑦 𝑗+1)
𝐿 𝑗

)
(2.67)

The exact location of the particle can be determined using Monte Carlo simulation if a quantum state
collapses into a classical state. The particle traveling around point p has a position update at j-iteration
according to the following equation:

𝑥 𝑗+1 = 𝑝 𝑗 ±
𝐿 𝑗

2
ln( 1
𝑢 𝑗+1
) (2.68)

where 𝑝 𝑗 is the local attractor of the particle motion, 𝑢 𝑗+1 is a uniformly distributed series of random
numbers on [0,1], and 𝐿 𝑗 is the typical length of a one-dimensional 𝛿 potential well. The motion of 𝑁
particles within a 𝐾-dimensional search space at 𝑗-iterations is determined by update equations. These
equations facilitate the convergence of each particle toward its local attractor. The local attractor for a
particle is described as 𝑝𝑖, 𝑗 = [𝑝1

𝑖, 𝑗
, 𝑝2
𝑖, 𝑗
, . . . , 𝑝𝐾

𝑖, 𝑗
], which specifies its position in the search space.

𝑝𝑘𝑖, 𝑗 = 𝜙
𝑘
𝑖, 𝑗𝑃

𝑏𝑒𝑠𝑡 ,𝑘
𝑖, 𝑗

+ (1 − 𝜙𝑘𝑖, 𝑗 )𝐺𝑏𝑒𝑠𝑡 ,𝑘 (2.69)

Where 𝑃𝑏𝑒𝑠𝑡 ,𝑘
𝑖, 𝑗

and 𝐺𝑏𝑒𝑠𝑡 ,𝑘 are the personal and global best positions of particle i, 𝜙𝑘
𝑖, 𝑗

It is composed

of a sequence of uniformly distributed random numbers (1𝑟)𝑘
𝑖, 𝑗

and (2𝑟)𝑘
𝑖, 𝑗

in [0, 1], and acceleration
coefficients 𝑐1 and 𝑐2, as follows:

𝜙𝑘𝑖, 𝑗 =
𝑐1 (

1
𝑟)𝑘
𝑖, 𝑗

𝑐1 (
1
𝑟)𝑘
𝑖, 𝑗
+ 𝑐2 (

2
𝑟)𝑘
𝑖, 𝑗

(2.70)



22 Chapter 2. Optimizing Greenhouse Energy and Microclimate Control Under Harsh
Climates Using a Quantum PSO Algorithm

The value of 𝐿 𝑗 in Equation (39) for a particle 𝑖 in the 𝑘-dimension can be calculated using the
following method, as described by Sun, Feng, et al. [63]:

𝐿𝑘𝑖, 𝑗 = 2𝛼 |𝐶𝑘𝑗 − 𝑥𝑘𝑖, 𝑗 | (2.71)

where The expansion-contraction factor, denoted by 𝛼, is commonly expressed as a fixed value or as a
linear decline from 1 to 0.5, and 𝐶𝑘

𝑗
is the particle swarm’s average best position, which can be written

as:

𝐶𝑘𝑗 =
1
𝑁

𝑁∑︁
𝑖=1

𝑝𝑘𝑖, 𝑗 (2.72)

In conclusion, the quantum particle swarm’s position update equation is [64]:

𝑥𝑘𝑖, 𝑗+1 = 𝑝𝑘𝑖, 𝑗 ± 𝛼 |𝐶𝑘𝑗 − 𝑥𝑘𝑖, 𝑗 | × ln

(
1

𝑢𝑘
𝑖, 𝑗+1

)
(2.73)

The indexes, sets, and parameters of the proposed algorithms considered in the simulation case study
are described in Table (2.3).

2.3.4 QPSO-Based Computational System Energy Management Strategy
Quantum Particle Swarm Optimization (QPSO) optimizes greenhouse energy management by mini-
mizing grid power use while meeting microclimate needs. The global version of NQPSO is outlined
in the pseudocode algorithm (2).

Table 2.3: PSO, QPSO indexes, and sets
𝑆𝑦𝑚𝑏𝑜𝑙 𝐷𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛 𝑃𝑆𝑂 𝑄𝑃𝑆𝑂

𝑖 Index of particles - -
𝑗 Index of iterations - -
𝑘 Index of dimension - -
𝑁 Population size 2700 2700
𝐽𝑡𝑟𝑚𝑎𝑥 Max iterations 3000 3000
𝑐1, 𝑐2 Acceleration coefficients 1.85 1.87
𝐶𝑐 Convergence condition 150000 150000

2.4 Case Study and Numerical Results

2.4.1 Case Study Application
The proposed optimization problem is formulated based on the system modeling described in Sections
2.1 and 2.3 is simulated and compared with classical NPSO and Pyomo with Ipopt as a solver during
different phases of growth, which are early growth (E.G.), vegetative (V), flowering (F), fruit formation
(F.F.), and mature fruiting (M.F.), and by applying the deterministic case based on real data from Qatar’s
hard climate and the probabilistic case based on outputs obtained by a forecast using the random forest
algorithm. The proposed control strategy is applied to a smart greenhouse connected with the grid and
contains a master pump that pumps water from the water source to the water reservoir, energy storage
inventory, and renewable generators (wind turbine and PV modules). It is assumed in this study that
the smart greenhouse is specifically designed to grow peppers, a crop that is extremely vulnerable to
wind, cold, and frost during its vegetative and flowering stages.

The optimal inside microclimate and water reference variables for different phase growth are
presented in Table(2.4). They are provided by Vertify, a company specializing in applied research
across outdoor vegetables, greenhouse horticulture, arable farming, flower bulbs, and fruit production
in the Netherlands [65]. Their expertise ensures reliable and practical insights for agricultural practices.
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Algorithm 2: (NQPSO)-based Optimization Energy Management System.
Input:

- Outdoor environmental variables;
- Indoor reference variables needed;
- System Parameters
- Renewable energy production;
- Problem Formulation (decisional variables,...,

objective function, constraints);
- 𝑁 → population size;
- (lb, ub) → (lower bound, upper bound);
- 𝐾 → dimension;
- 𝑐1, 𝑐2→ QPSO parameters;
- 𝐽max
𝑡𝑟 → max iterations;

- 𝐶𝑐 → Convergence condition;

begin
Initialize current positions 𝑥𝑘

𝑖,0, personal best positions 𝑃𝑏𝑒𝑠𝑡 ,𝑘
𝑖,0 , evaluate their

fitness values, and find the global best position 𝐺0
𝑏𝑒𝑠𝑡 ;

Set 𝑗 = 0;
while 𝑗 ≤ 𝐽max

𝑡𝑟 or Convergence condition not met do
Compute 𝐶𝑘

𝑗
, the mean best position (Eq.2.72);

𝛼 drops linearly from 1 to 0.5;
for 𝑖 = 1 to 𝑁 do

for 𝑘 = 1 to 𝐾 do
Set (1𝑟)𝑘

𝑖, 𝑗
= (2𝑟)𝑘

𝑖, 𝑗
= 𝑟𝑎𝑛𝑑 [0, 1];

Compute : 𝜙𝑘
𝑖, 𝑗

(Eq.2.70);
𝑝𝑘
𝑖, 𝑗

= 𝜙𝑘
𝑖, 𝑗
𝑃
𝑏𝑒𝑠𝑡 ,𝑘
𝑖, 𝑗

+ (1 − 𝜙𝑘
𝑖, 𝑗
)𝐺𝑏𝑒𝑠𝑡 ,𝑘 ;

if rand[0,1] > 0.5 then

𝑥𝑘
𝑖, 𝑗+1 = 𝑝𝑘

𝑖, 𝑗
+ 𝛼 |𝐶𝑘

𝑗
− 𝑥𝑘

𝑖, 𝑗
| ln

(
1

𝑢𝑘
𝑖, 𝑗+1

)
;

else

𝑥𝑘
𝑖, 𝑗+1 = 𝑝𝑘

𝑖, 𝑗
− 𝛼 |𝐶𝑘

𝑗
− 𝑥𝑘

𝑖, 𝑗
| ln

(
1

𝑢𝑘
𝑖, 𝑗+1

)
;

if 𝑥𝑘
𝑖, 𝑗+1 > ub𝑘 then
𝑥𝑘
𝑖, 𝑗+1 = ub𝑘 ;

if 𝑥𝑘
𝑖, 𝑗+1 < lb𝑘 then
𝑥𝑘
𝑖, 𝑗+1 = lb𝑘 ;

Evaluate fitness (objective function value)
if f(𝑥𝑖, 𝑗) ≤ f(𝑃𝑏𝑒𝑠𝑡

𝑖, 𝑗
) then

update personal best: 𝑃𝑏𝑒𝑠𝑡
𝑖, 𝑗

= 𝑥𝑖, 𝑗

update global best: arg min(𝑃𝑏𝑒𝑠𝑡
𝑗
) = 𝐺best

𝑗

Set 𝑗 = 𝑗 + 1;
end
Output: Minimal fitness value with solutions:
- Optimal inside microclimate variables.
- Optimal Best operation of equipments.
- Optimal Power purshed from grid.
- Optimal Power sold to grid.



24 Chapter 2. Optimizing Greenhouse Energy and Microclimate Control Under Harsh
Climates Using a Quantum PSO Algorithm

0 24 48 72 96 120
15
20
25
30
35
40
45
50

0 24 48 72 96 120
0

200

400
600

800

1000

1200

0 24 48 72 96 120
0
2
4
6
8

10
12
14

0 24 48 72 96 120
0

20

40

60

80

100

Te
m

pe
ra

tu
re

(°C
)

 Temp
 Pred Temp

Early Growth Vegetative Flowering Fruit 

Formation

Mature 

Fruiting
So

la
r i

rr
ad

ia
tio

ns
(W

/m
2 )

 Solar
 PredSolar

W
in

d 
sp

ee
d(

m
/s)

 Wind
 PredWind

11-06-202312-05-202322-04-202323-02-2023

H
um

id
ity

 (%
)

Time(h)

 Humidity
 Pred Humidity

01-02-2023

400

420

440

460

480

500
 CO2
 Pred CO2

CO
2 (

pp
m

)

Figure 2.3: Real and forecasted outdoor environmental variables fluctuate during various
stages of growth.

Table 2.4: Microclimate and water reference of pepper in different phases of growth

Phase
𝑇 𝑖𝑛
𝑟𝑒 𝑓

(◦C)

𝐼𝑎𝑟𝑡
𝑟𝑒 𝑓

(µmol m−2 s−1)

𝐻𝑖𝑛
𝑟𝑒 𝑓

(%)
CO2𝑟𝑒 𝑓

(ppm)
𝑤
𝑔ℎ

𝑟𝑒 𝑓

(L m−2 d−1)

E.G [22–22] 200 75 600 2
V [22–28] 400 65 800 4
F [24–30] 600 60 850 6

F.F [24–30] 650 67 850 6
M.F [24–28] 650 60 850 4

2.4.2 Simulation Setup
In this study the real and forecasted environmental variables, including wind speed, solar irradiation,
outside temperature, humidity and outdoor 𝐶𝑂2 are depicted in Figure 2.3. However, the reference
vector of internal temperature expressing the optimal growth temperature in different phases of growth
of crops available in greenhouse is detailed in Table (2.4), with left values that represent nighttime
and right values that represent daytime. It is anticipated that the irrigation water requirement per
day is changing in each phase of growth. The total water needed per day was divided into irrigation
for 15 minutes of each hour in order to help the plant for an efficient absorption process. This is
achieved through local pumps with an efficiency of 0.75, which are activated exclusively during the
first time interval of each hour and remain switched off for the rest. The master pump efficiency
is set at 0.8. However, ℎ𝑔ℎ is configured to be equal to 5(m). Furthermore, the desired internal
illumination, humidity, and𝐶𝑂2 level are also assumed to be controlled. Although the GH is equipped
with renewable energy production in the form of a PV system of 5 (kW), a wind turbine of 30 (kW),
an energy storage inventory with a maximum capacity of 50 (kWh), and a water reservoir of 7 (m³), it
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Figure 2.4: Real and predicted power production from wind turbine and PV panel models

is also connected to the grid. This connection allows the greenhouse to buy energy when needed and
sell excess energy when available. The real and forecasted powers generated by the wind and solar
(PV) models are presented in Fig.2.4.

2.4.3 Numerical Results and Discussion
The optimization problem focuses on effectively managing and controlling the indoor microclimate
by minimizing deviations from the set reference signals. It also aims to reduce energy purchases
from the grid by implementing optimized operational methods. These methods are designed to
account for the real and predicted outdoor environmental conditions, ensuring efficient and sustainable
system performance. It should be noted that the starting states of the water reservoir and the 𝑆𝑜𝑐 are
set to 𝑀𝑟𝑒𝑠(0) = 2(m³) and 𝑆𝑜𝑐(0) = 20(kWh), respectively. Furthermore, the initial states of the
greenhouses’ indoor variables are supposed to be the same as their initial references. In this study we
assume that all weighting parameters 𝛼1,..., 𝛼6 have the same value = 1, which means all objectives
have the same priority. The performance of water flow pumped into the reservoir and water load
dedicated to irrigation and the dynamics of the water reservoir using different optimization methods
are presented in Fig.2.5, respectively. Fig.(2.5-b-c) describes the dynamics of water irrigation with
their related power consumption. It can be seen that the local pump shows a successful performance
by fulfilling the water load with optimal power consumption during different phases of growth by
achieving a minimal deviation from their reference. The dynamics of the water storage reservoir
have been illustrated in Fig.(2.5-d). Starting at an initial level of 2 (m³), the reservoir undergoes
cyclical charging and discharging phases corresponding to the activations of both the local and master
pumps. This pattern ensures the reservoir maintains a steady water supply for greenhouse operations,
with the same behavior occurring for the forecast case. In general, all optimization methods are
showing a perfect performance, successfully satisfying the water requirements. especially NQPSO
and Pyomo stand out with their superior accuracy and stability, closely following the reference water
load with minimal deviations. While NPSO demonstrates good performance, with small occasional
mismatches during some periods. Optimal control decisions regarding indoor temperature, generated
by various optimization methods and strategies for cooling and heating along with their respective
HVAC power consumption and coefficients of performance, are illustrated in Fig.2.6. It can be
observed that the HVAC system operates within predefined power ranges to regulate the greenhouse’s
internal temperature. The control algorithms are designed to track the reference temperature signal
throughout different growth phases. As shown in Fig.(2.6-a) the HVAC first raises the temperature
from an initial 20 (°C) to 22(°C) the optimal value for the early growth stage. Subsequently, the system
adjusts to meet cooling demands caused by high outdoor temperatures and solar radiation during later
phases, where distinct day and night temperature setpoints are required. During nighttime, the HVAC
operates at optimal power for heating, while daytime requires cooling, as illustrated in Fig.(2.6-c).
The system maintains close alignment with the reference signal, except for brief deviations caused by
harsh external conditions such as microclimate fluctuations and wind speed, affecting both real and
forecasted scenarios. Fig.(2.6-b) displays the HVAC’s coefficient of performance (𝐶𝑜𝑝), which adopts
positive values during heating and negative values during cooling, reflecting its efficient separation
of heating and cooling modes. In terms of optimization and temperature control, the NQPSO and
PYOMO methods demonstrate superior reference tracking with minimal deviations compared to



26 Chapter 2. Optimizing Greenhouse Energy and Microclimate Control Under Harsh
Climates Using a Quantum PSO Algorithm

0,0

0,1

0,000

0,002

0,004

0,006

0 24 48 72 96 120

2,0

2,5

3,0
0,00

0,01

0,02

0,03

0,04

wa
ter

 fl
ow

 in
to

 re
se

rv
oir

 (m
3 /s)

 wm_QPSO
 wm_PSO
 wm_Pyomo

 wm_QPSO_Pred

(a)

Early Growth Vegetative Flowering Fruit 

Formation

Mature 

Fruiting

(b)

W
at

er
 lo

ad
(m

3 /s)

 Wgh_ref         Wgh_QPSO_Pred
 Wgh_QPSO
 Wgh_PSO
 Wgh_Pyomo

W
at

er
 R

es
er

vo
ir(

m
3)

Hours(h)

 Mres_QPSO    Mres_QPSO_Pred
 Mres_PSO
 Mres_Pyomo

01-02-2023 23-02-2023 22-04-2023 12-05-2023 11-06-2023

(d)

(c)

Lo
ca

l p
ow

er
 co

ns
um

pt
ion

(k
W

)

 Plp_QPSO         Plp_QPSO_Pred
 Plp_PSO
 Plp_Pyomo

Figure 2.5: Water flows pumped into the water reservoir, optimal tracking to meet irrigation
needs with their pump power consumption, and dynamics of water reservoir levels across
growth phases.

NPSO. The latter exhibits slower convergence due to inherent speed limitations. In greenhouse natural
ventilation, small opening angles are typically maintained across all optimization methods throughout
most growth phases. However, a deviation occurs near the end of the early growth phase, where the
internal temperature dynamics begin to diverge from the reference. The ventilation system adjusts its
opening angle optimally to cool the interior and realign with the target temperature, as dictated by the
constraints in (2.22). This behavior is particularly evident in the NQPSO and Pyomo results Fig.2.7,
whereas NPSO exhibits larger openings due to less stable temperature regulation. The restrained
ventilation strategy intentionally minimizes heat and CO2 losses, thereby reducing the energy needed
to compensate for air exchange disruptions. A similar trend appears in the forecasted scenario, though
minor variations arise from outdoor environmental predictions.

Efficient lighting is crucial for enhancing plant growth and boosting greenhouse productivity.
Fig.2.8 illustrates how blue light tracking optimizes illumination load while managing power con-
sumption effectively. During daylight hours, artificial lighting remains off since natural sunlight
provides adequate illumination, reducing energy usage. At night, artificial lights activate, primarily
powered by renewable energy sources. The grid supplies occasional backup support during short in-
tervals across all growth phases. All tested methods perform well in consistently meeting illumination
demands, ensuring ideal growing conditions in both real-time and forecasted scenarios.

Fig.2.9 illustrates the optimal control of relative humidity and the corresponding power consump-
tion of the fogger and dehumidifier across different growth phases for real and forecasted scenarios.
Generally, relative humidity remains within 65(%) to 75(%) during growth phases, closely aligning
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Figure 2.6: Optimal greenhouse indoor temperature with their HVAC power consumption
and coefficient of performance over the day across diffirent growth phases.
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Figure 2.7: Optimal opening ventilation angle over different phase growth.

with reference values at night. However, a slight daytime drop occurs, primarily due to dynamic
high-temperature fluctuations inside the greenhouse, a physically expected trend given the inverse
relationship between humidity and temperature compared to nighttime conditions (Fig.2.9-a). This
regulation is achieved through a combination of the greenhouse’s natural air moisture content and
the optimized operation of the fogger and dehumidifier (Fig.2.9-b-c). The fogger is primarily active
during daylight hours to cool the greenhouse across all growth phases, with minimal nighttime power
usage. Meanwhile, the dehumidifier operates efficiently at lower power levels, thanks to reduced
natural airflow and minor deviations from the target humidity setpoints. In real-case evaluations, the
NQPSO and PYOMO methods demonstrate superior tracking performance with negligible deviations,
outperforming the NPSO approach.

The optimal control of indoor 𝐶𝑂2 levels and the associated power consumption of the 𝐶𝑂2
injector across different growth phases for real and forecasted scenarios are shown in (Fig 2.9-a-b).
The𝐶𝑂2 injector consumes significantly more power during transitions, particularly from early growth
to vegetative and from vegetative to flowering, due to the higher 𝐶𝑂2 demand. However, its operation
is most critical during daylight hours when plants actively absorb 𝐶𝑂2 for photosynthesis. Power
usage drops in the final growth phases as 𝐶𝑂2 requirements stabilize. Among the tested methods,
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Figure 2.8: Optimal tracking of the illumination loads with their power consumption across
growth phases.

 Pdeh_QPSO_Pred

Figure 2.9: Optimal relative humidity inside the greenhouse with optimal power consumed
by fogger and dehumidifier equipment across different growth phases.

NQPSO and Pyomo outperform others, showing remarkable stability, minimal fluctuations, and near-
perfect tracking of the reference signal. These approaches ensure precise𝐶𝑂2 regulation, maintaining
the closest alignment with the target curve and significantly reducing deviations compared to NPSO.
Fig.(2.11-a-b-c) illustrates the results for the optimal energy state of the battery and the power

exchanged with the grid. The battery energy state (𝑆𝑜𝑐) could theoretically compensate for renewable
intermittency; the implemented strategy prioritized energy sales maximization over battery charging,
limiting its effectiveness in this role. As shown in Fig.(2.11-a-b), the system primarily sold energy to
the grid, especially in the early growth period, even with the presence of all equipment loads caused by
the availability of renewable energy production. On the other hand, minimal energy is purchased by
the system, occurring only during periods of low battery reserves. This pattern stems from consistent
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 PCO2_QPSO_Pred

Figure 2.10: Optimal monitoring and control of CO2 concentration levels inside the green-
house with optimal power consumed by the CO2 injector throughout different growth phases.
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Figure 2.11: Optimal power exchange with the grid and dynamic of Batteery energy storage
throughout the day for different growth phases.

wind availability throughout the day combined with daytime photovoltaic (PV) production. Fig.(2.11-
c) reveals the battery’s operational strategy: starting from 20 (kWh), it charges to approximately
36 (kWh) to fulfill the minimal power load during the first hours after. The energy storage unit
demonstrates adaptive discharging and charging behavior to maintain power balance with the grid,
responding to both energy availability and demand fluctuations. This intelligent cycling enables
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maximized energy exports while limiting imports to essential periods of renewable shortfall. These
results demonstrate QPSO and Pyomo’s superior performance in enforcing optimal control strategies
for both battery management and grid power exchange, as mathematically defined in Equation (2.2.6)
in real and forecasted cases. The methods ensure precise coordination between storage dynamics and
renewable generation patterns. The profits and consumption of the system operation throughout the
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Figure 2.12: Profits and consumption of the system operation throughout the day for different
growth phases.

Figure 2.13: Total benefits of the system using proposed optimization methods.

0 250 500 750 1000 1250 1500 1750 2000 2250 2500 2750 3000
0,0

5,0x106

1,0x107

1,5x107

2,0x107

2,5x107

3,0x107

E
vo

lu
ti

on
 o

f 
ob

je
ct

iv
e 

fu
nc

ti
on

 

iterations

 QPSO                 Objective value = 164396,52
 PSO                    Objective value = 168880,23 
 Pyomo                Objective value = 164560,11
 QPSO_pred       Objective value = 165076,24

Figure 2.14: The evolution of the objective function across iterations using different opti-
mization methods.



2.5. Conclusion 31

day, across different growth phases for real and forecasted cases, along with the total system benefits,
are shown in Figs 2.12 and 2.13. Compared to other methods, the NQPSO algorithm demonstrates
higher consumption but lower system benefits. Additionally, as illustrated in Figure 2.14, the NQPSO
yields minimal benefits and the lowest objective function value, which aligns with expectations. This
is due to the high energy consumption required by the equipment to maintain an optimal microclimate
for the peppers, which is our primary objective, as defined in equation (2.36). Figure 2.14 compares
the performance of three algorithms, NQPSO, NPSO, and Pyomo, for optimizing energy management
in a greenhouse, revealing distinct convergence patterns. NQPSO reached the lowest objective value of
164,396.52 by iteration 2226, while Pyomo achieved 165,076.24 by iteration 2143. NPSO converged
later, at iteration 2875, with a value of 168,880.23. Although none of the algorithms met the original
convergence target of 150,000 within 3000 iterations, they stabilized at their respective minima. Initial
runs started near 197,000, prompting adjustments to the convergence threshold to 180,000, which all
methods eventually satisfied. Further tuning of parameters and population sizes, along with a stricter
target of 150,000, led to improved, though not fully converged, solutions.

Table 2.5: Performance Metrics Comparison
𝑉𝑎𝑟𝑎𝑖𝑎𝑏𝑙𝑒 𝑀𝑒𝑡ℎ𝑜𝑑 𝑀𝐴𝐸 𝑅𝑀𝑆𝐸

𝑁𝑄𝑃𝑆𝑂 0.0025 0.0033
𝑊𝑎𝑡𝑒𝑟 𝑁𝑃𝑆𝑂 0.0037 0.0049

𝑃𝑦𝑜𝑚𝑜 0.0036 0.0091

𝑁𝑄𝑃𝑆𝑂 0.3778 0.5959
𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑒 𝑁𝑃𝑆𝑂 1.0070 1.4557

𝑃𝑦𝑜𝑚𝑜 0.6117 0.8525

𝑁𝑄𝑃𝑆𝑂 0.0358 0.0368
𝐿𝑖𝑔ℎ𝑡𝑖𝑛𝑔 𝑁𝑃𝑆𝑂 0.1012 0.1293

𝑃𝑦𝑜𝑚𝑜 0.0301 0.0343

𝑁𝑄𝑃𝑆𝑂 1.7274 2.1026
𝐻𝑢𝑚𝑖𝑑𝑖𝑡𝑦 𝑁𝑃𝑆𝑂 2.2426 2.6171

𝑃𝑦𝑜𝑚𝑜 2.0605 2.4533

𝑁𝑄𝑃𝑆𝑂 0.3778 0.5959
𝐶𝑂2 𝑁𝑃𝑆𝑂 1.0070 1.4557

𝑃𝑦𝑜𝑚𝑜 0.6117 0.8525

Complementing this convergence analysis, Table (2.5) presents performance metrics across mi-
croclimate variables, demonstrating that NQPSO consistently outperforms both NPSO and Pyomo in
tracking reference signals. For water, temperature, 𝐶𝑂2, and humidity control, NQPSO achieves the
lowest Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) values, indicating supe-
rior tracking accuracy and stability. While Pyomo shows competitive performance in lighting control,
NQPSO maintains the most robust overall performance across all environmental variables, establishing
it as the most effective optimization method for microclimate reference tracking applications.

2.5 Conclusion
In this work, an optimization framework was developed to provide an optimal indoor microclimate for
greenhouse operations by tracking reference signals for variables such as temperature,𝐶𝑂2 concentra-
tion, artificial lighting, and irrigation water while minimizing energy exchanged with the grid during
periods of limited renewable energy generation for real and forecasted case studies during different
phases of growth. To achieve this, three optimization methods, NQPSO, NPSO, and Pyomo, were
implemented and compared. The results demonstrated that NQPSO and Pyomo outperformed NPSO,
achieving minimal objective function with favorable outcomes by delivering an optimal microclimate
for crops, minimizing energy purchased, and selling important energy to the grid, making it the most
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efficient method for greenhouse energy management. Additionally, this optimization framework offers
automation and control capabilities for the greenhouse system, enabling real-time decision-making
and efficient resource utilization. This study underscores the potential of NQPSO as a highly effec-
tive tool for greenhouse energy management, particularly under challenging harsh climate conditions,
as it optimizes the microclimate, enhances energy efficiency, and supports automated, sustainable
greenhouse operations.
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Chapter 3

Unified Model Predictive Control for
Coordinated Microgrid Energy
Management and Greenhouse
Microclimate Control over Growth
Cycles

This chapter tackles the main challenges in greenhouse energy management optimization: balancing
energy and water use, maintaining optimal growing conditions, and integrating renewable sources by
proposing a novel Nonlinear Model Predictive Control (NMPC) framework for a grid-connected smart
greenhouse. Section 3.1 and Section 3.3 are dedicated to the system description and mathematical
modeling breakdown of the complete sweet pepper organ-level crop growth dynamics alongside the
microclimate control equations and introduce the NMPC formulation approach, which is specifically
designed to handle complex crop-environment interactions, manage competing objectives, and opti-
mize energy exchanges at the microgrid level. A real case study conducted over a full 161-day growing
cycle evaluates the proposed framework against a nonlinear optimization method developed in Python
Gekko. Section 3.4 describes The results demonstrate that the NMPC approach effectively tackles
complex nonlinear (non-convex) problems while delivering robust, automated, and scalable perfor-
mance for greenhouse energy management and microclimate control. The findings also highlight
meaningful gains in both energy and water efficiency compared to traditional methods, indicating the
potential for this framework to support more sustainable greenhouse operations and smarter microgrid
integration. The chapter concludes in Section 3.5.
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Figure 3.1: System architecture.

3.1 Modeling of system component

3.1.1 PV Panels
The expected power output of the JKM590N-72HL4 PV panels used in this study, assuming operation
at maximum power point (MPP), can be described as follows[53]:

𝐼pv [𝑘] = 𝐼ref
sc

[
1 − 𝐴

(
exp

(
𝑉 ref

mp

𝐵 · 𝑉 ref
oc

)
− 1

)]
+ Δ𝛿𝐼𝑙 [𝑘], (3.1)

𝑉pv [𝑘] = 𝑉mp

(
1 + 0.0539 · log

(
𝛿𝐼𝑙 [𝑘]
𝐼st

))
+ 𝑢 · Δ𝑇 [𝑘], (3.2)

where : 𝐴 =

(
1 −

𝐼 ref
mp

𝐼 ref
sc

)
exp

(
−

𝑉 ref
mp

𝐵 · 𝑉 ref
oc

)
, (3.3)

𝐵 =
𝑉 ref

mp

𝑉 ref
oc − 1

· 1

log
(
1 − 𝐼 ref

mp

𝐼 ref
sc

) , (3.4)

Δ𝛿𝐼𝑙 [𝑘] = 𝜂
(
𝛿𝐼𝑙 [𝑘]
𝐺st

)
Δ𝑇 [𝑘] +

(
𝛿𝐼𝑙 [𝑘]
𝐺st − 1

)
𝐼 ref
sc , (3.5)

Δ𝑇 [𝑘] = 𝑇amb + 0.02 · 𝛿𝐼𝑙 [𝑘] . (3.6)

The PV array’s output voltage and power are as follows:

𝑉pv,out [𝑘] = 𝜖pv,s𝑉pv [𝑘] (3.7)

𝑃𝑝𝑣 [𝑘] = 𝜖pv,s𝜖pv,p𝑉pv [𝑘] 𝐼pv [𝑘]
1000

𝜂pv𝜉
loss. (3.8)

where𝑉 ref
𝑚𝑝 is the module’s maximum power voltage, 𝐼ref

𝑠𝑐 is the module’s short-circuit current, and 𝐼ref
𝑚𝑝

is the module’s maximum power current. 𝛿𝐼𝑙 [𝑘] is solar irradiance, and𝑉 ref
𝑜𝑐 is the module open-circuit

voltage,𝐺st represents standard light intensity, 𝜇 is the module voltage temperature coefficient, 𝜂 is the
module current temperature coefficient, 𝑇amb is the ambient temperature, 𝜂𝑝𝑣 is the efficiency of the
solar panel, and 𝜉 loss stands for both connection loss and additional loss brought on by other variables.
𝜖pv,s is the serial connection number of PV modules, 𝜖pv,p is the parallel connection number of PV
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Figure 3.2: Weather station (savona)

module strings, 𝐼pv [𝑘], 𝑉pv [𝑘] are the output current and voltage of the PV modules, and 𝑃pv is the
PV output power.

The above equation can be rewritten considering the MPC format and the prediction horizon 𝑛𝑝
as follows:

P𝑝𝑣 [𝑘, 𝑛𝑝] =


𝑃𝑝𝑣 [𝑘 + 1]
𝑃𝑝𝑣 [𝑘 + 2]

::
𝑃𝑝𝑣 [𝑘 + 𝑛𝑝]

 (3.9)

3.1.2 Wind Turbine Generator
The expected power output of the wind turbine is determined as [66]:

𝑃𝑤𝑖𝑛𝑑 [𝑘] =


0 𝛿𝑣𝑠 [𝑘] < 𝑣𝑐
𝑃𝑟 ( 𝑣𝑐

𝑣𝑐−𝑣𝑟 +
1

𝑣𝑟−𝑣𝑐 𝛿
𝑣𝑠 [𝑘]) 𝑣𝑐 ≤ 𝛿𝑣𝑠 [𝑘] ≤ 𝑣𝑟

𝑃𝑟 𝑣𝑟 ≤ 𝛿𝑣𝑠 [𝑘] ≤ 𝑣 𝑓
0 𝛿𝑣𝑠 [𝑘] > 𝑣 𝑓

(3.10)

where, 𝛿𝑣𝑠 [k] and 𝑃𝑤𝑖𝑛𝑑[k] are respectively the wind speed and power generated by the wind turbine.
𝑃𝑟 is turbine rated power, 𝑣𝑐, 𝑣𝑟 and 𝑣 𝑓 are cut-in, rated and cut-out wind speeds respectively. The
equation can be formulated considering the MPC format as follow:

P𝑤𝑖𝑛𝑑 [𝑘, 𝑛𝑝] =


𝑃𝑤𝑖𝑛𝑑 [𝑘 + 1]
𝑃𝑤𝑖𝑛𝑑 [𝑘 + 2]

::
𝑃𝑤𝑖𝑛𝑑 [𝑘 + 𝑛𝑝]

 (3.11)

3.1.3 Water Reservoirs and Pumps
The irrigation system include a water reservoir in charge of ensuring water loads for irrigation purposes.
The time-varying dynamics of the water reservoir is described as follow:

𝑚 [𝑘 + 1] = 𝑚 [𝑘] +
[
𝑄𝑚 [𝑘] −𝑄𝑙 [𝑘]

]
(3.12)

where,𝑚 [𝑘], is water reservoir,𝑄𝑚 [𝑘] and𝑄𝑙 [𝑘] are respectively the water flow entering the reservoir
from water sourced and water flow pumped to irrigate the greenhouse. Considering the MPC format,
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it can be re-written as:
𝑚 [𝑘 + 1]
𝑚 [𝑘 + 2]

::
𝑚 [𝑘 + 𝑛𝑝]

︸          ︷︷          ︸
m[𝑘+1,𝑛𝑝 ]

=


𝑚 [𝑘]

𝑚 [𝑘 + 1]
::

𝑚 [𝑘 + 𝑛𝑝 − 1]

︸               ︷︷               ︸
m[𝑘,𝑛𝑝 ]

+


𝑄𝑚 [𝑘]

𝑄𝑚 [𝑘 + 1]
::

𝑄𝑚 [𝑘 + 𝑛𝑝 − 1]

︸                 ︷︷                 ︸
Q𝑚 [𝑘,𝑛𝑝 ]

−


𝑄𝑙 [𝑘]

𝑄𝑙 [𝑘 + 1]
::

𝑄𝑙 [𝑘 + 𝑛𝑝 − 1]

︸                ︷︷                ︸
Q𝑙 [𝑘,𝑛𝑝 ]

The water flow pumped through the local pump into greenhouse can be expressed as follow[67]:

𝑄𝑙 [𝑘] =
[
𝜂𝑙

Δ𝑘
𝜌𝑔ℎ𝑙

]
︸    ︷︷    ︸

𝛾𝑙

𝑃𝑙𝑤𝑎𝑡𝑒𝑟 [𝑘] = 𝛾𝑙𝑃𝑙𝑤𝑎𝑡𝑒𝑟 [𝑘] (3.13)

where 𝜌 is the water density and 𝑔 is the gravity acceleration constant, 𝑃𝑙𝑤𝑎𝑡𝑒𝑟 [𝑘], ℎ𝑙 and 𝜂𝑙 are the
needed power of local pump, distance of greenhouse from the reservoir and efficiency of local pump
and Δ𝑘 is time step length. The MPC formulation for the water flow supplied by the local pump to the
greenhouse is given by:

𝑄𝑙 [𝑘, 𝑛𝑝] =


𝑄𝑙 [𝑘]

𝑄𝑙 [𝑘 + 1]
...

𝑄𝑙 [𝑘 + 𝑛𝑝 − 1]


= 𝛾𝑙


𝑃𝑙𝑤𝑎𝑡𝑒𝑟 [𝑘]

𝑃𝑙𝑤𝑎𝑡𝑒𝑟 [𝑘 + 1]
...

𝑃𝑙𝑤𝑎𝑡𝑒𝑟 [𝑘 + 𝑛𝑝 − 1]


(3.14)

The water flow entering the reservoir is determined according to the power consumed by the main
pump. It can be defined in MPC format as follows:

𝑄𝑚 [𝑘] =
[
𝜂𝑚

Δ𝑘
𝜌𝑔ℎ𝑚

]
︸      ︷︷      ︸

𝛾m

𝑃𝑚𝑤𝑎𝑡𝑒𝑟 [𝑘] = 𝛾𝑚𝑃𝑚𝑤𝑎𝑡𝑒𝑟 [𝑘] (3.15)

where 𝑃𝑚𝑤𝑎𝑡𝑒𝑟 [𝑘], ℎ𝑚 and 𝜂𝑙 are the needed power of main pump, distance of greenhouse from the
reservoir and efficiency of main pump.

𝑄𝑚 [𝑘, 𝑛𝑝] =


𝑄𝑚 [𝑘]

𝑄𝑚 [𝑘 + 1]
...

𝑄𝑚 [𝑘 + 𝑛𝑝 − 1]


= 𝛾𝑚


𝑃𝑚𝑤𝑎𝑡𝑒𝑟 [𝑘]

𝑃𝑚𝑤𝑎𝑡𝑒𝑟 [𝑘 + 1]
...

𝑃𝑚𝑤𝑎𝑡𝑒𝑟 [𝑘 + 𝑛𝑝 − 1]


(3.16)

By combining equations (3.15), and (3.13) the final form of water reservoir can be obtained:

𝑚 [𝑘 + 1, 𝑛𝑝] = 𝑚 [𝑘, 𝑛𝑝] + 𝛾𝑚𝑃𝑚𝑤𝑎𝑡𝑒𝑟 [𝑘, 𝑛𝑝] − 𝛾𝑙𝑃𝑙𝑤𝑎𝑡𝑒𝑟 [𝑘, 𝑛𝑝] (3.17)

Constraints of reservoir and pumps can be described as follows:

∀[𝑘, 𝑛𝑝]

𝑚min · 1𝑛𝑝×1 ≤ m[𝑘 + 1, 𝑛𝑝] ≤ 𝑚max · 1𝑛𝑝×1

0𝑛𝑝×1 ≤ 𝑃𝑙water [𝑘, 𝑛𝑝] ≤ 𝑃𝑙,max
water · 1𝑛𝑝×1

0𝑛𝑝×1 ≤ 𝑃𝑚water [𝑘, 𝑛𝑝] ≤ 𝑃𝑚,max
water · 1𝑛𝑝×1

(3.18)

where 1𝑛×1 and 0𝑛×1 are defined as 1𝑛×1 =
[
1 . . . 1

]︸         ︷︷         ︸
n times

𝑛𝑝 and 0𝑛×1 =
[
0 . . . 0

]︸         ︷︷         ︸
n times

𝑛𝑝 .

3.1.4 Energy Storage System
The system is assumed to include a battery energy storage (BES) that is in charge of supporting the
microgrid in fulfilling the total electrical load and supporting the local power quality and stability [68].
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The time-varying dynamics of the BES is given by:
𝐵𝐸𝑆[𝑘 + 1]
𝐵𝐸𝑆[𝑘 + 2]

::
𝐵𝐸𝑆[𝑘 + 𝑛𝑝]

︸              ︷︷              ︸
BES[𝑘+1,𝑛𝑝 ]

=


𝐵𝐸𝑆[𝑘]

𝐵𝐸𝑆[𝑘 + 1]
::

𝐵𝐸𝑆[𝑘 + 𝑛𝑝 − 1]

︸                   ︷︷                   ︸
BES[𝑘,𝑛𝑝 ]

+𝛽𝑐


𝑃𝑐ℎ [𝑘]

𝑃𝑐ℎ [𝑘 + 1]
::

𝑃𝑐ℎ [𝑘 + 𝑛𝑝 − 1]

︸                  ︷︷                  ︸
P𝑐ℎ [𝑘,𝑛𝑝 ]

−𝛽𝑑


𝑃𝑑𝑐ℎ [𝑘]

𝑃𝑑𝑐ℎ [𝑘 + 1]
::

𝑃𝑑𝑐ℎ [𝑘 + 𝑛𝑝 − 1]

︸                    ︷︷                    ︸
P𝑑𝑐ℎ [𝑘,𝑛𝑝 ]

(3.19)

where BES[k] is the state of charge of BES. 𝛽𝑐, 𝛽𝑑 , 𝑃𝑐ℎ [𝑘] and 𝑃𝑑𝑐ℎ [𝑘] are charging coefficient,
discharging coefficient, charging power and discharging power respectively. Constraints of BES can
also be described as follow:

∀[𝑘, 𝑛𝑝]



𝐵𝐸𝑆min ≤ 𝐵𝐸𝑆[𝑘 + 1, 𝑛𝑝] ≤ 𝐵𝐸𝑆max

0 ≤ 𝑃ch [𝑘, 𝑛𝑝] ≤ 𝑃max
ch [𝑘, 𝑛𝑝]

0 ≤ 𝑃dch [𝑘, 𝑛𝑝] ≤ 𝑃max
dch [𝑘, 𝑛𝑝]

𝑃ch [𝑘, 𝑛𝑝] · 𝑃dch [𝑘, 𝑛𝑝] = 0

(3.20)

3.1.5 Greenhouse Microclimate Dynamics Model
The inside microclimate of the greenhouse has been represented for various growth stages using
a full physical system-level formulation model. The model replicates the variations over time in
the greenhouse’s air temperature, lighting, air humidity, and 𝐶𝑂2 concentration using the following
state-equation model:

𝜓𝑖 [𝑘 + 1] = 𝑓 (𝑘, 𝜓𝑖 [𝑘], 𝛽 𝑗 [𝑘],𝑊𝑢 [𝑘], 𝛿𝑛 [𝑘], 𝐶𝑠) (3.21)

With discrete time 𝑘 ∈ Z+, 𝜓𝑖 stands for the greenhouse state microclimate variables, where
the index 𝑖 ∈ {Tin,Lin,COin

2 ,H
in}, 𝛽 𝑗 is the input vector for actuator control signals where 𝑗 ∈

{l, hvac,CO2, fog, deh},𝑊𝑢 [𝑘] represents the state of organs’ crop growth and fruit matter, where 𝑢 ∈
{L(leaf), S(stem),R(root), F(fruit),M(matter fruit)}, and 𝛿𝑛 is a quantifiable disturbance (mostly out-
door environmental variables), where 𝑛 ∈ {vs (wind speed), 𝐼 l (solar irradiation), 𝑇out, 𝐻out,COout

2 }.
The system’s parameter and constant vectors are denoted by 𝐶𝑠 , whereas 𝑓 stands for the nonlinear
functions that describe the greenhouse dynamics.

Temperature Model

temperature plays a crucial role in photosynthesis, increasing activity at low to moderate levels as per
the Arrhenius equation. To ensure optimal conditions and prevent reduced growth, the greenhouse
regulates interior temperature using HVAC. The dynamic temperature model is as follows [69]:

𝜓𝑇𝑖𝑛 [𝑘 + 1, 𝑛𝑝] = 𝜓Tin [𝑘, 𝑛𝑝] +
Δ𝑘

𝑥

[
𝑆𝑔𝜏𝛿

𝐼𝑙 [𝑘, 𝑛𝑝]︸           ︷︷           ︸
𝑄sol

+(1 − 𝜂𝑙) 𝑃𝑎𝑟𝑡𝑟 [𝑘, 𝑛𝑝]𝛽𝑙 [𝑘, 𝑛𝑝]︸                     ︷︷                     ︸
𝑄art

+ 𝐶op [𝑘, 𝑛𝑝]𝛽hvac [𝑘, 𝑛𝑝] 𝑃hvac [𝑘, 𝑛𝑝]︸                                         ︷︷                                         ︸
𝑄hvac

−
𝑆𝑔 · 𝑒
𝑘𝑐
(𝜒𝑇 [𝑘, 𝑛𝑝]︸                ︷︷                ︸
𝑄cond

− 𝐽 inf𝑥(𝜒𝑇 [𝑘, 𝑛𝑝]︸              ︷︷              ︸
𝑄inf

− ℎconv𝑆𝑔 · 𝜒𝑇 [𝑘, 𝑛𝑝]︸                   ︷︷                   ︸
𝑄conv

−𝑄vent [𝑘, 𝑛𝑝]︸         ︷︷         ︸
𝑄vent

]
(3.22)

𝜒𝑇 [𝑘, 𝑛𝑝] = (𝛿𝑇
out [𝑘, 𝑛𝑝] − 𝜓𝑇

in [𝑘, 𝑛𝑝]) (3.23)
𝑥 = 𝐶𝑎𝜌𝑎𝑉𝑔 (3.24)
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𝐶𝑎 is the air specific heat capacity, 𝜌𝑎 is air density,𝑉𝑔 is the volume of the greenhouse, 𝑆𝑔 is the total
external surface area (cover) of the greenhouse, 𝜏 is the material transmissivity of polycarbonate used
for the greenhouse cover, 𝛿𝐼𝑙 [𝑘] is solar radiation intensity, 𝜂𝑙 and 𝑃𝑎𝑟𝑡𝑟 are the efficiency of artificial
lighting and their rated power, respectively, 𝐶𝑜𝑝 [𝑘] and 𝑃ℎ𝑣𝑎𝑐 [𝑘] are the coefficient of performance
(positive for cooling and negative for heating) and power consumed by the HVAC, 𝛽ℎ𝑣𝑎𝑐 [𝑘] represents
the operation status, 𝑒 and 𝑘𝑐 are the glazing material thickness and material thermal conductivity,
𝜓Tin [𝑘] and 𝛿𝑇out [𝑘] are the indoor and outdoor greenhouse temperatures, 𝐽 inf is the infiltration rate, and
ℎconv is the convective heat transfer coefficient. The total thermal flux gain in the greenhouse consists
of the sum of heat gain by solar radiation (𝑄sol), HVAC system (𝑄hvac), and artificial lighting (𝑄art).
The total thermal flux loss in the greenhouse consists of heat loss by conduction (𝑄cond), convection
through the cover (𝑄conv), latent heat effect due to crop transpiration (𝑄trs), natural ventilation (𝑄vent),
and infiltration (𝑄inf). In this model, the latent heat effect due to crop transpiration (𝑄trs) is assumed
to be neglected. The indoor temperature, coefficient of performance, and HVAC power consumption
must each remain within limits that change over time.

∀[𝑘, 𝑛𝑝]


𝜓𝑇𝑖𝑛𝑚𝑖𝑛 [𝑘, 𝑛𝑝] ≤ 𝜓𝑇𝑖𝑛 [𝑘, 𝑛𝑝] ≤ 𝜓𝑇𝑖𝑛𝑚𝑎𝑥 [𝑘, 𝑛𝑝]
𝐶𝑚𝑖𝑛𝑜𝑝 [𝑘, 𝑛𝑝] ≤ 𝐶𝑜𝑝 [𝑘, 𝑛𝑝] ≤ 𝐶𝑚𝑎𝑥𝑜𝑝 [𝑘, 𝑛𝑝]
𝑃ℎ𝑣𝑎𝑐𝑚𝑖𝑛 [𝑘, 𝑛𝑝] ≤ 𝑃ℎ𝑣𝑎𝑐 [𝑘, 𝑛𝑝] ≤ 𝑃ℎ𝑣𝑎𝑐𝑚𝑎𝑥 [𝑘, 𝑛𝑝]
𝛽ℎ𝑣𝑎𝑐 [𝑘, 𝑛𝑝] ∈ [0, 1]

(3.25)

The heat loss through natural ventilation 𝑄vent will be detailed in the next subsection.

Air circulation model

In this model, when the greenhouse gets too hot, a window for natural ventilation is used. It is possible
to determine the air exchanged with outdoor environment brought on by the ventilation window’s
operation as follows[70]:

𝑄vent [𝑘, 𝑛𝑝] =
𝐴𝑣

𝑆𝑔
𝛿𝑣𝑠 [𝑘, 𝑛𝑝]

(
1 − 𝑒

( −𝛼 [𝑘,𝑛𝑝 ]
21.1

) )
· 82.44︸                                             ︷︷                                             ︸

𝐽ven

(3.26)

The airflow rate term, represented as 𝐽vent, can be calculated based on the ventilator window area
type, outdoor wind speed, and the angle of the window opening. This opening angle 𝛼 must be kept
within a specific range, which also varies over time.

∀[𝑘, 𝑛𝑝]
{

0 ≤ 𝛼[𝑘, 𝑛𝑝] ≤ 𝛼max, if 𝜓𝑇𝑖𝑛 [𝑘, 𝑛𝑝] − 𝜓𝑇𝑖𝑛𝑟𝑒 𝑓 [𝑘, 𝑛𝑝] ≥ 2

0 otherwise
(3.27)

where 𝛼 denotes the window’s angle opening (deg), 𝐴𝑣 denotes the window area of natural ventilation
and 𝛿𝑣𝑠 denotes the wind speed.

Light Intensity Model

According to research, LEDs can convert up to 49% of electricity into light that plants can really
consume, making them a wise and economical choice for greenhouses[58]. Their compatibility with
pulse-width modulation (PWM), which enables exact light modifications that conserve energy without
stressing plants, is a major benefit[71]. DLC, or dynamic lighting control, increases this efficiency.
Smart sensors are used by systems like Fluence’s SPYDR 2p47 to modify light spectra in real time,
changing to blue (450 nm) for vegetative development or red (660 nm) for blooming depending on
canopy circumstances[61]. This method increases agricultural yields while using 20% less energy
than fixed-spectrum illumination. The dynamic light intensity in the greenhouse is a combination of
artificial lighting and natural sunlight and can be described as follows:

𝜓𝐿𝑖𝑛 [𝑘] = 𝜓𝐿𝑖𝑛𝑛𝑎𝑡 [𝑘] + 𝜓𝐿𝑖𝑛𝑎𝑟𝑡 [𝑘] (3.28)
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𝜓𝐿𝑖𝑛 [𝑘, 𝑛𝑝] = 𝜏 · 𝑘𝑠𝑜𝑙 · 𝛿𝐼𝑙 [𝑘, 𝑛𝑝]︸                  ︷︷                  ︸
𝜓𝐿𝑖𝑛
𝑛𝑎𝑡

+ 𝑃𝑎𝑟𝑡 [𝑘, 𝑛𝑝] 𝜂𝑙
𝑆𝑐 𝑁𝑥 𝛽𝑙 [𝑘, 𝑛𝑝]︸               ︷︷               ︸

𝜓𝐿𝑖𝑛
𝑎𝑟𝑡

(3.29)

𝛽𝑙 [𝑘, 𝑛𝑝] =
{

1 𝑖 𝑓 𝜓𝐿𝑖𝑛𝑛𝑎𝑡 [𝑘, 𝑛𝑝] ≤ 𝛿
𝐼𝑙
min

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

}
(3.30)

where 𝜓𝐿𝑖𝑛𝑛𝑎𝑡 represents the natural light intensity that comes from solar radiation, 𝜏 is the material
transmissivity, 𝛿𝐼𝑙 solar radiation and 𝑘𝑠𝑜𝑙 is factor of solar radiation contributing to PAR. The power
consumed by artificial lighting 𝑃𝑎𝑟𝑡 as a function of 𝜓𝐿𝑖𝑛𝑎𝑟𝑡 artificial light intensity, 𝑆𝑐 denotes cultivated
area, 𝜂𝑙 is the LED efficiency, 𝛿𝐼𝑙

𝑚𝑖𝑛
represents the minimal light intensity and 𝑁𝑥 number of fixtures

of artificial lighting products used for covering the cultivated area.

CO2 Model

In different phases of growing a plant, CO2 is another essential parameter which must be regulated
and controlled. The dynamic model for CO2 concentration within the MPC structure is given by [72]:

𝜓𝐶𝑂
𝑖𝑛
2 [𝑘 + 1, 𝑛𝑝] = 𝜓𝐶𝑂

𝑖𝑛
2 [𝑘, 𝑛𝑝] +

𝑆𝑔Δ𝑘

𝑉𝑔𝜌𝑎

[
𝛽𝐶𝑂2 [𝑘, 𝑛𝑝]𝐶

𝑖𝑛 𝑗
max + ...

𝑎1
𝑆𝑔
𝛿𝑣𝑠 [𝑘, 𝑛𝑝]𝐴𝑣𝜆𝑠𝐽𝑣𝑒𝑛 [𝑘, 𝑛𝑝] · 𝜒𝐶𝑂2 [𝑘, 𝑛𝑝]︸                                                       ︷︷                                                       ︸

Ventilation exchange

+ 𝐶
𝑟𝑒𝑠

𝑆𝑔

(
𝑎2 + 𝑎3𝜓

𝑇𝑖𝑛 [𝑘, 𝑛𝑝]
)

︸                              ︷︷                              ︸
Plant respiration

− 𝑎1𝐶
𝑝ℎ𝑜𝑡𝜓𝐿𝑖𝑛 [𝑘, 𝑛𝑝]︸                    ︷︷                    ︸
Photosynthesis

]
(3.31)

𝜒𝐶𝑂2 [𝑘, 𝑛𝑝] =
(
𝛿𝐶𝑂

𝑜𝑢𝑡
2 [𝑘, 𝑛𝑝] − 𝜓𝐶𝑂

𝑖𝑛
2 [𝑘, 𝑛𝑝]

)
𝑃𝐶𝑂2 [𝑘, 𝑛𝑝] = 𝛽𝐶𝑂2 [𝑘, 𝑛𝑝] · 𝑃𝐶𝑂2

𝑟

(3.32)

Where 𝜓𝐶𝑂𝑖𝑛
2 [𝑘], 𝛿𝐶𝑂𝑜𝑢𝑡

2 [𝑘] are the greenhouse internal and external 𝐶𝑂2 concentrations, 𝐶𝑖𝑛 𝑗max is
the maximum carbon that a CO2 generator may introduce. 𝑤𝑠 , 𝐴𝑣 , 𝜆𝑠 , 𝐽𝑣𝑒𝑛 are wind speed, ventilation
window area, percentage of wind speed that enters into the greenhouse, and air exchange rate through
natural ventilation respectively. 𝑎6...𝑎8 are coefficients associated with the respiration rate of the crop,
𝐶res is the respiration coefficient of crops, 𝐶 𝑝ℎ𝑜𝑡 is the photosynthesis coefficient of crops, 𝜓𝐿𝑖𝑛 [𝑘] is
the indoor light intensity, 𝛽𝐶𝑂2 represent the operational status of the 𝐶𝑂2 injector and 𝑃𝐶𝑂2 [𝑘] and
𝑃
𝐶𝑂2
𝑟 are consumed and rated powers of the 𝐶𝑂2 injector. This amount of CO2 must be maintained

in a certain range, which depends on time too:

∀[𝑘, 𝑛𝑝]

𝜓𝐶𝑂

𝑖𝑛
2 ,min [𝑘, 𝑛𝑝] ≤ 𝜓𝐶𝑂

𝑖𝑛
2 [𝑘, 𝑛𝑝] ≤ 𝜓𝐶𝑂

𝑖𝑛
2 ,max [𝑘, 𝑛𝑝]

𝑃𝐶𝑂2 ,min [𝑘, 𝑛𝑝] ≤ 𝑃𝐶𝑂2 [𝑘, 𝑛𝑝] ≤ 𝑃𝐶𝑂2 ,max [𝑘, 𝑛𝑝]
𝛽𝐶𝑂2 [𝑘, 𝑛𝑝] ∈ [0, 1]

(3.33)

Model of Humidity

Optimal humidity is vital for crops development. High humidity leads to issues like tissue damage
and disease spread, while low humidity stresses plants and hampers photosynthesis. Monitoring and
controlling humidity are essential for creating an ideal climate for crops development. This aspect is
commonly referred to as[73]:

𝜓𝐻
𝑖𝑛 [𝑘 + 1, 𝑛𝑝] = 𝜓𝐻

𝑖𝑛 [𝑘, 𝑛𝑝] +
𝐿𝑖𝑛 [𝑘 + 1, 𝑛𝑝] · 𝑃𝑎𝑡𝑚 · 100%
𝑐1 − (𝑐3𝑒𝑐4𝜓Tin [𝑘,𝑛𝑝 ] − 𝑐2) · 𝑐5

(3.34)

𝐿𝑖𝑛 [𝑘 + 1, 𝑛𝑝] = 𝐿𝑖𝑛 [𝑘, 𝑛𝑝] +
Δ𝑡.𝑆𝑔

𝑉𝑔ℎ𝜌𝑎

[
𝐶𝑒𝑣𝑟︸︷︷︸
𝑒𝑣𝑎𝑝

+ 𝐽𝑣𝑒𝑛 [𝑘, 𝑛𝑝] ...︸           ︷︷           ︸
𝑣𝑒𝑛𝑡𝑖𝑙𝑎𝑡𝑖𝑜𝑛

(𝐿𝑜𝑢𝑡 [𝑘, 𝑛𝑝] − 𝐿𝑖𝑛 [𝑘, 𝑛𝑝])︸                              ︷︷                              ︸
𝑣𝑒𝑛𝑡𝑖𝑙𝑎𝑡𝑖𝑜𝑛

+ 𝛽 𝑓 𝑜𝑔 [𝑘, 𝑛𝑝]𝐿 𝑓 𝑜𝑔max︸                ︷︷                ︸
𝑓 𝑜𝑔𝑔𝑖𝑛𝑔

− 𝛽𝑑𝑒ℎ [𝑘, 𝑛𝑝]𝐿𝑑𝑒ℎmax︸               ︷︷               ︸
𝑑𝑒ℎ𝑢𝑚𝑖𝑑𝑖 𝑓 𝑖𝑐

] (3.35)
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𝐿𝑜𝑢𝑡 [𝑘, 𝑛𝑝] =
𝑐5𝛿

𝐻𝑜𝑢𝑡 [𝑘, 𝑛𝑝]
𝑃𝑎𝑡𝑚

𝑐1 · (𝑐3𝑒
𝑐4 𝛿

𝑇𝑜𝑢𝑡 [𝑘,𝑛𝑝 ] − 𝑐2) (3.36)

𝑃 𝑓 𝑜𝑔 [𝑘, 𝑛𝑝] = 𝛽 𝑓 𝑜𝑔 [𝑘, 𝑛𝑝] · 𝑃 𝑓 𝑜𝑔𝑟 (3.37)

𝑃𝑑𝑒ℎ [𝑘, 𝑛𝑝] = 𝛽𝑑𝑒ℎ [𝑘, 𝑛𝑝] · 𝑃𝑑𝑒ℎ𝑟 (3.38)

where 𝜓𝐻𝑖𝑛 [𝑘] represents the indoor humidity level of the greenhouse, 𝑃atm is the atmospheric air
pressure, and 𝑐1 through 𝑐5 are constants. 𝑆𝑔 and 𝑉𝑔ℎ are the surface area and volume of each
greenhouse, and 𝐶𝑒𝑣𝑟 is the crop evaporation rate. 𝜌𝑎 is the air density, 𝛼 𝑓 𝑜𝑔 [𝑘] is the operational
status of the fogging system, and 𝐿𝑑𝑒ℎmax and 𝐿 𝑓 𝑜𝑔max are the maximum water flow rates of the dehumidifier
and fogger, respectively. 𝛼𝑑𝑒ℎ [𝑘] is the operational status of the dehumidifier, while 𝐿𝑜𝑢𝑡 [𝑘] and
𝛿𝐻

𝑜𝑢𝑡 [𝑘] represent the outdoor humidity level of the greenhouse. 𝑃 𝑓 𝑜𝑔 [𝑘] and 𝑃 𝑓 𝑜𝑔𝑟 are the power
consumed and the rated power of the fogging system, respectively, and 𝑃𝑑𝑒ℎ [𝑘] and 𝑃𝑑𝑒ℎ𝑟 are the
power consumed and the rated power of the dehumidifier, respectively. The indoor humidity must be
maintained in a certain range as follows:

∀[𝑘, 𝑛𝑝]



𝜓𝐻
𝑖𝑛 ,min [𝑘, 𝑛𝑝] ≤ 𝜓𝐻

𝑖𝑛 [𝑘, 𝑛𝑝] ≤ 𝜓𝐻
𝑖𝑛 ,max [𝑘, 𝑛𝑝]

𝑃 𝑓 𝑜𝑔,min [𝑘, 𝑛𝑝] ≤ 𝑃 𝑓 𝑜𝑔 [𝑘, 𝑛𝑝] ≤ 𝑃 𝑓 𝑜𝑔,max [𝑘, 𝑛𝑝]
𝑃𝑑𝑒ℎ,min [𝑘, 𝑛𝑝] ≤ 𝑃𝑑𝑒ℎ [𝑘, 𝑛𝑝] ≤ 𝑃𝑑𝑒ℎ,max [𝑘, 𝑛𝑝]
𝛽 𝑓 𝑜𝑔 [𝑘, 𝑛𝑝] ∈ [0, 1]
𝛽𝑑𝑒ℎ [𝑘, 𝑛𝑝] ∈ [0, 1]

(3.39)

3.1.6 Dynamic Nutrient Supply During Growth Stages
To get the best possible growth from the plants, we mixed up a complete fertilizer solution and sent
it out through the irrigation system from the main water tank. The goal was to supply all the key
macronutrients the plants needed: nitrogen (N), phosphorus (P), potassium (K), calcium (Ca), and
magnesium (Mg). We used water-soluble fertilizers to get the concentrations just right. Throughout
the trial, we didn’t keep the nutrient levels the same the whole time. We adjusted the nutrients on the
fly, giving the plants what they needed when they needed it for every phase of growth. For example,
during vegetative growth and fruit formation, the nutrient demands were different. Table.3.1 shows
the amount of each nutrient supplied during the different growth phases in our greenhouse. These
quantities are based on Marcussi et al[74].

Table 3.1: Total nutrient requirement (g) per greenhouse during each growth phase.
Phase Days N (g) K (g) Ca (g) Mg (g) P (g)

E.G 50 128.0 80.0 64.0 24.0 9.6
V 32 352.0 192.0 96.0 40.0 22.4
F 15 160.0 144.0 112.0 40.0 32.0
F.F 49 320.0 448.0 112.0 80.0 35.2
M.F 15 96.0 160.0 32.0 24.0 12.8

3.1.7 Power Balance
The proposed system includes renewable generators, and it is connected to the main electric grid,
allowing the energy exchanges in both cases of excess or shortage in local energy production. By
defining 𝑃𝑏𝑢𝑦

𝑔𝑟𝑖𝑑
[𝑘] and 𝑃𝑠𝑜𝑙𝑑

𝑔𝑟𝑖𝑑
[𝑘] are purchased and sold power from/to the grid, The dynamic of power
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Figure 3.3: Diagram of the proposed sweet pepper growth model

balance can be expressed in MPC format as:

𝑃𝑝𝑣 [𝑘, 𝑛𝑝] + 𝑃𝑤𝑖𝑛𝑑 [𝑘, 𝑛𝑝]︸                              ︷︷                              ︸
𝑅𝑒𝑛𝑒𝑤𝑎𝑏𝑙𝑒 𝑃𝑜𝑤𝑒𝑟

+ 𝑃𝑏𝑢𝑦
𝑔𝑟𝑖𝑑
[𝑘, 𝑛𝑝] − 𝑃𝑠𝑜𝑙𝑑𝑔𝑟𝑖𝑑 [𝑘, 𝑛𝑝]︸                               ︷︷                               ︸

𝐺𝑟𝑖𝑑

= 𝑃𝑐ℎ [𝑘, 𝑛𝑝] − 𝑃𝑑𝑐ℎ [𝑘, 𝑛𝑝]︸                            ︷︷                            ︸
𝐵𝑎𝑡𝑡𝑒𝑟 𝑦

𝑃𝑚𝑤𝑎𝑡𝑒𝑟 [𝑘, 𝑛𝑝] + 𝑃𝑙𝑤𝑎𝑡𝑒𝑟 [𝑘, 𝑛𝑝] + 𝑃ℎ𝑣𝑎𝑐 [𝑘, 𝑛𝑝] + 𝑃𝐶𝑂2 [𝑘, 𝑛𝑝] + 𝑃𝑎𝑟𝑡 [𝑘, 𝑛𝑝] + (𝑃 𝑓 𝑜𝑔 + 𝑃𝑑𝑒ℎ) [𝑘, 𝑛𝑝]︸                                                                                                                                       ︷︷                                                                                                                                       ︸
𝐺𝑟𝑒𝑒𝑛ℎ𝑜𝑢𝑠𝑒 𝐿𝑜𝑎𝑑

(3.40)

The power exchanged with the grid must adhere to this constraint and be maintained within a certain
range, which also depends on time.

∀[𝑘, 𝑛𝑝]


𝑃sold
𝑔𝑟𝑖𝑑 [𝑘, 𝑛𝑝] · 𝑃

buy
𝑔𝑟𝑖𝑑
[𝑘, 𝑛𝑝] = 0

𝑃
sold,min
𝑔𝑟𝑖𝑑

[𝑘, 𝑛𝑝] ≤ 𝑃sold
𝑔𝑟𝑖𝑑 [𝑘, 𝑛𝑝] ≤ 𝑃

sold,max
𝑔𝑟𝑖𝑑

[𝑘, 𝑛𝑝]

𝑃
buy,min
𝑔𝑟𝑖𝑑

[𝑘, 𝑛𝑝] ≤ 𝑃buy
𝑔𝑟𝑖𝑑
[𝑘, 𝑛𝑝] ≤ 𝑃buy,max

𝑔𝑟𝑖𝑑
[𝑘, 𝑛𝑝]

(3.41)

3.2 Sweet Pepper Growth Model
In this study, sweet pepper growth was simulated using the general model originally presented in [75]
and [70]. The model was adapted for Mediterranean conditions based on calibrations from [75]. It
describes the crop using five state variables: fruit dry matter (𝑊𝐹), mature fruit (𝑊𝑀 ), node count
(𝑁), leaf area index (𝑋𝐿𝐴𝐼 ), and total plant dry weight (𝑊𝑇 ). This last variable depends on other
components: leaf dry weight (𝑊𝐿), stem dry weight (𝑊𝑆), root dry weight (𝑊𝑅), and fruit dry matter
as described in equation (3.58). The architecture of the proposed sweet pepper growth model has been
described in Fig.3.3.
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3.2.1 Crop photosynthesis
Using the Gaussian method, crop photosynthesis 𝑃𝑐𝑟𝑜𝑝 is calculated as the sum of the leaf photosyn-
thesis 𝑃𝑙𝑒𝑎 𝑓 rate per canopy leaf area index 𝐿𝐴𝐼:

𝑃𝑐𝑟𝑜𝑝 [𝑘, 𝑛𝑝] =
3∑︁
𝑖=1

𝑃leaf,𝑖 [𝑘, 𝑛𝑝] · LAI𝑖 [𝑘, 𝑛𝑝] · 𝑤𝑖 (3.42)

where 𝑤 is canopy layers wieghts 𝑤 = [0.5556, 0.8889, 0.5556]

Leaf area index

The one-sided green leaf area per unit ground area in broadleaf canopies is called the leaf area index
𝐿𝐴𝐼, and it usually ranges from 0 to 6. LAI is a standard for crop growth and forecasts photosynthetic
primary output. It may be computed in this way:

𝐿𝐴𝐼𝑖 [𝑘, 𝑛𝑝] = 0.5 ·
[
𝐿𝐴𝐼max ·

(
𝐿𝐴𝐼min
𝐿𝐴𝐼max

)exp(−𝐶𝑙𝑎𝑖 ·𝜓𝑇𝑖𝑛 [𝑘,𝑛𝑝 ]) ]
· (1 − 𝑥𝑖) (3.43)

where 𝐿𝐴𝐼max, 𝐿𝐴𝐼min 𝑎𝑛𝑑 𝐶𝑙𝑎𝑖 are the maximum, minimum, and growth coefficient leaf area index,
respectively.

Leaf photosynthesis

Leaf photosynthesis is calculated using 𝐿𝐴𝐼 and climatic variables. The 𝐶𝑂2 assimilation by the
Rubisco enzyme is determined as follows:

𝑃leaf,𝑖 [𝑘, 𝑛𝑝] = min(𝑉𝑐 [𝑘, 𝑛𝑝], 𝑉𝑞 [𝑘, 𝑛𝑝], 𝑉𝑠)

𝑉𝑐 [𝑘, 𝑛𝑝] = 𝑉cmax ·
𝑐𝑖𝑛 · 𝜓COin

2 [𝑘, 𝑛𝑝] − Γ

𝑐𝑖𝑛 · 𝜓COin
2 [𝑘, 𝑛𝑝] + 𝐾𝑐 ·

(
1 + 𝑂

𝐾𝑜

) (3.44)

𝑉𝑞 [𝑘, 𝑛𝑝] = 𝑒𝑞 · 𝛼𝑙 · 𝐼par,i [𝑘, 𝑛𝑝] ·
𝑐𝑖𝑛 · 𝜓COin

2 [𝑘, 𝑛𝑝] − Γ
𝑐𝑖𝑛 · 𝜓COin

2 [𝑘, 𝑛𝑝] + 2 · Γ
(3.45)

𝐼par,𝑖 [𝑘, 𝑛𝑝] = 𝜓𝐿𝑖𝑛 [𝑘, 𝑛𝑝] · exp(−𝑘 light · 𝐿𝐴𝐼𝑖 [𝑘, 𝑛𝑝]) (3.46)

𝑉𝑠 =
𝑉cmax

2
(3.47)

where𝑉cmax is the maximum carboxylation velocity of the enzyme, 𝑐𝑖𝑛 is the intercellular𝐶𝑂2 concen-
tration, 𝑂 is the partial pressure of 𝑂2, and Γ is the 𝐶𝑂2 compensation point without dark respiration.
The parameters 𝐾𝑐 and 𝐾𝑜 are the Michaelis-Menten constants for 𝐶𝑂2 and 𝑂2, respectively. 𝑒𝑞 is
quantum efficiency for CO2 fixation, 𝛼𝑙 is the leaf absorption for PAR, and 𝐼𝑝𝑎𝑟 is the PAR flux incident
on a unit leaf area. The intercellular 𝐶𝑂2 concentration 𝑐𝑖𝑛 is calculated from the 𝐶𝑂2 concentration
in the greenhouse and 𝑘 light light extinction coefficient.

3.2.2 Maintenance respiration
Plant maintenance respiration 𝑅𝑚,𝑟 uses some of the carbohydrates from photosynthesis to supply
energy for the maintenance of existing biostructures.

𝑅𝑚 [𝑘, 𝑛𝑝] = 𝑅𝑚,𝑟 [𝑘, 𝑛𝑝] · 2
[
𝜓Tin [𝑘,𝑛𝑝 ]−𝜓T

r
10

]
(3.48)

𝑅𝑚,𝑟 [𝑘, 𝑛𝑝] = 0.03 ·𝑊𝐿 [𝑘, 𝑛𝑝] + 0.015 ·𝑊𝑆 [𝑘, 𝑛𝑝] + 0.015 ·𝑊𝑅 [𝑘, 𝑛𝑝] + 0.01 ·𝑊𝐹 [𝑘, 𝑛𝑝] (3.49)

where 𝑅𝑚,𝑟 is the maintenance respiration rate at a reference temperature 𝜓𝑇𝑟 of 25 (°C), and𝑊 is the
dry weight of the organ , whose subscripts refer to leaves (𝑊𝐿), stems (𝑊𝑆), roots (𝑊𝑅), and storage
organs such as fruits (𝑊𝐹), respectively.
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3.2.3 Crop dry weight
The total dry weight is determined by adding the data after crop photosynthesis and maintenance
respiration have been determined. Growth is thought to take a backseat to maintenance breathing. The
assimilates generated by photosynthesis are deducted from the assimilates required for maintenance
respiration. The remaining assimilates might be increased in dry weight. There is a 𝐶𝐻2𝑂 to dry
weight conversion factor. The dry weight’s temporal fluctuation is described as follows:

𝑊𝑇 [𝑘 + 1, 𝑛𝑝] = 𝑊𝑇 [𝑘, 𝑛𝑝] + 𝑓𝑐 ·
(
𝑃crop [𝑘, 𝑛𝑝] − 𝑅𝑚 [𝑘, 𝑛𝑝]

)︸                              ︷︷                              ︸
𝐺𝑅net [𝑘,𝑛𝑝 ]

(3.50)

where 𝐺𝑅net represent the Net Growth The weight of each plant organ is calculated by multiplying the
daily total dry weight by the daily proportion of assimilates allotted to that organ after the total dry
weight has been computed. The four fractions always add up to one.

3.2.4 Organs dry weight
𝑊𝐿 [𝑘 + 1, 𝑛𝑝] = 𝑊𝐿 [𝑘, 𝑛𝑝] + 𝑓𝐿 · Δ𝑊𝑇 [𝑘, 𝑛𝑝] (3.51)

𝑊𝑆 [𝑘 + 1, 𝑛𝑝] = 𝑊𝑆 [𝑘, 𝑛𝑝] + 𝑓𝑆 · Δ𝑊𝑇 [𝑘, 𝑛𝑝] (3.52)

𝑊𝑅 [𝑘 + 1, 𝑛𝑝] = 𝑊𝑅 [𝑘, 𝑛𝑝] + 𝑓𝑅 · Δ𝑊𝑇 [𝑘, 𝑛𝑝] (3.53)

The fractions of total dry leaves 𝑓𝐿 and stems 𝑓𝑆 are determined in the same manner as those of roots
𝑓𝑅 , approximated by a sinusoidal function. The dry weight fraction allocated to fruits and roots is
multiplied by the daily total dry weight to determine the dry weight of roots, respectively according to
Sánchez-Molina [75].
The basic ripe fruit biomass model was used in this work to replicate the growth model. The original
presentation in [70] and [69] was modified to account for the growing of sweet peppers. The evolution
of fruit dry matter accumulation which depends of node development 𝑗 (𝑁), functions that influence
the partitioning of biomass to fruit 𝑓𝐹 (𝜓𝑇𝑖𝑛) and temperature stress function 𝑔(𝜓𝑇𝑖𝑛) can be calculated
as follows:

𝑊𝐹 [𝑘 + 1, 𝑛𝑝] = 𝑊𝐹 [𝑘, 𝑛𝑝] + Δ𝑘
[
𝐺𝑅𝑛𝑒𝑡 [𝑘, 𝑛𝑝]𝛼𝐹,𝑎𝑐𝑡𝑢𝑎𝑙 [𝑘, 𝑛𝑝]

]
𝛼𝐹,𝑎𝑐𝑡𝑢𝑎𝑙 [𝑘, 𝑛𝑝] = 𝛼𝐹 𝑓𝐹 (𝜓𝑇𝑖𝑛 [𝑘, 𝑛𝑝]) ·

[
1 − 𝑒−𝜃 (𝑁 [𝑘,𝑛𝑝 ]−𝑁𝑝𝑝 ) ]︸                         ︷︷                         ︸

𝑗 (𝑁 [𝑘 ] )

·𝑔(𝜓𝑇𝑖𝑛 [𝑘] (3.54)

𝑗 (𝑁 [𝑘, 𝑛𝑝]) =


0, 𝑖 𝑓 𝑁 ≤ 𝑁𝑝𝑝

1 − 𝑒−𝜃 (𝑁 [𝑘,𝑛𝑝 ]−𝑁𝑝𝑝 ) , 𝑖 𝑓 𝑁 > 𝑁𝑝𝑝

(3.55)

where 𝐺𝑅𝑛𝑒𝑡 [𝑘] is the maximum value of the difference between crop photosynthesis and mainte-
nance respiration, which is determined by Sánchez-Molina[75] and depends on solar radiation and
atmospheric CO2 levels, 𝛼𝐹 is the maximum partitioning coefficient of new growth to fruit, and the
term 𝑗 (𝑁) represents the node development factor dependent on the 𝜃 transition coefficient between
vegetative and full fruit growth and 𝑁 as the number of nodes at time step and of 𝑁𝑝𝑝 node number
at first fruit appearance. The functions that influence the partitioning of biomass to fruit are 𝑓𝐹 (𝜓𝑇𝑖𝑛)
and the function 𝑔(𝜓𝑇𝑖𝑛), which inhibits growth when high temperatures 𝜓𝑇𝑖𝑛 occur are explained in
the following way:

𝑓𝐹 (𝜓𝑇𝑖𝑛 [𝑘, 𝑛𝑝]) =



0, 𝑖 𝑓 𝜓𝑇𝑖𝑛 < 10 or 𝜓𝑇𝑖𝑛 > 35[
𝜓𝑇𝑝𝑎𝑟𝑡 − 𝜓𝑇𝑖𝑛 [𝑘]

2 × 14

]2

𝑖 𝑓 10 ≤ 𝜓𝑇𝑖𝑛 ≤ 𝜓𝑇𝑖𝑛𝑝𝑎𝑟𝑡

max
0, 1 −

(
𝜓𝑇𝑖𝑛 [𝑘] − 𝜓𝑇𝑝𝑎𝑟𝑡

11

)2 ,
𝑖 𝑓 𝜓𝑇𝑝𝑎𝑟𝑡 < 𝜓

𝑇𝑖𝑛 ≤ 35

(3.56)
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𝑔(𝜓𝑇𝑖𝑛 [𝑘, 𝑛𝑝]) =


1, 𝑖 𝑓 𝜓𝑇𝑖𝑛 ≤ 𝜓𝑇
ℎ

max
[
0.3, 0.9(𝜓𝑇𝑖𝑛 [𝑘] − 𝜓𝑇

ℎ
)
]
, 𝑖 𝑓 𝜓𝑇𝑖𝑛 > 𝜓𝑇

ℎ

(3.57)

where 𝜓𝑇𝑝𝑎𝑟𝑡 is optimal temperature for partitioning and 𝜓𝑇
ℎ

represents a high temperature threshold.
The many functionalities of the model are summarized in Table(3.2).

The total plant dry weight is the sum of all organs described as follows:

𝑊𝑇 [𝑘 + 1, 𝑛𝑝] = 𝑊𝑇 [𝑘, 𝑛𝑝] +
(
𝑊𝐿 [𝑘, 𝑛𝑝] +𝑊𝑆 [𝑘, 𝑛𝑝] +𝑊𝑅 [𝑘, 𝑛𝑝] +𝑊𝐹 [𝑘, 𝑛𝑝]

)
(3.58)

where𝑊𝑇 is the total biomass plant dry weight,𝑊𝐿 is the dry weight of leaves,𝑊𝑆 is the dry weight
of stems, 𝑊𝑅 is the dry weight of roots, and 𝑊𝐹 is the total dry weight of fruits, including mature
fruits.

Table 3.2: Effect of Climatic Functions on Crop Growth
Function Description Affects

𝑗 (𝑁) reduces the growth of vegetation 𝑁

𝑓𝐹 (𝜓𝑇𝑖𝑛) changes the partitioning to fruit 𝑊𝐹
𝑔(𝜓𝑇𝑖𝑛) decreases fruit growth when 𝜓𝑇𝑖𝑛 > 31◦C. 𝑊𝐹
𝐷 𝑓 (𝜓𝑇𝑖𝑛) modifies the rate at which fruit develops. 𝑊𝑀

3.2.5 Mature fruit biomass
The accumulation of mature fruit biomass is the most significant state variable in the model for the
optimization issue as it reflects the development of mature sweet pepper. It uses the following equation
to be computed in discrete time:

𝑊𝑀 [𝑘 + 1, 𝑛𝑝] = 𝑊𝑀 [𝑘, 𝑛𝑝] + Δ𝑘
[
𝐷 𝑓 (𝜓𝑇𝑖𝑛 [𝑘, 𝑛𝑝])

(
𝑊𝐹 [𝑘, 𝑛𝑝]− 𝑊𝑀 [𝑘, 𝑛𝑝]

)
𝛿[𝑘, 𝑛𝑝]

]
𝛿[𝑘, 𝑛𝑝] =

{
0, if 𝑁 [𝑘, 𝑛𝑝] ≤ 𝑁𝑝𝑝 + ℎ𝑛
1, if 𝑁 [𝑘, 𝑛𝑝] > 𝑁𝑝𝑝 + ℎ𝑛

(3.59)

where 𝜓𝑇𝑖𝑛 is the indoor temperature, 𝑁𝑝𝑝 is the number of nodes on a plant when the first fruit
shows up, ℎ𝑛 is the time (in nodes) it takes for that fruit to mature from appearance, and 𝐷 𝑓 (𝜓𝑇𝑖𝑛)
represents how greenhouse temperatures affect fruit development of sweet pepper as follows:

𝐷 𝑓 (𝜓𝑇𝑖𝑛 [𝑘, 𝑛𝑝]) =



0, 𝑖 𝑓 𝜓𝑇𝑖𝑛 < 𝜓𝑇𝑚𝑖𝑛
𝑑𝑒𝑣

or 𝜓𝑇𝑖𝑛 > 𝜓𝑇𝑚𝑎𝑥
𝑑𝑒𝑣[

𝜓𝑇𝑖𝑛 [𝑘] − 𝜓𝑇𝑚𝑖𝑛
𝑑𝑒𝑣

𝜓𝑇
𝑑𝑒𝑣
− 𝜓𝑇𝑚𝑖𝑛

𝑑𝑒𝑣

]0.8

, 𝜓𝑇𝑚𝑖𝑛
𝑑𝑒𝑣

≤ 𝜓𝑇𝑖𝑛 ≤ 𝜓𝑇
𝑑𝑒𝑣[

𝜓𝑇𝑚𝑎𝑥
𝑑𝑒𝑣

− 𝜓𝑇𝑖𝑛 [𝑘]
𝜓𝑇𝑚𝑎𝑥
𝑑𝑒𝑣

− 𝜓𝑇
𝑑𝑒𝑣

]0.8

, 𝜓𝑇
𝑑𝑒𝑣

< 𝜓𝑇𝑖𝑛 ≤ 𝜓𝑇𝑚𝑎𝑥
𝑑𝑒𝑣

(3.60)

where 𝜓𝑇
𝑑𝑒𝑣

is optimal temperature for fruit development, and 𝜓𝑇𝑚𝑖𝑛
𝑑𝑒𝑣

and 𝜓𝑇𝑚𝑎𝑥
𝑑𝑒𝑣

are minimum and
maximum for fruit development.
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Table 3.3: Parameters sweet pepper crop growth model
Symbol Description Value Units

𝐿𝐴𝐼𝑚𝑎𝑥 Maximum Leaf Area Index 6.7 (m2 m−2)
𝐿𝐴𝐼𝑚𝑖𝑛 Minimum Leaf Area Index 0.3 (m2 m−2)
𝐶𝑙𝑎𝑖 LAI growth rate coefficient 0.0017 (–)
𝑐𝑖𝑛 Intercellular 𝐶𝑂2 concentration 0.7 (µmol mol−1)

(ppm)
𝑉𝑐𝑚𝑎𝑥 Maximum carboxylation velocity 200 (µmol mol−1 s−1)
𝐾𝑐 Michaelis-Menten constant for 𝐶𝑂2 300 (µmol mol−1)

(ppm)
𝐾𝑜 Michaelis-Menten constant for 𝑂2 300 (mmol mol−1)
𝑂 Oxygen partial pressure 210000 (µmol mol−1)

(ppm)
Γ 𝐶𝑂2 compensation point 38 (µmol mol−1)

(ppm)
𝑒𝑞 quantum efficiency for CO2 fixation 0.063 (−)
𝛼𝑙 Leaf absorptance for PAR 0.78 (–)
𝑘𝑙𝑖𝑔ℎ𝑡 Light extinction coefficient 0.55 (–)

𝜓𝑇𝑟 Reference temperature for maintenance respiration 25 (◦C)

𝑓𝑐 𝐶𝐻2𝑂 to dry weight conversion factor 0.29 (–)
𝛼𝐹 Maximum partitioning coefficient to fruit 0.65 (–)
𝜃 Transition coefficient between vegetative and full

fruit growth
0.15 (–)

𝑁𝑝𝑝 Node number at first fruit appearance 18 (–)

𝜓𝑇𝑝𝑎𝑟𝑡 Optimal temperature for partitioning 25 (◦C)

𝜓𝑇
ℎ

High temperature threshold for growth inhibition 31 (◦C)

𝜓𝑇
𝑑𝑒𝑣

Optimal temperature for fruit development 22 (◦C)

𝜓𝑇𝑚𝑖𝑛
𝑑𝑒𝑣

Minimum temperature for fruit development 12 (◦C)

𝜓𝑇𝑚𝑎𝑥
𝑑𝑒𝑣

Maximum temperature for fruit development 35 (◦C)

3.3 Optimization Problem
The goal of the multiobjective optimization problem, which has a quadratic cost function, is to regulate
the microclimate in the greenhouse while enhancing overall system functionality. The first part of
the objective function minimizes deviations from reference signals and desired indoor microclimate
variables. It also accounts for equipment load consumption and aims to reduce power exchanges with
the main grid, particularly by limiting purchases and encouraging sales, as reflected in the third term.
The final term focuses on minimizing deviations from reference nutrient demands.
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3.3.1 Objective Function and Constraints
The complete objective function is defined as follows:

𝐽∗ = min

(
𝑛𝑝∑︁
𝑘=1

[
𝛼1𝜙

𝑄 [𝑘] + 𝛼2𝜓
𝑇 [𝑘] + 𝛼3𝜓

𝐿 [𝑘] + 𝛼4𝜓
𝐶 [𝑘] + 𝛼5𝜓

𝐻 [𝑘] + 𝛼6 (𝑚 [𝑘] − 𝑚𝑟𝑒 𝑓 [𝑘])2
]

+
𝑛𝑝∑︁
𝑘=1

𝛼7

[
𝑃

buy
grid [𝑘] − 𝑃

sold
grid [𝑘]

]
+
𝑛𝑝∑︁
𝑘=1

𝛼8𝑃
load
𝐺ℎ [𝑘] +

𝑛𝑝∑︁
𝑘=1

∑︁
𝑧∈{Nut}

𝛼9

(
𝜒nut
𝑧 [𝑘] − 𝜒nut

𝑧,ref [𝑘]
)2

)
(3.61)

{Nut} = {𝑁, 𝑃, 𝐾, 𝐶𝑎, 𝑀𝑔}(3.1)

subject to: Ω∗ =


Constraints: (3.18),(3.20), (3.25), (3.27),
(3.30),(3.33),(3.39), (3.41),(3.60),(3.56),(3.57).
∀[𝑘, 𝑛𝑝]

 (3.62)

where : 𝜙𝑄 [𝑘] = (𝑄𝑙 [𝑘] −𝑄𝑙ref [𝑘])
2,

𝜓𝑇 [𝑘] = (𝜓𝑇𝑖𝑛 [𝑘] − 𝜓𝑇𝑖𝑛
𝑟𝑒 𝑓
[𝑘])2,

𝜓𝐿 [𝑘] = (𝜓𝐿𝑖𝑛 [𝑘] − 𝜓𝐿𝑖𝑛
𝑟𝑒 𝑓
[𝑘])2,

𝜓𝐻 [𝑘] = (𝜓𝐻𝑖𝑛 [𝑘] − 𝜓𝐻𝑖𝑛
𝑟𝑒 𝑓
[𝑘])2,

𝜓𝐶 [𝑘] = (𝜓𝐶𝑂𝑖𝑛
2 [𝑘] − 𝜓𝐶𝑂

𝑖𝑛
2

𝑟𝑒 𝑓
[𝑘])2 and 𝛼1, ..., 𝛼9 = 1 are weighting parameters used to trade off the

various components of the objective function. The same value = 1 indicates that all objectives have
the same priority. 𝑃𝑙𝑜𝑎𝑑

𝐺ℎ
[𝑘] =

(
𝑃𝑚water [𝑘] + 𝑃hvac [𝑘] + 𝑃art [𝑘] + 𝑃CO2 [𝑘] + 𝑃fog [𝑘] + 𝑃deh [𝑘]

)
and

The amount of nutrients required and their reference are 𝜒𝑛𝑢𝑡𝑧 [𝑘], 𝜒𝑛𝑢𝑡
𝑧,ref [𝑘], as stated in Table(3.1).

3.3.2 System benefits
In this study, the external electricity supply is represented by an interaction with the energy grid.
The grid’s energy purchase price is set at 𝐶𝑏𝑢𝑦 = 0.33 (=C/kWh), while excess energy is sold back at
𝐶𝑠𝑜𝑙𝑑 = 0.25 (=C/kWh). In order to reduce expenses and increase revenue from excess energy sales,
this pricing model highlights the necessity of efficient energy management. The following formula is
used to determine the system’s advantages 𝑆𝑏𝑒𝑛𝑒 𝑓 𝑖𝑡 (=C):

𝑆𝑏𝑒𝑛𝑒 𝑓 𝑖𝑡 [𝑘, 𝑛𝑝] =
[
𝐶𝑠𝑜𝑙𝑑 · 𝑃𝑠𝑜𝑙𝑑𝑔𝑟𝑖𝑑 [𝑘, 𝑛𝑝] − 𝐶𝑏𝑢𝑦 · 𝑃𝑏𝑢𝑦

𝑔𝑟𝑖𝑑
[𝑘, 𝑛𝑝]

]
Δ𝑘 (3.63)

3.4 Case Study and Numerical Results

3.4.1 Case Study Application
The MPC-based optimization problem is formulated based on the system modeling described in
Sections 3.1 and 3.3. It is implemented and simulated in Python over a period of 161 days, covering
the different phases of growth: early growth (E.G.), vegetative (V), flowering (F), fruit formation
(F.F.), and mature fruiting (M.F.). The simulation applies a case study based on real data from the
Savona weather station, which reflects the Ligurian Mediterranean climate Fig.3.2. The proposed MPC
control strategy is applied to a smart greenhouse that is connected to the grid. The system includes
a master pump that supplies water from the source to a water reservoir, a battery energy storage,
and renewable generators such as wind turbines and photovoltaic modules. In this study, the smart
greenhouse is assumed to be specifically designed for growing peppers, a crop that is particularly
vulnerable to wind, cold, and frost during its vegetative and flowering stages. Table 3.4 presents
the duration of each growth phase, along with the optimal indoor microclimate and water reference
variables for each stage. These values were provided by Vertify, a company specialized in applied
research in outdoor vegetables, greenhouse horticulture, arable farming in the Netherlands. Their
expertise ensures reliable and practical insights for agricultural applications.
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Figure 3.4: Predected and measured outdoor environment data collected from weather station
Fig.3.2.

3.4.2 Simulation Setup
In this study, we trained a Random Forest algorithm using actual meteorological data from 2023 and
2024 (80% training, 20% testing, and 10% validation) to produce accurate forecasts utilized during
the growth cycle (February 1, 2025, to July 10, 2025). At a 15-min time step, the model produced
daily forecasts of outside environment variables. These predictions were then used as inputs to our
NMPC framework and are depicted in Fig.3.4. However, the reference vector of internal microclimate
expressing the optimal growth in different phases of growth of crops available in the greenhouse and
nutrients needed are detailed in Table.3.4 and Table.3.1 with left values that represent nighttime and
right values that represent daytime for temperature. It is anticipated that the irrigation water requirement
per day is changing in each phase of growth. The total water needed per day was divided into irrigation
for 15 minutes out of each hour in order to help the plant for an efficient absorption process. This
is achieved through local pumps with an efficiency of 0.75, which are activated exclusively during
the first time interval of each hour and remain switched off for the rest. The master pump efficiency
is set at 0.8. However, ℎ𝑚 is configured to be equal to 12(𝑚). Furthermore, the desired internal
illumination, humidity, and𝐶𝑂2 level are also assumed to be controlled. Although the GH is equipped
with renewable energy production in the form of a PV system of 5 (𝑘𝑊ℎ), a wind turbine of 15 (𝑘𝑊ℎ),
an battery energy storage with a maximum capacity of 50 (𝑘𝑊ℎ), and a water reservoir of 5 (𝑚3), it
is also connected to the grid. This connection allows the greenhouse to buy energy when needed and
sell excess energy when available.

3.4.3 Numerical Results and Discussion
The performance of the system covering the water flow into the reservoir, the irrigation load, and
the associated power use is shown in Fig.3.5. The master pump runs at its most efficient point to
match the irrigation demand, especially during the critical flowering and fruit-setting stages. These
are the periods when crops need a steady, reliable water supply to support things like cell growth,
nutrient movement, and fruit development, all of which directly affect yield and quality. By keeping
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Table 3.4: Microclimate and water references of pepper in different phases of growth

𝑃ℎ𝑎𝑠𝑒
𝜓𝑇𝑖𝑛
𝑟𝑒 𝑓

(◦C)
𝜓𝐿𝑖𝑛
𝑎𝑟𝑡,𝑟𝑒 𝑓

(𝑊/𝑚2 )
𝜓𝐻𝑖𝑛

𝑟𝑒 𝑓

(%)
𝜓
𝐶𝑂𝑖𝑛

2
𝑟𝑒 𝑓

[ppm]
𝑄𝑙,𝑟𝑒 𝑓

(L/day)
𝑄𝑙,𝑟𝑒 𝑓

(m3/Δk)

𝐸.𝐺 [22-22] 36,2 70 600 140 0.0058
𝑉 [22-28] 72,4 65 800 280 0,0116
𝐹 [24-30] 108,6 62 850 420 0,017
𝐹.𝐹 [24-30] 117,65 67 850 420 0,017
𝑀.𝐹 [24-28] 117,65 62 850 280 0,0116

𝑃ℎ𝑎𝑠𝑒 𝐸.𝐺 𝑉 𝐹 𝐹.𝐹 𝑀.𝐹

𝑃𝑒𝑟𝑖𝑜𝑑 (𝑑𝑎𝑦𝑠) 49 32 15 50 15

the water supply stable during these phases, the system not only meets the plants’ physiological needs
but also helps with overall water management efficiency, which you can see in Fig.3.5-a-c. Keeping
the reservoir level close to the target setpoint supports this further; it ensures water is available when
demand is highest, without wasting energy. Fig.3.5-b shows how the irrigation system behaves over
time, along with the corresponding power consumption. The local pump performs well, accurately
matching the irrigation demand while keeping power use in check across all growth stages. There’s a
very small deviation from the reference, which points to tight control, less energy wasted, and water
delivery that actually matches what the crops need. As for the water storage reservoir, its dynamics
are presented in Fig. 3.5-c. The reservoir undergoes repeated cycles of charging and discharging
that correspond with the operation of the local and master pumps, starting with an initial volume of 2
(𝑚3). This cycle demonstrates how well coordinated the control approach is; the reservoir serves as a
buffer, mitigating supply and demand fluctuations. As a consequence, the greenhouse has a consistent
and reliable water supply, which enhances operational stability and resource efficiency. Optimal
control decisions regarding indoor temperature, generated by MPC for cooling and heating along
with their respective HVAC power consumption and coefficients of performance, are illustrated in
Fig.3.6. It can be observed that the HVAC system operates within predefined power ranges to regulate
the greenhouse’s internal temperature, effectively responding to heat flux gains and heat flux losses
due to ambient conditions, showing near-perfect tracking of reference temperature signals compared
to the Gekko method throughout typical days across different important growth phases where the
temperatures fluctuate between day and night temperatures, especially for vegetative (V), flowering
(F), fruit formation (F.F), and mature formation (M.F). As shown in Fig.3.6-a, the indoor temperature
closely follows the setpoint with only minor deviations. During the daytime, the HVAC operates
in heating mode to compensate for heat losses and to achieve the needed high temperature, while
nighttime requires cooling due to the dropping of reference temperatures and additional compensation
for the absence of solar gains, as reflected in the coefficient of performance (𝐶𝑜𝑝) shown in Figs.3.6-c.
Positive 𝐶𝑜𝑝 values correspond to cooling, and negative values to heating, with the MPC smoothly
transitioning between modes without abrupt cycling. The system maintains close alignment with
the reference signal across all phases, though brief deviations occur during periods of harsh external
conditions, such as sudden wind speed and high outdoor temperature changes during the last days
of mature fruit and microclimate fluctuations, which challenge real-time responses as described in
Fig. 3.7. indicating that the MPC successfully balances disturbances while maintaining phase-specific
requirements compared to the Gekko method, where temperature shows more deviation. The controller
prioritizes precision during crucial reproductive phases like (F) and (F.F.) while preserving energy-
efficient operation throughout, as demonstrated by the slight tracking faults found. When it comes
to natural ventilation in the greenhouse, the opening angle typically ranges from 0 to 90 degrees.
However, in our control strategy, we observed a minimal opening angle, as shown in Fig.3.8. This
means the ventilation is deliberately kept closed to reduce heat and 𝐶𝑂2 losses, avoiding the extra
energy that would otherwise be needed to compensate for excessive air exchange. Effective artificial
illumination is essential for promoting healthy plant growth and increasing greenhouse yields. The
MPC-based illumination tracking controls the lighting load while limiting power consumption, with
operations illustrated in Figs.3.9-a-b-c. To optimize energy, the system switch off lighting during the
day and relies on natural lighting of solar irradiations. At night, artificial lights are mostly powered by
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Figure 3.5: MPC-based water flows are pumped into the water reservoir with optimal tracking
to meet irrigation needs with their pump power consumption and dynamics of water reservoir
levels across whole growth phases.
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Figure 3.6: MPC-based optimal greenhouse indoor temperature with their HVAC power
consumption and coefficient of performance over the typical days across different growth
phases.
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Figure 3.7: MPC-based optimal greenhouse indoor temperature with their HVAC power
consumption and coefficient of performance over all growth phases.
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3.4. Case Study and Numerical Results 51

0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160
0

20
40
60
80

100
120

0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160
0,0
0,2
0,4
0,6
0,8
1,0
1,2
1,4
1,6
1,8
2,0

0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160
0,0
0,2
0,4
0,6
0,8
1,0
1,2
1,4

ar
tif

ic
ia

l 
illu

m
in

at
io

n(
w

/m
2 )

 yart
Lin- MPC

 yart,ref
Lin

(a)

(b)

lig
ht

in
g 

co
ns

um
pt

io
n 

(k
W

)

 Part- MPC

(c)

lig
ht

in
g 

co
nt

ro
l 

va
ria

bl
e

time(Days)

 beta_light- MPC

(E.G) (V) (F) (F.F) (M.F)

Figure 3.9: MPC-based optimal tracking of the illumination loads with their power consump-
tion across whole growth phases.
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Figure 3.10: The MPC controls greenhouse 𝐶𝑂2 levels, managing the injector’s power and
operation across growth phases.

renewable energy sources, with the grid offering temporary backup power as necessary. Throughout
the growth cycle, lighting levels also fluctuate. During the early growing period, the system uses low
illumination to help seedlings establish without stress. It can be seen higher illumination during fruit
formation and maturity to support flowering and fruit development. Running artificial lighting at night
also offers benefits it allows photosynthesis during cooler hours and helps maintain consistent day
night cycles. Figure.3.10-a-b illustrates the MPC-based optimal control of indoor 𝐶𝑂2 concentrations
and injector power consumption at various stages of growth. The 𝐶𝑂2 setpoint is incrementally
adjusted, commencing at 600 (𝑝𝑝𝑚)) during the initial growth phase, subsequently increasing to 800
(𝑝𝑝𝑚) during the vegetative stage, and ultimately reaching 850 (ppm) from flowering through fruit
development. These higher levels help the plants photosynthesize more and produce better fruit yields.
At the outset, the injector activates periodically to maintain a 𝐶𝑂2 level of roughly 600 (𝑝𝑝𝑚). As
the plants develop larger leaves, their demand for 𝐶𝑂2 increases, leading to more frequent injector
operation throughout the day, coinciding with photosynthesis. The busiest period is during flowering
and fruit formation, when the 850 (𝑝𝑝𝑚) target gives the plants the boost they need to set flowers and
grow fruits. Since plants only take in 𝐶𝑂2 during daylight, the injector stays off at night. One thing
worth noting is 𝐶𝑂2 levels sometimes go above the target during fruit formation. That’s probably
because the ventilation is reduced and the plants are respiring at night, causing a bit of a buildup. By
the time the plants reach maturity, the system settles down and keeps things steady without wasting
energy. The results of the MPC-based optimal state of relative humidity, along with the corresponding
power consumption of the fogger and dehumidifier and their operational status across the whole growth
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Figure 3.11: MPC-based optimal relative humidity inside the greenhouse with optimal power
consumed by the fogger and dehumidifier across whole growth phases.

phases, are shown in Fig.3.10. The controlled indoor humidity consistently tracks the reference value,
which is fixed at 70(%) during the early growth phase to help young plants with limited root systems
stay hydrated, keep their stomata open for photosynthesis, and protect delicate leaves from water
stress. Minimal deviations occur due to small fluctuations in indoor temperature. During the other
growth phases, relative humidity stays between 61(%) and 68(%), closely aligning with the reference
values at night. However, a slight drop happens during the fruit formation phase, mainly because
of dynamic high temperature fluctuations inside the greenhouse, as shown in Fig.3.11-a. This is a
physically expected trend given the inverse relationship between humidity and temperature compared
to nighttime conditions. This regulation is achieved through the optimized operation of the fogger
and dehumidifier (Fig.3.11-b-c, d-e). The dehumidifier runs at full power toward the end of the early
growth phase to remove humidity, as well as during the end of the vegetative and fruit formation stages,
mainly because the humidity setpoint drops during these periods. Meanwhile, the fogger operates to
cool the greenhouse and boost humidity when needed. This is especially noticeable during fruit
formation, where the dehumidifier stays off most of the time. The power production and results of the
MPC-based optimal control of the battery energy storage (BES) within the microgrid, including its
charging and discharging behavior and the power exchanged with the grid using rolling optimization,
are shown in Figs.3.12-a-b-c and 3.12-d, respectively. In theory, the BES could help compensate for
the intermittency of renewable energy sources. However, the implemented strategy prioritized selling
energy over charging the battery, which limited how effectively it could play that role. As shown in
Fig.3.12-b, the energy storage system exhibits various charging and discharging patterns depending on
the power balance and the power exchanges with the grid. Looking at Fig.3.12-c, there are moments,
especially on days like the 16𝑡ℎ, 61𝑠𝑡, and 100𝑡ℎ, which fall across different growth phases where
the BES reaches its maximum stored energy level of 48 (𝑘𝑊ℎ), then gradually decreases until it hits
the minimum allowed value of 1 (𝑘𝑊ℎ). This pattern can be explained by the greenhouse need for
artificial lighting at those times combined with a lack of photovoltaic generation. Fig.3.12-d shows the
power exchanged between the system and the grid. Throughout all growth periods, the system actually
sold energy to the grid, even with all the greenhouse equipment running, thanks to the availability
of renewable energy production, particularly between the 17𝑡ℎ and 26𝑡ℎ days. On the other hand,
there were only brief periods when the system had to buy energy from the grid, and those happened
when battery reserves were low due to limited renewable generation, for instance, between the 27𝑡ℎ
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Figure 3.12: Renewable power production, optimal power exchange with the grid, and dy-
namics of battery energy storage for whole growth phases.

and 29𝑡ℎ days as an example. This overall pattern comes from having consistent wind available
throughout the day along with daytime solar production. The energy storage unit responds adaptively,
charging and discharging as needed to keep the power balance with the grid while reacting to changes
in both energy supply and demand. This kind of intelligent cycling allows the system to maximize
how much energy it exports while limiting imports to only those times when renewables fall short.

3.13 illustrates dry matter partitioning among leaves, stems, roots, fruits, and mature fruits over a

Table 3.5: Biomass Values per Component
Component Value (g/m²) Value (kg/80 m²) Value (g/plant)

Leaf 3456.572 276.525 1152.190
Stem 1991.306 159.304 663.768
Root 1066.938 85.355 355.646
Fruit 6954.036 556.322 2318.012
Mature_Fruit 6389.261 511.140 2129.753

Total_Biomass13 468.854 1077.508 4489.618

161-day growth cycle. The growth patterns match what I’d expect to see like in a real sweet pepper
crop. During the initial (E.G.) and (V) phases (days [1–80]), biomass accumulation is exclusively
vegetative. Leaves act as the dominant sink, increasing from 7.4 to 1462.3 [ g/m2], while stems and
roots follow a similar exponential trajectory, which shows that the plant is focused on building its
vegetative structure before it even thinks about fruit, which is logical; plants need a solid canopy and
root system first. The transition to reproduction occurs during the Flowering (F) and Fruit Formation
(F.F.) phases [days 82–146], marked by the emergence of fruit biomass around day 88. As fruits begin
to accumulate, the leaf growth curve visibly plateaus, indicating a shift in carbon allocation from
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Figure 3.13: Accumulation of dry matter for each organ for sweet pepper at the whole phase
of growth.

Table 3.6: Economic Benefits from Grid Exchange per Growth Stage
Phase growth

(days)
Energy
sold (=C)

Energy
buy (=C)

Benefits
(=C)

E.G [1 − 50] 3853.67 1581.23 2272.44
V [50 − 81] 2818.69 1360.00 1458.69
F [81 − 96] 1503.49 235.00 1268.49
F.F [96 − 146] 4294.78 520.00 3774.78
M.F [146 − 161] 1259.90 154.54 1136.36

Table 3.7: Biomass Production per Growth Stage
Phase growth

(days)
Leaf

[kg/Sc(m2)]
Stem

[kg/Sc(m2)]
Root

[kg/Sc(m2)]
Fruit

[kg/Sc(m2)]
Mature Fruit
[kg/Sc(m2)]

E.G [1 − 50] 34.76 20.77 13.86 0 0
V [50 − 81] 113.41 67.96 45.32 0 0
F [81 − 96] 161.59 96.35 63.37 34.55 0
F.F [96 − 146] 216.46 129.27 75.34 495.11 335.26
M.F [146 − 161] 276.52 159.30 85.35 556.32 511.14
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Figure 3.14: Percentage distribution of dry matter in each organ during different growth phase
periods of sweet pepper.

leaf expansion to reproductive structures. By day 127, fruit biomass reaches 3824.9 (𝑔/𝑚2), while
leaves increase only modestly from 1462 to 2424 (𝑔/𝑚2) over the same period. This competition
for assimilates reflects the principle of sink strength, where developing fruits outcompete vegetative
organs for photoassimilates. The microclimate during these phases, with increased light intensity 107
(𝑊/𝑚2), which is around 600 (𝜇mol,m−2, s−1), and elevated temperatures [24–30] (°C), is optimally
configured to support flowering, pollination, and early fruit expansion. What also stands out is that
mature fruit only starts appearing around day 128, about 40 days after the first fruit mass is recorded.
That lag makes sense biologically because fruits take time to expand and ripen after fruit set. You
can see total fruit accumulating well before any mature fruit shows up, which reflects that real green
fruit stage. Overall, the model seems to be capturing the natural sequence of how peppers allocate dry
matter over time, and the climate control strategy appears to be supporting that process as it should.
The percentage distribution of dry matter at each organ during different growth phase periods of sweet
pepper is presented in Fig.3.14. It can be seen that the plants are going through a very natural life
cycle. In the early stages, the young plant is putting most of its energy into building leaves over half
of its biomass, which makes perfect sense because it needs to establish a strong canopy to capture
light. The roots and stems are developing too, but leaves are clearly the priority. The percentage of
leaves actually increases to 63(%) when we enter the vegetative phase, indicating that the plant is really
strengthening its photosynthetic apparatus before any fruit develops. Around day 88, the plant enters
the blooming stage, which is when things start to get interesting. Fruit begins to form and consumes
roughly 25(%) of the plant’s energy, while leaves decrease to 45(%). The plant is starting to shift
gears from just growing leaves to preparing for production. During fruit formation from day 97 to
146, the change is dramatic; fruit now dominates at 58(%), while leaves drop to just 22(%), which
means that the plants are throwing everything they have into filling those peppers. What is special is
during the final maturation phase, leaf percentage actually bounces back a bit to 25(%). That’s a good
sign the plants are maintaining enough leaf area to support the ripening process rather than letting
them run out of steam. Overall, this distribution shows a plant that builds a solid foundation first,
transitions smoothly into reproduction, and finishes strong without completely neglecting its leaves.
That’s exactly how a healthy, well-managed sweet pepper crop should behave. Table’s.3.7 and 3.6
show the biomass distribution across the greenhouse area, telling an even clearer story. With 80 (𝑚2)
of the cultivated area, the plants produced 276.5 (𝑘𝑔) of leaves, 159.3 (𝑘𝑔) of stems, 85.4 (𝑘𝑔) of
roots, and most importantly, 556.3 (𝑘𝑔) of total fruit, of which 511.1 (𝑘𝑔) reached full maturity. This
indicates that more than half a ton of marketable peppers were produced for every 80 (𝑚2). The plants
effectively converted their robust vegetative basis into a sizable harvest while maintaining a healthy
balance between leaves and fruit during the final ripening period. Table 3.6 shows the benefits of
integrating a microgrid into a greenhouse system at all growth stages. Through energy trading, the
system continued to provide positive advantages even in the early stages (days 1–81) when there was no
fruit production, roughly 2272 (=C) during early growth and 1458 (=C) vegetatively. Fruit (34.55𝑘𝑔/𝑆𝑐)
arrives when flowering begins, and energy benefits remain at 1268 (=C). Everything peaks during the
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fruit development period (days 96–146), with 495 (𝑘𝑔/𝑆𝑐) of fruit output and 3774 (=C) in energy
benefits. In addition to an additional 1136 (=C) via grid exchange, the crop reaches 556 (𝑘𝑔/𝑆𝑐) total
fruit, with 511 (𝑘𝑔/𝑆𝑐) marketable by maturity. Unlike traditional greenhouses, which only make
money at harvest, this microgrid system generates cash continually while still producing more than
half a ton.

3.5 Conclusion
This study addressed the urgent need to improve water management and optimize energy consumption
in greenhouses while maintaining crop growth and yield. We proposed a novel control framework
based on model predictive control with a receding horizon to optimally manage greenhouse indoor
microclimate while coordinating energy and water flows for irrigation, artificial lighting, 𝐶𝑂2 enrich-
ment, dehumidification, ventilation, and heating. The optimization model incorporates uncertainties
from renewable generation and loads, weather forecasts, electricity prices, and a discrete reward-
based demand response scheme, enabling flexible operation throughout the entire growth cycle. The
microgrid-powered greenhouse offers two clear benefits: important crop yields from optimal micro-
climate growing conditions, plus extra revenue from selling excess renewable energy to the grid. This
dual advantage makes the approach both productive and economically viable.
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Chapter 4

Distributed Control ADMM
Algorithm for Connected Net
Zero-Energy Farms Integrated
Microgrids

This chapter addresses the limitations of conventional greenhouse management by developing a dis-
tributed optimization framework for networked agricultural systems (farms) integrated with micro-
grids. It identifies the research gap in existing approaches that treat microclimate parameters in
isolation and proposes a coordinated strategy that accounts for system-wide interdependencies. Sec-
tion 4.1 introduces the architectural design of interconnected net-zero energy farms that comprise
greenhouses, residential buildings, and animal facilities. Section 4.2.2 presents the comprehensive
mathematical model governing the coupled dynamics of water, temperature, humidity, 𝐶𝑂2 concen-
tration, lighting, and ventilation within each greenhouse, along with power exchange constraints across
the network. The methodological approach is detailed in Section 1, which explains the distributed
optimization framework based on the Alternating Direction Method of Multipliers (ADMM) for real-
time coordination among farms. Section 4.3 the experimental setup and case study used to validate the
framework across multiple crop cycles under varying climatic conditions. Results demonstrate signif-
icant improvements in energy efficiency, resource utilization, and operational scalability compared to
centralized and isolated optimization strategies, underscoring the benefits of cooperative management
in sustainable agriculture. The chapter concludes with a summary of findings and future research
directions in Section 4.4.

4.1 System architecture and modeling
The architectural framework is based on a network of collaborating farms that supply energy to an
integrated system of smart greenhouses, animal buildings, and residential buildings. The network of in-
terconnected farms is represented as a directed connected graph𝐺 = {𝑀; 𝐿}, where𝑀 = {𝑚1, . . . , 𝑀}
is the vertex set defining farms, and 𝐿 = {𝑙1, . . . , 𝐿} are the links. Each farm integrated microgrid
is connected to others, and at least one farm is linked to the main grid as shown in Fig.4.1. The
greenhouses within the farm are denoted as 𝐺𝐻 (𝑚, 𝑛). Within this framework, each farm-integrated
microgrid is composed of a set of intelligent greenhouses, residential and animal buildings, renew-
able energy generators (REG), advanced communication systems, a water reservoir, energy storage
inventory (ESI), and a connection to the main grid. The interconnection among farms streamlines
power exchanges, optimizing the utilization of local renewable resources. A power link establishes a
connection between the clustered farms and the main grid, enabling power exchange in instances of
excess or shortage, as described in Fig.4.2. Cooperative coordination is achieved through an advanced
bidirectional communication infrastructure, employing a centralized and distributed ADMM-based
algorithm approach to manage control signals. Each greenhouse operates as a microclimate unit,
fostering optimal crop development through features such as artificial lighting, a 𝐶𝑂2 generator, heat-
ing and cooling systems, pumps, and natural ventilation. The main objective of these farms is to
collaboratively balance power production and loads at the local network level.
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Figure 4.1: System design (centralized approach)

Figure 4.2: System design inside each farm(m).

4.1.1 Model of Renewable Energy Generators
In this study, photovoltaic (PV) panels and a wind turbine are employed as REG for energy production
in each farm (m).
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Wind Model

The wind turbine anticipated power production in each farm is calculated as follows[66]:

𝑝𝑤𝑖𝑛𝑑𝑚 (𝑡) =


0 𝑤𝑚 (𝑡) < 𝑤𝑎
𝑃𝑟𝑚 ( 𝑤𝑎

𝑤𝑎−𝑤𝑟
+ 1
𝑤𝑟−𝑤𝑎

𝑤𝑚 (𝑡)) 𝑤𝑎 ≤ 𝑤𝑚 (𝑡) ≤ 𝑤𝑟
𝑃𝑟𝑚 𝑤𝑟 ≤ 𝑤𝑚 (𝑡) ≤ 𝑤𝑏
0 𝑤𝑚 (𝑡) > 𝑤𝑏

(4.1)

where the wind turbine power generated and wind speed are denoted by 𝑝𝑤𝑖𝑛𝑑𝑚(𝑡) (𝑘𝑊) and 𝑤𝑚(𝑡)
(𝑚/𝑠), respectively. The turbine rated power is 𝑃𝑟𝑚 (𝑘𝑊). For cut-in, rated, and cut-out wind speeds,
respectively, use 𝑤𝑎, 𝑤𝑟 , and 𝑤𝑐 (𝑚/𝑠).

PV Model

The PV system’s power output for every farm can be calculated using the formula below[76]:

𝑃
pv
𝑚 (𝑡) = 𝐴pv 𝜂pv 𝑃 𝑓 𝜂pc𝐺𝑚 (𝑡) (4.2)

where 𝜂pv and 𝜂pc are module reference efficiency and power conditioning efficiency, respectively.
𝐴pv represents the solar cell array area (𝑚2), 𝐺𝑚 (𝑡) is the solar irradiance, and 𝑃 𝑓 is the packing
factor.

4.1.2 Model of Water Reservoirs and Pumps
The dynamics of the water reservoir available in m-th farm is defined as follows:

𝐿𝑣𝑟𝑚 (𝑡 + Δ𝑡) = 𝐿𝑣𝑟𝑚 (𝑡) + [𝑄𝑚 (𝑡) −𝑄
𝑔ℎ
𝑚 (𝑡) −𝑄𝑎𝑏𝑚 (𝑡)]Δ𝑡 (4.3)

where 𝐿𝑣𝑟𝑚 (𝑡) is the volume of water in the reservoir(𝑚3). 𝑄𝑚 (𝑡) defines the water flows entering each
reservoir in m-th farm (𝑚3/𝑠), and𝑄𝑔ℎ𝑚 (𝑡) defines the sum of the water flows entering each greenhouse
in m-th farm.

𝑄
𝑔ℎ
𝑚 (𝑡) =

𝑁∑︁
𝑛=1

𝑄
𝑔ℎ
𝑚,𝑛 (𝑡) (4.4)

𝑄𝑎𝑏𝑚 (𝑡) is the water flow entering the animal building.
The water flows are determined as a function of the power consumed by the pumps [77]:

𝑄𝑚 (𝑡) =
𝑢
𝑚𝑝
𝑚 (𝑡)

𝜌𝑤𝑔ℎ
𝑚𝑝
𝑚

𝜂
𝑚𝑝
𝑚 , 𝑄

𝑔ℎ
𝑚,𝑛 (𝑡) =

𝑢
𝑙 𝑝
𝑚,𝑛 (𝑡)

𝜌𝑤𝑔ℎ
𝑔ℎ
𝑚,𝑛

𝜂
𝑙 𝑝
𝑛 , 𝑄𝑎𝑏𝑚 (𝑡) =

𝑢𝑎𝑏𝑚 (𝑡)
𝜌𝑤𝑔ℎ

𝑎𝑏
𝑚

𝜂𝑎𝑚 (4.5)

where 𝜌𝑤 is the water density (𝑘𝑔/𝑚3) and 𝑔 is the gravity acceleration constant (𝑚/𝑠2), 𝜂𝑚𝑝𝑚,
𝜂𝑙 𝑝𝑛, and 𝜂𝑎𝑚 are the pump efficiencies of master and local pumps at each farm, greenhouse, and
animal building; ℎ𝑚𝑝𝑚 is the difference in level height between the reservoirs of each farm and source
of water (𝑚). ℎ𝑔ℎ𝑚, 𝑛 is the difference in height between the reservoir and plants of each greenhouse
at the same farm (𝑚), and ℎ𝑎𝑏𝑚 is the difference in height between the reservoir and small tank
existing at the animal building of each farm (𝑚). 𝑢𝑚𝑝𝑚(𝑡) is the power consumed by the master pump
that pumps water from water source to reservoir at the m-th farm (𝑘𝑊). 𝑢𝑙 𝑝𝑚, 𝑛(𝑡) and 𝑢𝑎𝑏𝑚 (𝑡) are
the powers consumed by the local pumps in order to pump water from reservoirs to greenhouses and
animal buildings of each farm (𝑘𝑊).

4.1.3 Model of Thermal Comfort
Each greenhouse contains an HVAC system that is in charge of regulating the thermal comfort. It is
important to note that the thermal comfort for residential and animal buildings is modeled for a single
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zone considered as a large room, rather than accounting for all individual zones within the buildings.
The dynamics of the internal temperatures are defined as follows[78]:

𝑇
𝑖𝑛,𝑔ℎ
𝑚,𝑛 (𝑡 + Δ𝑡) = 𝑇 𝑖𝑛,𝑔ℎ𝑚,𝑛 (𝑡) −

Δ𝑡

𝑅
𝑔ℎ
𝑛 𝐶

𝑔ℎ
𝑛

((𝑇 𝑖𝑛,𝑔ℎ𝑚,𝑛 (𝑡) − 𝑇𝑜𝑢𝑡𝑚 (𝑡)) + 𝜂
𝑔ℎ
𝑛 𝑅

𝑔ℎ
𝑛 𝑢

ℎ,𝑔ℎ
𝑚,𝑛 (𝑡)) (4.6)

𝑇 𝑖𝑛,𝑟𝑏𝑚 (𝑡 + Δ𝑡) = 𝑇 𝑖𝑛,𝑟𝑏𝑚 (𝑡) − Δ𝑡

𝑅𝑟𝑏𝑚 𝐶
𝑟𝑏
𝑚

((𝑇 𝑖𝑛,𝑟𝑏𝑚 (𝑡) − 𝑇𝑜𝑢𝑡𝑚 (𝑡)) + 𝜂𝑟𝑏𝑚 𝑅𝑟𝑏𝑚 𝑢ℎ,𝑟𝑏𝑚 (𝑡)) (4.7)

𝑇 𝑖𝑛,𝑎𝑏𝑚 (𝑡 + Δ𝑡) = 𝑇 𝑖𝑛,𝑎𝑏𝑚 (𝑡) − Δ𝑡

𝑅𝑎𝑏𝑚 𝐶
𝑎𝑏
𝑚

(𝑇 𝑖𝑛,𝑎𝑏𝑚 (𝑡) − 𝑇𝑜𝑢𝑡𝑚 (𝑡)) + 𝜂𝑎𝑏𝑚 𝑅𝑎𝑏𝑚 𝑢
ℎ,𝑎𝑏
𝑚 (𝑡)) (4.8)

where 𝑇𝑜𝑢𝑡𝑚 (𝑡) is the outdoor temperature of the farms (◦𝐶), 𝑇 𝑖𝑛,𝑔ℎ𝑚,𝑛 (𝑡), 𝑇 𝑖𝑛,𝑟𝑏𝑚 (𝑡), and 𝑇 𝑖𝑛,𝑎𝑏𝑚 (𝑡) are the
indoor temperatures in greenhouses, residential buildings, and animal buildings, respectively (◦𝐶).
𝑅𝑔ℎ𝑛 (◦𝐶/𝑘𝑊), 𝑅𝑟𝑏𝑚 (◦𝐶/𝑘𝑊), and 𝑅𝑎𝑏𝑚 (◦𝐶/𝑘𝑊) are the thermal resistances of HVAC systems
used, 𝐶𝑔ℎ𝑛 (𝑘𝑊Δ𝑡/◦𝐶), 𝐶𝑟𝑏𝑚 (𝑘𝑊Δ𝑡/◦𝐶), and 𝐶𝑎𝑏𝑚 (𝑘𝑊Δ𝑡/◦𝐶) are the thermal capacities of the
HVAC systems, 𝜂𝑔ℎ𝑛, 𝜂𝑟𝑏𝑚, and 𝜂𝑎𝑏𝑚 are the coefficients of performance of the m,n-th HVAC unit
(positive for cooling and negative for heating), and 𝑢ℎ𝑚, 𝑛(𝑡) (𝑘𝑊), 𝑢ℎ,𝑟𝑏𝑚(𝑡) (𝑘𝑊), and 𝑢ℎ,𝑎𝑏𝑚(𝑡)
(𝑘𝑊) are the power consumed by HVAC systems in greenhouses, residential buildings, and animal
buildings, respectively.

It is important to note that the greenhouse design, material conductivity, and thickness determine
the thermal resistance of the greenhouse covering material. The same is true for residential and animal
structures.

𝑅
𝑔ℎ
𝑛 =

𝑒
𝑔ℎ
𝑛

𝑆
𝑔ℎ
𝑛 · 𝑘𝑔ℎ𝑛

, 𝑅𝑟𝑏𝑚 =
𝑒𝑟𝑏𝑚

𝑆𝑟𝑏𝑚 · 𝑘𝑟𝑏𝑚
, 𝑅𝑎𝑏𝑚 =

𝑒𝑎𝑏𝑚

𝑆𝑎𝑏𝑚 · 𝑘𝑎𝑏𝑚
(4.9)

where 𝑒𝑔ℎ𝑛 is glazing material thickness used for greenhouses (𝑚), 𝑒𝑟𝑏𝑚, 𝑒𝑎𝑏𝑚 are the material
thickness of walls in residential and animal buildings (𝑚). 𝑆𝑔ℎ𝑚, 𝑛 (𝑚2), 𝑆𝑟𝑏𝑚 (𝑚2), 𝑆𝑎𝑏𝑚 (𝑚2)
are the areas of greenhouses and areas of controllable zones in residential, animal buildings, and
𝑘𝑔ℎ𝑛 (𝑘𝑊/𝑚 ·◦ 𝐶), 𝑘𝑟𝑏𝑚 (𝑘𝑊/𝑚 ·◦ 𝐶), 𝑘𝑎𝑏𝑚 (𝑘𝑊/𝑚 ·◦ 𝐶) are the materials conductivity used in
greenhouses, residential, and animal buildings.

4.1.4 Model of Air Circulation
air circulation significantly influences the greenhouse environment, necessitating the maintenance of
a consistent climate throughout the structure [79, 80]. The described ventilation air flow rate is as
follows:

𝑜𝑣𝑒𝑛𝑡𝑚,𝑛 (𝑡) =
𝐴𝑣𝑜𝑚,𝑛

𝑆
𝑔ℎ
𝑚,𝑛

𝑤𝑚 (𝑡)𝐷 (𝛼𝑚,𝑛 (𝑡)) · 3600 (4.10)

where 𝐴𝑣𝑜𝑚,𝑛 is the Vent opening of the n-th greenhouse (𝑚2), 𝑤𝑚 is the wind speed in the m-th farm
(𝑚/𝑠) and 𝐷 (𝛼𝑚,𝑛 (𝑡)) represents the angle of the window which is defined as:

𝐷 (𝛼𝑚,𝑛 (𝑡)) = 0.0229 · (1 − 𝑒 (
−𝛼𝑚,𝑛 (𝑡 )

21,1 ) ) (4.11)

4.1.5 Model of Humidity
Optimal humidity is vital for crops development. High humidity leads to issues like tissue damage
and disease spread, while low humidity stresses plants and hampers photosynthesis. Monitoring and
controlling humidity are essential for creating an ideal climate for crops development. This aspect is
commonly referred to as[81]:

𝐻𝑖𝑛𝑚,𝑛 (𝑡 + Δ𝑡) =
𝐿
𝑖𝑛,𝑔ℎ
𝑚,𝑛 (𝑡 + Δ𝑡) · 𝑃𝑎𝑡𝑚

𝑐1 − (𝑐3𝑒𝑐4𝑇
in,𝑔ℎ
𝑚,𝑛 (𝑡+Δ𝑡 ) − 𝑐2) · 𝑐5

· 100% (4.12)

where 𝐻𝑖𝑛𝑡𝑚,𝑛 (𝑡) represent the level of humidity indoors in the greenhouse, 𝑃𝑎𝑡𝑚 is the atmospheric
air pressure and 𝑐1...𝑐5 are constants. Applying the mass balance theory involves simulating indoor
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air and water content. This simulation accounts for factors like moisture released through natural air
ventilation and water introduced or extracted by the dehumidifier or fogger. The process is outlined as
follows:

𝐿
𝑖𝑛,𝑔ℎ
𝑚,𝑛 (𝑡 + Δ𝑡) = 𝐿

𝑖𝑛,𝑔ℎ
𝑚,𝑛 (𝑡) +

Δ𝑡.𝑆
𝑔ℎ
𝑚,𝑛

𝑉
𝑔ℎ
𝑚,𝑛𝜌

𝑎
[𝐶𝑒𝑣𝑟 + 𝑜𝑣𝑒𝑛𝑡𝑚,𝑛 (𝑡) (𝐿𝑜𝑢𝑡𝑚 (𝑡)

− 𝐿𝑖𝑛,𝑔ℎ𝑚,𝑛 (𝑡))] + 𝛼 𝑓 𝑜𝑔𝑚,𝑛 (𝑡)𝐿 𝑓 𝑜𝑔max(𝑚,𝑛)𝑆
𝑔ℎ
𝑚,𝑛 − 𝛼𝑑𝑒ℎ𝑚,𝑛 (𝑡)𝐿𝑑𝑒ℎmax(𝑚,𝑛)𝑆

𝑔ℎ
𝑚,𝑛

(4.13)

where 𝑆𝑔ℎ𝑚,𝑛, 𝑉
𝑔ℎ
𝑚,𝑛 are the area and volumes of each greenhouse in m-th farm, 𝐶𝑒𝑣𝑟 is the amount of

crop evaporation. 𝜌𝑎 is air density, 𝛼 𝑓 𝑜𝑔𝑚,𝑛 (𝑡) is the operation status of fogger, 𝐿𝑑𝑒ℎmax(𝑚,𝑛) and 𝐿 𝑓 𝑜𝑔max(𝑚,𝑛)
are the maximum system water flow rates of the dehumidifier and fogger. 𝛼𝑑𝑒ℎ𝑚,𝑛 (𝑡) is the operation
status of the dehumidifier and 𝐿𝑜𝑢𝑡𝑚 (𝑡) is the water content outside can be calculated by:

𝐿𝑜𝑢𝑡𝑚 (𝑡) =
𝑐5𝐻

𝑜𝑢𝑡
𝑚 (𝑡)
𝑃𝑎𝑡𝑚

𝑐1 · (𝑐3𝑒
𝑐4𝑇

𝑜𝑢𝑡,𝑔ℎ
𝑚,𝑛 (𝑡 ) − 𝑐2) (4.14)

where 𝐻𝑜𝑢𝑡𝑚 (𝑡) represents the level of humidity outdoors of the greenhouse. The powers consumed
by fogging and dehumidification 𝑢 𝑓 𝑜𝑔𝑚,𝑛 (𝑡), 𝑢𝑑𝑒ℎ𝑚,𝑛 (𝑡) are described as follows:

𝑢
𝑓 𝑜𝑔
𝑚,𝑛 (𝑡) = 𝛼 𝑓 𝑜𝑔𝑚,𝑛 (𝑡) · 𝑃 𝑓 𝑜𝑔𝑚,𝑛 (4.15)

𝑢𝑑𝑒ℎ𝑚,𝑛 (𝑡) = 𝛼𝑑𝑒ℎ𝑚,𝑛 (𝑡) · 𝑃𝑑𝑒ℎ𝑚,𝑛 (4.16)

where 𝑃 𝑓 𝑜𝑔𝑚,𝑛 ,𝑃𝑑𝑒ℎ𝑚,𝑛 are the rated powers of the fogger system and dehumidifier.

4.1.6 Model of 𝐶𝑂2 Concentration
The amount of 𝐶𝑂2 in the atmosphere has a significant impact on crop development. 𝐶𝑂2 concentra-
tion can impact photosynthesis in plants. Increasing 𝐶𝑂2 levels can increase crop productivity[82].
The model for 𝐶𝑂2 concentration is modeled as.

𝑍𝐶𝑂2 ,int
𝑚,𝑛 (𝑡 + Δ𝑡) = 𝑍𝐶𝑂2 ,int

𝑚,𝑛 (𝑡) + Δ𝑡

𝑉
𝑔ℎ
𝑚,𝑛𝜌

𝑎
[𝑆𝑔ℎ𝑚,𝑛.𝛼𝐶𝑂2

𝑚,𝑛 (𝑡)𝐶
𝑖𝑛 𝑗
max + 𝜌𝑎𝑆

𝑔ℎ
𝑚,𝑛𝑜

𝑣𝑒𝑛𝑡
𝑚,𝑛 (𝑡) (𝑍𝐶𝑂2 ,𝑜𝑢𝑡

𝑚 (𝑡)

− 𝑍𝐶𝑂2 ,int
𝑚,𝑛 (𝑡 + Δ𝑡) + 𝑆𝑔ℎ𝑚,𝑛𝐶𝑟𝑒𝑠 (𝑐6 + 𝑐7𝑇

𝑖𝑛,𝑔ℎ
𝑚,𝑛 (𝑡)) −

𝐶 𝑝ℎ𝑜𝑡 𝐼𝑙𝑚 (𝑡)𝑆
𝑔ℎ
𝑚,𝑛

𝑅
𝑔ℎ
𝑚,𝑛

]

(4.17)
where 𝑍𝐶𝑂2,𝑖𝑛𝑡

𝑚,𝑛 (𝑡), 𝑍𝑚𝐶𝑂2,𝑜𝑢𝑡 (𝑡) are the greenhouse’s internal and external 𝐶𝑂2 concentrations
(𝑝𝑝𝑚), 𝐶𝑖𝑛 𝑗max is the maximum carbon that a 𝐶𝑂2 generator may introduce (𝑘𝑔/𝑚2), 𝐶𝑟𝑒𝑠 Respiration
coefficient of crops (𝑘𝑔/(𝑚2ℎ𝐾)), 𝐶 𝑝ℎ𝑜𝑡 Photosynthesis coefficient of crops (𝑘𝑔/𝑊ℎ), 𝐼𝑙𝑚(𝑡) is
outdoor sunlight intensity (𝑊/𝑚2), 𝛼𝐶𝑂2𝑚, 𝑛(𝑡) is the 𝐶𝑂2 enrichment’s state of operation, and 𝐶6
(− − −), 𝐶7 (𝑊/𝑚𝐾) are constants. The power consumed by the 𝐶𝑂2 injector 𝑢𝐶𝑂2

𝑚,𝑛 (𝑡) in the n-th
greenhouse at the m-th farm is modeled as follows: (𝑘𝑊)

𝑢𝐶𝑂2
𝑚,𝑛 (𝑡) = 𝛼𝐶𝑂2

𝑚,𝑛 (𝑡) · 𝑃𝐶𝑂2
𝑚,𝑛 (4.18)

where 𝑃𝐶𝑂2
𝑚,𝑛 is the 𝐶𝑂2 generator rated power.

4.1.7 Model of Light Intensity
Greenhouses use artificial lighting, particularly when natural light is insufficient. Light-emitting diodes
(LEDs) are favored for their technical advantages, but their design requires careful consideration of
unique specifications with a paramount focus on ensuring the necessary flux, which involves[83]:

𝑢𝑙𝑚,𝑛 (𝑡) =
𝐸
𝑙𝑖𝑔ℎ𝑡
𝑚,𝑛 (𝑡)
𝜂𝑙

(4.19)

𝐸
𝑙𝑖𝑔ℎ𝑡
𝑚,𝑛 (𝑡) = 𝑙int

𝑚,𝑛 (𝑡) · 𝑆
𝑔ℎ
𝑚,𝑛 (4.20)

where 𝜂𝑙 is the LED efficiency (𝑙𝑚/𝑊) and 𝑙𝑚, 𝑛int (𝑡) is the light intensity (𝐿𝑢𝑥) and 𝑢𝑙𝑚,𝑛 (𝑡)
represents the power consumed by artificial lighting in each greenhouse of the m farm (𝑘𝑊).
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4.1.8 Energy Balance
By enabling power exchange with the main grid via a dedicated link, energy surpluse or deficit
inside the microgrids are balanced, preserving production and consumption equilibrium amongst the
networked farms. The dynamic of energy balance for m-th smart farm is defined as follows:

𝑥𝑚 (𝑡 + Δ𝑡) = 𝑎𝑚𝑥𝑚 (𝑡) +
𝐿∑︁
𝑙=1

𝑏 (𝑚,𝑙) 𝑓𝑙 (𝑡)Δ𝑡 + 𝑃𝐵𝑚 (𝑡)Δ𝑡 (4.21)

𝑃𝐵𝑚 (𝑡) = 𝑝𝑅𝐸𝐺𝑚 (𝑡) − 𝑢𝑚𝑝𝑚 (𝑡) −
𝑁∑︁
𝑛=1

𝑢
𝑙 𝑝
𝑚,𝑛 (𝑡) − 𝑢𝑎𝑏𝑚 (𝑡) −

𝑁∑︁
𝑛=1

𝑢ℎ𝑚,𝑛 (𝑡)

− 𝑢ℎ,𝑟𝑏𝑚 (𝑡) − 𝑢ℎ,𝑎𝑏𝑚 (𝑡) −
𝑁∑︁
𝑛=1

𝑢𝑙𝑚,𝑛 (𝑡) −
𝑁∑︁
𝑛=1

𝑢𝐶𝑂2
𝑚,𝑛 (𝑡) −

𝑁∑︁
𝑛=1

𝑢
𝑓 𝑜𝑔
𝑚,𝑛 (𝑡) −

𝑁∑︁
𝑛=1

𝑢𝑑𝑒ℎ𝑚,𝑛 (𝑡)
(4.22)

Where 𝑥𝑚 (𝑡) represents the energy storage inventory of the m-th farm at time (t) (𝑘𝑊ℎ), 𝑎𝑚 is a scalar
that represents the efficiency of the energy storage technology at the m-th farm, where 0 < 𝑎𝑚 < 1 and
𝑓𝑙 (𝑡) is power flow exchanged between farms and the grid through the l-th link (𝑘𝑊), 𝑏 (𝑚,𝑙) is a matrix
that describes the m-farm’s network link topology, 𝑃𝐵𝑚 (𝑡) is the vector stating the power balance in the
m farm (𝑘𝑊), 𝑝𝑅𝐸𝐺𝑚(𝑡) is the sum of renewable power production by photovoltaic panels 𝑝𝑝𝑣𝑚(𝑡)
(𝑘𝑊) and wind turbine 𝑝𝑤𝑖𝑛𝑑𝑚 (𝑡) (𝑘𝑊) in the m-th farm.

4.2 Optimization Problem

4.2.1 Centralized Approach
The aim is to create an optimal microclimate for sustainable crop growth in greenhouses and ensure
thermal comfort for residential and animal buildings across the farm network. This is achieved by
minimizing deviations from reference standards and reducing fluctuations in power exchange between
farms. The objective function is defined as follows:

𝐹 =

𝑇−1∑︁
𝑡=0

𝐿∑︁
𝑙=1

𝑍 (𝑙,𝑙) ( 𝑓𝑙 (𝑡)) +
𝑇−1∑︁
𝑡=0

𝑀∑︁
𝑚=1

𝜉1 (𝑇 𝑖𝑛,𝑟𝑏𝑚 (𝑡) − 𝑇 𝑖𝑛,𝑟𝑏𝑚 (𝑡))2

+ 𝜉2 (𝑄𝑎𝑛𝑚 (𝑡) − 𝑄̄𝑎𝑛,𝑖𝑛𝑚 (𝑡))2 + 𝜉3 (𝑇 𝑖𝑛,𝑎𝑏𝑚 (𝑡) − 𝑇 𝑖𝑛,𝑎𝑏𝑚 (𝑡))2+
𝑇−1∑︁
𝑡=0

𝑀∑︁
𝑚=1

𝑁∑︁
𝑛=1

𝜉4 (𝑄𝑔ℎ𝑚,𝑛 (𝑡) − 𝑄̄𝑔ℎ𝑚,𝑛 (𝑡))2 + 𝜉5 (𝑇 𝑖𝑛,𝑔ℎ𝑚,𝑛 (𝑡) − 𝑇 𝑖𝑛,𝑔ℎ𝑚,𝑛 (𝑡))2

+ 𝜉6 (𝐻𝑖𝑛𝑚,𝑛 (𝑡) − 𝐻̄𝑖𝑛𝑚,𝑛 (𝑡))2 + 𝜉7 (𝑢𝑙𝑚,𝑛 (𝑡) − 𝑢̄𝑙𝑚,𝑛 (𝑡))2

+ 𝜉8 (𝑍𝐶𝑂2
𝑚,𝑛 (𝑡) − 𝑍̄𝐶𝑂2

𝑚,𝑛 (𝑡))2

(4.23)

in which 𝑍 (𝑙,𝑙) is the cost of the power in each link represented by a diagonal matrix with identical
elements equal to 0.001. 𝑇 𝑖𝑛,𝑟𝑏𝑚 is the desired temperature inside residential buildings, 𝑇 𝑖𝑛,𝑎𝑏𝑚 . 𝑄̄𝑖𝑛,𝑎𝑏𝑚

are the desired temperatures and water inside animal buildings. 𝑄̄𝑔ℎ𝑚,𝑛, 𝑇
𝑖𝑛,𝑔ℎ
𝑚,𝑛 , 𝐻̄𝑖𝑛𝑚,𝑛, 𝑢̄𝑙𝑚,𝑛, 𝑍̄𝐶𝑂2

𝑚,𝑛 are
the desired water, temperature, humidity, lighting, and 𝐶𝑂2 concentration inside each greenhouse at
m-th farms, respectively, and 𝜉1,...,𝜉8 are weighting parameters that are used to trade off the various
components of the objective function. All objectives in this study are assumed to have the same
priority since all weighting parameters have the same value, which is 1.

Constraints governing the problem

• Water flows and reservoir
The reservoir’s top and lower limitations should be met by the water flow and the water stored
there:

𝐿𝑣𝑟
𝑚,min ≤ 𝐿

𝑣𝑟
𝑚 (𝑡) ≤ 𝐿𝑣𝑟𝑚,max ∀𝑚, 𝑡. (4.24)
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𝑄
𝑔ℎ,min
𝑚,𝑛 ≤ 𝑄𝑔ℎ𝑚,𝑛 (𝑡) ≤ 𝑄𝑔ℎ,max

𝑚,𝑛 ∀𝑚, 𝑛, 𝑡. (4.25)

𝑄𝑎𝑏,min
𝑚 ≤ 𝑄𝑎𝑏𝑚 (𝑡) ≤ 𝑄𝑎𝑏,max

𝑚 ∀𝑚, 𝑡. (4.26)

𝑢
𝑚𝑝,min
𝑚 ≤ 𝑢𝑚𝑝𝑚 (𝑡) ≤ 𝑢𝑚𝑝,max

𝑚 ∀𝑚, 𝑡. (4.27)

𝑢
𝑙 𝑝,min
𝑚,𝑛 ≤ 𝑢𝑙 𝑝𝑚,𝑛 (𝑡) ≤ 𝑢𝑙 𝑝,max

𝑚,𝑛 ∀𝑚, 𝑛, 𝑡. (4.28)

𝑢𝑎𝑏,min
𝑚 ≤ 𝑢𝑎𝑏𝑚 (𝑡) ≤ 𝑢𝑎𝑏,max

𝑚 ∀𝑚, 𝑡. (4.29)

• Temperature
The greenhouse’s interior temperature is constrained by lower and upper bounds:

𝑇
𝑖𝑛,𝑔ℎ

𝑚,𝑛,min ≤ 𝑇
𝑖𝑛,𝑔ℎ
𝑚,𝑛 (𝑡) ≤ 𝑇 𝑖𝑛,𝑔ℎ𝑚,𝑛,max ∀𝑚, 𝑛, 𝑡. (4.30)

𝑢ℎ,min
𝑚,𝑛 ≤ 𝑢ℎ𝑚,𝑛 (𝑡) ≤ 𝑢ℎ,max

𝑚,𝑛 ∀𝑚, 𝑛, 𝑡. (4.31)

𝑇
𝑖𝑛,𝑟𝑏

𝑚,min ≤ 𝑇
𝑖𝑛,𝑟𝑏
𝑚 (𝑡) ≤ 𝑇 𝑖𝑛,𝑟𝑏𝑚,max ∀𝑚, 𝑡. (4.32)

𝑢ℎ,𝑟𝑏min
𝑚 ≤ 𝑢ℎ,𝑟𝑏𝑚 (𝑡) ≤ 𝑢ℎ,𝑟𝑏,max

𝑚 ∀𝑚, 𝑡. (4.33)

𝑇
𝑖𝑛,𝑎𝑛

𝑚,min ≤ 𝑇
𝑖𝑛,𝑎𝑛
𝑚 (𝑡) ≤ 𝑇 𝑖𝑛,𝑎𝑛𝑚,max ∀𝑚, 𝑡. (4.34)

𝑢ℎ,𝑎𝑏min
𝑚 ≤ 𝑢ℎ,𝑎𝑏𝑚 (𝑡) ≤ 𝑢ℎ,𝑎𝑏,max

𝑚 ∀𝑚, 𝑡. (4.35)

• Humidity, fogging and dehumidification systems
The greenhouse’s humidity is limited by upper and lower boundaries, which is comparable to
meeting the following restrictions.

𝐻𝑖𝑛,min
𝑚,𝑛 ≤ 𝐻𝑖𝑛𝑚,𝑛 (𝑡) ≤ 𝐻𝑖𝑛,min

𝑚,𝑛 ∀𝑚, 𝑛, 𝑡. (4.36)

𝐿𝑖𝑛,min
𝑚,𝑛 ≤ 𝐿𝑖𝑛𝑚,𝑛 (𝑡) ≤ 𝐿𝑖𝑛,max

𝑚,𝑛 ∀𝑚, 𝑛, 𝑡. (4.37)

𝑢𝑑𝑒ℎmin
𝑚,𝑛 ≤ 𝑢𝑑𝑒ℎ𝑚,𝑛 (𝑡) ≤ 𝑢𝑑𝑒ℎ,max

𝑚,𝑛 ∀𝑚, 𝑛, 𝑡. (4.38)

𝑢
𝑓 𝑜𝑔min
𝑚,𝑛 ≤ 𝑢 𝑓 𝑜𝑔𝑚,𝑛 (𝑡) ≤ 𝑢 𝑓 𝑜𝑔,max

𝑚,𝑛 ∀𝑚, 𝑛, 𝑡. (4.39)

• 𝐶𝑂2 concentration
Every time slot’s 𝐶𝑂2 concentration inside the greenhouse is controlled by upper and lower
limitations.

𝑍
𝐶𝑜2,𝑖𝑛𝑡
𝑚,𝑛,min ≤ 𝑍

𝐶𝑜2,𝑖𝑛𝑡
𝑚,𝑛 (𝑡) ≤ 𝑍𝐶𝑜2,𝑖𝑛𝑡

𝑚,𝑛,min ∀𝑚, 𝑛, 𝑡. (4.40)

𝑢𝐶𝑂2 min
𝑚,𝑛 ≤ 𝑢𝐶𝑂2

𝑚,𝑛 (𝑡) ≤ 𝑢𝐶𝑂2 ,max
𝑚,𝑛 ∀𝑚, 𝑛, 𝑡. (4.41)

• Air circulation
The proposed approach uses the window opening angle, which is restricted between upper and
lower bounds, to regulate the ventilation operation.

𝛼𝑚,𝑛min ≤ 𝛼𝑚,𝑛 (𝑡) ≤ 𝛼𝑚,𝑛max ∀𝑚, 𝑛, 𝑡. (4.42)

𝑜𝑣𝑒𝑛𝑡,min
𝑚,𝑛 ≤ 𝑜𝑣𝑒𝑛𝑡𝑚,𝑛 (𝑡) ≤ 𝑜𝑣𝑒𝑛𝑡,max

𝑚,𝑛 ∀𝑚, 𝑛, 𝑡. (4.43)

• Artificial lighting
The greenhouse’s artificial lighting is managed by upper and lower restrictions for each time
slot.

𝛼𝑙𝑙
int

min ≤ 𝑙int
𝑚,𝑛 (𝑡) ≤ 𝛼𝑙𝑙 int

max (4.44)

𝛼𝑙 =

{
1 𝑖 𝑓 𝑙𝑖𝑛𝑡𝑚,𝑛 (𝑡) ≤ 𝑙𝑖𝑛𝑡min
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

}
(4.45)

𝑢𝑙,min
𝑚,𝑛 ≤ 𝑢𝑙𝑚,𝑛 (𝑡) ≤ 𝑢𝑙,max

𝑚,𝑛 ∀𝑚, 𝑛, 𝑡. (4.46)

in which 𝑙𝑖𝑛𝑡
𝑚𝑖𝑛

is the minimum light intensity.
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Figure 4.3: System Design Using (ADMM)

4.2.2 Distributed Approach
We initially used a centralized optimization approach, but it was computationally demanding and
slow, requiring significant processing power to solve the entire system as a single problem. Moreover,
centralized control is highly at risk in terms of robustness to failures; if a sensor fails, it can disrupt the
entire system. In contrast, the distributed approach with ADMM enhances scalability and resilience.
By dividing the problem into smaller, farm-specific subproblems, it reduces computational complexity
and ensures that if one farm encounters an issue, the others continue operating adequately. While
ADMM may not always fully converge due to model nonlinearity, it still provides results comparable
to the centralized approach with significantly improved speed and real-time performance.

ADMM Formulation

The general formulation of the algorithm is the following[84] :

min 𝑓 (𝑥) + 𝑔(𝑧)
𝑠.𝑡. 𝐴𝑥 + 𝐵𝑧 = 𝑐

(4.47)

where 𝑥, 𝑧 are variables and 𝑓 (𝑥), 𝑔(𝑧) are completely separated functions, sharing a common
equality constraint. As in the method of multipliers, the augmented Lagrangian is created in this way:

𝐿𝜌 (𝑥, 𝑧, 𝑦) = 𝑓 (𝑥) + 𝑔(𝑧) + 𝑦(𝐴𝑥 + 𝐵𝑧 − 𝑐) + 𝜌
2
| |𝐴𝑥 + 𝐵𝑧 − 𝑐 | |22 (4.48)

ADMM consists of the iterations. The solutions can be reached according to the following procedure.

𝑥𝑘+1 = arg min
𝑥
(𝐿𝜌 (𝑥, 𝑧𝑘 , 𝑦𝑘)) (4.49)

𝑧𝑘+1 = arg min
𝑧
((𝐿𝜌 (𝑥𝑘+1, 𝑧, 𝑦𝑘)) (4.50)

𝑦𝑘+1 = 𝑦𝑘 + 𝜌(𝐴𝑥𝑘+1 + 𝐵𝑧𝑘+1 − 𝐶) (4.51)
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In the case of the farm problem, the different 𝐹𝑚 functions are coupled by the power flow variable
𝑓𝑙 (𝑡). To separate these functions, as a convention, these variables are renamed as 𝑔𝑙 (𝑡) when they
enter a farm and left as 𝑓𝑙 (𝑡) when they are going out from a farm according to Fig.4.3. So, it is
possible to rewrite the objective as a sum of completely separated functions:

min
𝑀∑︁
𝑚=1

𝐹𝑚 ( 𝑓𝑙 (𝑡), 𝑔𝑙 (𝑡)) (4.52)

Where 𝐹𝑚 = 1...4 are the subproblems representing the individual objective functions of each farm
resulting from the distributed optimization, they are explained as follows:

𝐹𝑚1..4 =

𝑇−1∑︁
𝑡=0

𝐿∑︁
𝑙=1

𝑍𝑙,𝑙 [ 𝑓𝑙 (𝑡) + 𝑔𝑙 (𝑡)] +
𝑇−1∑︁
𝑡=0

𝜉1 (𝑇 𝑖𝑛,𝑟𝑏𝑚 (𝑡) − 𝑇 𝑖𝑛,𝑟𝑏𝑚 (𝑡))2

+ 𝜉2 (𝑄𝑎𝑛𝑚 (𝑡) − 𝑄̄𝑎𝑛,𝑖𝑛𝑚 (𝑡))2 + 𝜉3 (𝑇 𝑖𝑛,𝑎𝑏𝑚 (𝑡) − 𝑇 𝑖𝑛,𝑎𝑏𝑚 (𝑡))2+
𝑇−1∑︁
𝑡=0

𝑁∑︁
𝑛=1

𝜉4 (𝑄𝑔ℎ𝑚,𝑛 (𝑡) − 𝑄̄𝑔ℎ𝑚,𝑛 (𝑡))2 + 𝜉5 (𝑇 𝑖𝑛,𝑔ℎ𝑚,𝑛 (𝑡) − 𝑇 𝑖𝑛,𝑔ℎ𝑚,𝑛 (𝑡))2

+ 𝜉6 (𝐻𝑖𝑛𝑚,𝑛 (𝑡) − 𝐻̄𝑖𝑛𝑚,𝑛 (𝑡))2 + 𝜉7 (𝑢𝑙𝑚,𝑛 (𝑡) − 𝑢̄𝑙𝑚,𝑛 (𝑡))2

+ 𝜉8 (𝑍𝐶𝑂2
𝑚,𝑛 (𝑡) − 𝑍̄𝐶𝑂2

𝑚,𝑛 (𝑡))2

(4.53)

In this distributed approach, each farm model must still adhere to the original constraints (4.24...4.46)
to ensure their plans are viable. Consequently, we also need to add the following local constraints:
subject to

𝑇−1∑︁
𝑡=0

𝐿∑︁
𝑙=1

𝑓𝑙 (𝑡) =
𝑇−1∑︁
𝑡=0

𝐿∑︁
𝑙=1

𝑔𝑙 (𝑡) (4.54)

So, the following Lagrangian can be defined for this ADMM system:

𝐿𝜌 ( 𝑓𝑙 (𝑡), 𝑔𝑙 (𝑡), 𝑦) =
𝑇−1∑︁
𝑡=0

𝐿∑︁
𝑙=1

𝐹𝑚 ( 𝑓𝑙 (𝑡), 𝑔𝑙 (𝑡), 𝑦) + 𝑦𝑚.

𝑇−1∑︁
𝑡=0

𝐿∑︁
𝑙=1
( 𝑓𝑙 (𝑡) − 𝑔𝑙 (𝑡)) + 𝜌/2

𝑇−1∑︁
𝑡=0

𝐿∑︁
𝑙=1
( 𝑓𝑙 (𝑡) − 𝑔𝑙 (𝑡))2 ∀𝑚

(4.55)

The resulting ADMM algorithm is the following:

( 𝑓 𝑘+1
𝑙 (𝑡)) = arg min

𝑓𝑙 (𝑡 )

𝑇−1∑︁
𝑡=0

𝐿∑︁
𝑙=1

𝐹𝑚 ( 𝑓𝑙 (𝑡), 𝑔𝑘𝑙 (𝑡)) + 𝑦
𝑘
𝑚.

𝑇−1∑︁
𝑡=0

𝐿∑︁
𝑙=1
( 𝑓𝑙 (𝑡) − 𝑔𝑘𝑙 (𝑡)) + 𝜌/2

𝑇−1∑︁
𝑡=0

𝐿∑︁
𝑙=1
( 𝑓𝑙 (𝑡) − 𝑔𝑘𝑙 (𝑡))

2 ∀𝑚
(4.56)

(𝑔𝑘+1
𝑙 (𝑡)) = arg min

𝑔𝑙 (𝑡 )

𝑇−1∑︁
𝑡=0

𝐿∑︁
𝑙=1

𝐹𝑚 ( 𝑓 𝑘𝑙 (𝑡), 𝑔𝑙 (𝑡)) + 𝑦
𝑘
𝑚.

𝑇−1∑︁
𝑡=0

𝐿∑︁
𝑙=1

(
𝑓 𝑘𝑙 (𝑡) − 𝑔𝑙 (𝑡)

)
+ 𝜌/2

𝑇−1∑︁
𝑡=0

𝐿∑︁
𝑙=1

(
𝑓 𝑘𝑙 (𝑡) − 𝑔𝑙 (𝑡)

)2
∀𝑚

(4.57)

𝑦𝑘+1
𝑚 = 𝑦𝑘𝑚 + 𝜌( ( 𝑓 𝑘+1

𝑙 (𝑡)) − (𝑔𝑘+1
𝑙 (𝑡))) ∀𝑚 (4.58)

The ADMM-based distributed optimization algorithm is executed sequentially for each time step.
The algorithm uses a fixed penalty parameter 𝜌. At the start of a time step, it initializes the primal
variables ( 𝑓 0

𝑙
, 𝑔0
𝑙
) and the dual variables (𝑦0

𝑚) for each farm. In each iteration, farms update 𝑓𝑙 and 𝑔𝑙
by solving their local sub-problems to minimize the augmented Lagrangian. The Lagrange multiplier
𝑦𝑘𝑚 is updated to ensure consistency. This repeats until the difference between 𝑓 𝑘+1

𝑙
and 𝑔𝑘+1

𝑙
meets

a threshold or maximum iterations are reached, then proceeds to the next time step according to
Algorithm 3[85].
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Algorithm 3: ADMM-based Distributed Optimization

for time step 𝑡 = 1, 2, . . . , 𝑇 − 1. do
𝜌 = 10;
Initialize 𝑦0

𝑚 for each farm 𝑚 ∈ 𝑀;
Initialize 𝑓 0

𝑙
, 𝑔0
𝑙

for each power link 𝑙 ∈ 𝐿;
Set 𝑘 = 0 ;
repeat

𝑘 ← 𝑘 + 1 ;
for each farm 𝑚 (in parallel) do

for each 𝑙 of farm 𝑚 do
update by solving: 𝑓 𝑘+1

𝑙
= arg min 𝑓𝑙 𝐿𝜌 ( 𝑓𝑙, 𝑔𝑘𝑙 , 𝑦

𝑘
𝑚) ;

𝑔𝑘+1
𝑙

= arg min𝑔𝑙 𝐿𝜌 ( 𝑓 𝑘𝑙 , 𝑔𝑙, 𝑦
𝑘
𝑚) ;

update Lagrange multiplier: 𝑦𝑘+1
𝑚 = 𝑦𝑘𝑚 + 𝜌

(
𝑓 𝑘+1
𝑙
− 𝑔𝑘+1

𝑙

)
;

until ∥ 𝑓 𝑘+1
𝑙
− 𝑔𝑘+1

𝑙
∥2 ≤ 𝜖 Convergence or (𝑘 = 𝑘max);

𝑡 ← 𝑡 + 1 ;

4.3 Case Study and Numerical Results

4.3.1 Case Study and Application
In this particular case study, a simulation is conducted for a cooperative network comprising four
connected farms over a one-day period. The simulation takes into account real weather data from
four different sites, specifically on the 1st of July. Each individual farm is equipped with three smart
greenhouses cultivating various crops, an animal building housing different animals, and a residential
building; the parameters and settings for the system used in this simulation are all listed in that order
in Table 4.1.
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Table 4.1: System Components Parameters
𝑃𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 𝑉𝑎𝑙𝑢𝑒 𝑈𝑛𝑖𝑡

𝑃𝑟𝑚 12 ∀𝑚 ∈ 𝑀 [𝑘𝑊]
𝑤𝑎 1.5 [𝑚/𝑠]
𝑤𝑟 10 [𝑚/𝑠]
𝑤𝑐 35 [𝑚/𝑠]
𝐴𝑝𝑣 6 [𝑚2]
𝜂𝑝𝑣 0.20 [− − −]
𝑃 𝑓 0.90 [− − −]
𝜂𝑝𝑐 0.97 [− − −]
𝜌𝑤 1000 [𝑘𝑔/𝑚3]
𝑔 9.81 [𝑚/𝑠2]
ℎ
𝑚𝑝
𝑚 21, 12, 24, 8 [𝑚]
ℎ
𝑔ℎ
𝑛 7 ∀ 𝑛 ∈ 𝑁 [𝑚]
ℎ𝑎𝑏𝑚 5, 9, 6, 8 [𝑚]
𝑅
𝑔ℎ
𝑛 1.64 ∀ 𝑛 ∈ 𝑁 [◦C/kW]

𝐶
𝑔ℎ
𝑛 0.53 ∀ 𝑛 ∈ 𝑁 [𝑘𝑊Δ𝑡/◦C]
𝑅𝑟𝑏𝑚 1.33 ∀𝑚 ∈ 𝑀 [◦C/kW]
𝐶𝑟𝑏𝑚 3.3 ∀𝑚 ∈ 𝑀 [𝑘𝑊Δ𝑡/◦C]
𝑅𝑎𝑏𝑚 1.33 ∀𝑚 ∈ 𝑀 [◦C/kW]
𝐶𝑎𝑏𝑚 3.3 ∀𝑚 ∈ 𝑀 [𝑘𝑊Δ𝑡/◦C]
𝜂
𝑔ℎ
𝑛 2.5 ∀ 𝑛 ∈ 𝑁 [− − −]
𝜂𝑟𝑏𝑚 2.1 ∀𝑚 ∈ 𝑀 [− − −]
𝜂𝑎𝑏𝑚 2.1 ∀𝑚 ∈ 𝑀 [− − −]
𝐴𝑣𝑜𝑚,𝑛 1 ∀ 𝑛 ∈ 𝑁 [𝑚2]
𝑆
𝑔ℎ
𝑚,𝑛 80 ∀ 𝑛 ∈ 𝑁 [𝑚2]
𝑆𝑟𝑏𝑚 60 ∀𝑚 ∈ 𝑀 [𝑚2]
𝑆𝑎𝑏𝑚 60 ∀𝑚 ∈ 𝑀 [𝑚2]
𝑃𝑎𝑡𝑚 101325 [𝑃𝑎]
𝜌𝑎 1.225 [𝑘𝑔/𝑚3]
𝑉
𝑔ℎ
𝑚,𝑛 280 ∀ 𝑛 ∈ 𝑁 [𝑚3]
𝐶𝑒𝑣𝑟 0.12 [𝑘𝑔/𝑚2ℎ]
𝐿
𝑓 𝑜𝑔
𝑚𝑎𝑥,𝑛 0.0096 ∀ 𝑛 ∈ 𝑁 [𝑘𝑔/𝑚2ℎ]
𝐿𝑑𝑒ℎ𝑚𝑎𝑥,𝑛 0.145 ∀ 𝑛 ∈ 𝑁 [𝑘𝑔/(𝑚2ℎ)]
𝑃
𝑓 𝑜𝑔
𝑚,𝑛 3 ∀ 𝑛 ∈ 𝑁 [𝑘𝑊]
𝑃𝑑𝑒ℎ𝑚,𝑛 2.2 ∀ 𝑛 ∈ 𝑁 [𝑘𝑊]
𝐶1 100 [−−]
𝐶2 1.7001 [𝑃𝑎]
𝐶3 7.7835 [𝑃𝑎]
𝐶4 0.058 [𝐾−1]
𝐶5 0.6228 [(𝑘𝑔𝑤/𝑘𝑔𝑎)]
𝐶
𝑖𝑛 𝑗
max 0.8 × 10−3 [𝑘𝑔/𝑚2]

𝐶𝑟𝑒𝑠 1.22 × 10−6 [𝑘𝑔/(𝑚2ℎ𝐾)]
𝐶 𝑝ℎ𝑜𝑡 165.7 × 10−3 [𝑘𝑔/𝑊ℎ]
𝑃𝐶𝑂2
𝑚,𝑛 2 ∀ 𝑛 ∈ 𝑁 [𝑘𝑊]

𝐶6 -0.27 [−−]
𝐶7 0.05 [𝑊/𝑚𝐾]
𝐿𝑖𝑛𝑡𝑚,𝑛 5000 ∀ 𝑛 ∈ 𝑁 [𝐿𝑢𝑥]
𝐼𝑙min 50 [𝑊/𝑚2]
𝜂𝑙 200 [𝑙𝑚/𝑊]
𝑎𝑚 0.9 ∀𝑚 ∈ 𝑀 [− − −]
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An overview of the architectural layout of these farms is provided in Fig.4.1 and Fig.4.3 although
each farm comprises renewable energy production in the form of a PV system of 1 (𝑘𝑊) (Dimplex PV
4*250 (𝑊)), a wind turbine of 12 (𝑘𝑊), an energy storage inventory with a maximum capacity of 100
(𝑘𝑊ℎ), and a water reservoir of 50 (𝑚3), the efficiency of the master pumps is 0.9, and the local pumps
are thought to be the same, with an efficiency of 0.85. In each farm, the power produced by 𝑅𝐸𝐺 and
the ambient temperature, outdoor relative humidity, and 𝐶𝑂2 outdoor are represented, respectively,
in Figure 4.4. The generation of 𝑅𝐸𝐺 is the sum of powers in the deterministic component (using
measurements of solar (PV) and wind power model). Each farm has an outside temperature range of
34 (°C) to 50 (°C) and a renewable energy production of zero to 13 [𝑘𝑊]. While the outdoor 𝐶𝑂2
remains constant at 407.85 (ppm), the relative humidity varies from 35% to 80%.

The architecture of the cluster outlining the power links between the m-farm’s network topology
is described by the matrix b(m,l)[86]. As a convention, there is no restriction on the direction of power
exchange; the link is designed to distinguish between the two possible ways. The incidence matrix,
whose elements are 𝑏𝑚,𝑙 = -1 if the l-th connection is leaving the m-th farm, represents the topology
of the network. 1 If the l-th link is entering the m-th farm, then 0 ≤ 𝑏𝑚,𝑙 ≤1. When the l-th link is not
incident to the m-th farm, 𝑏𝑚,𝑙 = 0, otherwise.

b(𝑚, 𝑙) =

𝑚1
𝑚2
𝑚3
𝑚4

©­­­­«
𝑙1
−1

𝑙2
0

𝑙3
0

𝑙4
1

𝑙5
0

1 −1 0 0 0
0 1 −1 0 0
0 0 1 −1 −1

ª®®®®¬
Optimal greenhouses reference signals

In the first farm, the greenhouses GH(1,n), n ∈ [1,2], are set to have internal temperatures of 24 and
22 (°C) throughout the remainder of the day, but between 00:00 and 5:00, they are considered to be
respectively equal to 26 and 27 (°C). Although GH (1,3) has been designed to provide a constant
interior temperature of 25 (°C) all day, the temperature signal references for other GH (2,n) and GH
(3,n) are depicted in Fig.4.5. It is assumed that the desired water volume is 0.8, 1.8, and 1.2 (𝑚3) for
GH (2,n), GH (3,n) signals are presented in Fig. 4.8. The required illumination power reference in
GH(1,n) and n ∈ [1,3] is 4, 2.75, and 3 (𝑘𝑊) between 19:00 and 5:00, and equivalent to 0 (𝑘𝑊) outside
of that time in relation to GH(2,n), GH(3,n), the signal references can be seen in Fig.4.11.

In the fourth farm, the greenhouses GH(4,1) and GH(4,3) are set to have internal temperatures of
30 and 26 (°C), respectively, from 00:00 to 5:00, and 25 and 23 (°C) for the rest of the day. Although
GH (4,2) has been designed to provide a constant interior temperature of 28 (°C) all day, it is assumed
that the desired water volume is 1.5, 0.5, and 1.4 (𝑚3). For illumination, the required power in GH(4,n)
and n ∈ [1,3] is 2.5, 3, and 3.75 (𝑘𝑊) between 19:00 and 5:00, and equivalent to 0 (𝑘𝑊) outside of
that time. The relative humidity and 𝐶𝑂2 levels desired for every greenhouse are intended to maintain
an internal humidity of 0.65 (%) and 800 ppm of 𝐶𝑂2 at all times.

Residential and animal buildings reference signals

All residential buildings existing on every farm are set to have internal temperatures of 25 (°C) between
05:00 and 18:00 and 22 (°C) throughout the remainder of the day. for Animal building Each farm has
different temperatures in its animal buildings. The first animal building has a target temperature of
20 (°C) all day long. It is expected that throughout the day, the intended temperatures for the second
animal building (2), third animal building (3), and fourth animal building (4) will be 25 (°C), 22 (°C),
and 24 (°C), respectively. The projected amount of water needed for animal buildings 1, 2, 3, and 4
existing on each farm is two times a day, with a value of 2, 2.5, 2.75, and 3 (𝑚3), respectively, in the
hours of 09:45 to 10:00 and 15:45 to 16:00.

4.3.2 Numerical Results and Analysis
In order to validate and prove the energy management algorithm performance and efficacy through
detailed numerical findings, the optimization problem outlined in the preceding sections is performed
and applied to a case study. The constrained distributed optimization formulation is applied to
connected farms with smart greenhouses, residential buildings, and animal buildings. The ADMM-
based distributed optimization approach has been implemented using Python Pyomo and IPOPT
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Figure 4.4: Renewable power production, outdoor temperature, 𝐶𝑂2 and humidity in each
farm.

as a solver for the best optimization of the system operation, which is determined and examined
by comprehensive simulations for a few situations in order to satisfy the needed factors necessary
for plant growth, which are in this study temperature, water, lighting, humidity, and 𝐶𝑂2 for each
greenhouse, add to temperature and water for the animal building and temperature for the residential
building, and minimize the power exchange between farms. The optimal interior temperatures for
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Figure 4.5: Optimal indoor temperature in each greenhouse.

greenhouses on each farm are depicted in Fig. 4.5. It’s evident that the required temperature reference



4.3. Case Study and Numerical Results 71

has been accurately tracked well (particularly for GH(1,3), GH(2,2), GH(2,3), GH(3,3), and GH(4,2)),
thanks to the consistent temperature maintained throughout the day. Conversely, for the remaining
greenhouses, the indoor temperature closely matched the reference temperature, except for a minor
deviation observed between 5:15 and 6:00 a.m. A slight variance, akin to that seen in GH (1,2), was
noted. The ideal temperature reference range experiences a delay, shifting from 27(°C) to 22(°C). This
delay is typical, as it takes time for the HVAC system to cool down and reach the ideal temperature,
aligning it with the reference temperature. GH(1,1), GH(2,1), GH(3,1), GH(3,2), GH(4,1), and
GH(4,3) are all subject to this characteristic.

Figure 4.6: Optimal indoor temperature in residential and animal buildings and their power
consumption (kW) by HVAC’s.

In each farm’s residential zone, as shown in Fig(4.6-A-1), the internal temperatures closely follow
the desired references, with some delays. Specifically, there is a shift from 22(°C) to 25(°C) between
05:45 and 06:15 due to the influence of external temperatures. Similarly, another delay occurs when
the temperature decreases from 25(°C) to 22(°C) between 18:15 and 18:45. These delays are expected,
as the HVAC system requires time to adjust and reach the target temperature. It is evident that optimal
comfort is attained at the specific temperatures required for various animals housed within each animal
building, as depicted in Fig(4.6-A-2), despite the diverse temperature needs of the animals. The
optimal operations of HVAC systems in greenhouses are presented in Fig.4.7. It can be seen that the
HVAC systems initially operate at a lower cooling power level to fulfill the temperature requirements.
Notably, between 05:15 and 06:00, for GH(1,1), GH(1,2), GH(2,1), GH(3,1), GH(3,2), GH(4,1), and
GH(4,3), the HVAC systems consume more power for cooling, responding actively to fluctuations in
the temperature reference and dynamically adapting to the maximum outside temperatures during the
day period from 07:30 to 19:00.

Fig.(4.6-B-1) illustrates the optimal operation of HVAC systems in residential buildings. A
noticeable drop in HVAC activity occurs due to fluctuations in the temperature reference during
this period. During the daytime, the systems consume more power in response to peak outdoor
temperatures. Additionally, between 18:45 and 19:15, the HVAC adjusts its operation to track the
temperature shift from 25(°C) to 22(°C), ensuring optimal tracking of reference values. Regarding
the animal buildings, as shown in Fig.(4.6-B-2), the HVAC system consumes more power during the
daytime due to high outdoor temperatures. The performance of water demand tracking in GH(1,n),
where n ranges from 1 to 3, is presented in Fig.4.8. It can be seen that the water loads are fully satisfied.
The local pumps are effectively controlled and operate optimally in alignment with the water loads as
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Figure 4.7: power consumed by HVAC’s in each greenhouse (kW).
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Figure 4.8: Optimal tracking of the water references in GH(1,n) with their power consumption.

it is described in Fig.(4.8-D)This efficient control extends to other greenhouses, GH(m,n), where m
ranges from 2 to 4 and n ranges from 1 to 3, as well as to animal buildings. It is evident from Fig.4.9
that the water requirements are completely fulfilled.
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Figure 4.9: Optimal tracking of the water references in animal buildings.
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Figure 4.10: Optimal water is pumped into reservoirs with tier power consumption and level
water reservoirs at each farm.

Figure (4.10-A) presents the optimal water flows pumped by the master pumps from the water
source to each farm’s reservoir, along with their corresponding power consumption. A variation in
water flow between farms can be observed, which is attributed to differences in greenhouse water
demand and the varying water requirements of the animal buildings.

The optimal performance of the water storage reservoirs available on the farm is depicted in
Fig.(4.10-B). Assuming identical starting levels of 10 (𝑚3), we consider the water reservoirs to be
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comparable, each with a storage capacity of 50 (𝑚3). Additionally, it is observed that the activation
of local pumps serving the greenhouses coincides with the activation of main pumps feeding the
water reservoirs, even when artificial lighting is turned on. The water reservoirs on each farm exhibit
similar patterns, characterized by periodic charging and discharging phases following the activation
of local pumps. The graph illustrates how the trend and behavior of water storage are influenced by
the operation of local pumps, particularly by their cyclical activations, as well as by pumps in animal
buildings. Figure 4.11 illustrates the tracking of artificial lighting loads across all greenhouses in each
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Figure 4.11: Optimal tracking of the artificial lighting loads in each GH(m,n)

farm. Notably, all lighting requirements are met with the support of power purchased from the grid
via power link (5), as shown in Fig. (4.14-A). This reliance on grid power is particularly evident
during two periods, from 00:00 to 03:00 and 19:00 to 00:00, due to the lack of energy production,
especially the absence of photovoltaic (PV) sources during these hours. Fig.4.12 presents the tracking
performance of environmental variables at their optimal levels, including interior relative humidity and
𝐶𝑂2 concentration. The injected 𝐶𝑂2 concentration in the greenhouses closely follows the required
setpoint, showing minimal variation. The relative humidity remains stable at approximately 64.8
(%), aligning well with the reference for most greenhouses. However, humidity fluctuates between
65 (%) and 70 (%) in GH(1,2), GH(2,1), GH(3,1), and GH(4,3). This variation is primarily affected
by temperature drops, specifically from 27(°C) to 22(°C) in GH(1,2), 28(°C) to 23(°C) in GH(2,1),
25(°C) to 22(°C) in GH(3,1), and 26(°C) to 23(°C) in GH(4,3). These fluctuations occur only when
the temperature change exceeds 3(°C) , which is expected, as a decrease in temperature leads to
an increase in humidity. The results of the optimization depicted in Fig.4.13 generate the optimal
powers consumed by equipment for dehumidification, 𝐶𝑂2 injection, and fogging. It’s evident that
all equipment operates efficiently to regulate the greenhouse microclimate. The 𝐶𝑂2 injection powers
continue to operate until they reach their optimal capacity to meet the greenhouse’s𝐶𝑂2 demand, after
which they remain constant to maintain the reference concentration throughout the day. Additionally,
as shown in Fig.(4.13-B), the dehumidifier initially operates at a lower power with minor fluctuations
until 06:00. After 06:30, its power consumption increases until 19:00 due to higher humidity levels in
greenhouses, which result from temperature drops inside the greenhouses during the day.

In Fig.(4.13-C), it is evident that the fogging system operates during the day in all greenhouses
to help cool the environment, acting as a supplementary system to the HVAC. As the water droplets
evaporate, they absorb heat from the surrounding air, creating a cooling effect. This process is
especially important during periods of high outdoor temperatures, which can impact the internal



4.3. Case Study and Numerical Results 75

Figure 4.12: Optimal tracking of 𝐶𝑂2, humidity inside greenhouses
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Figure 4.13: Optimal powers are consumed by 𝐶𝑂2 injection, dehumidifiers, and fogging
systems with an opening angle in each greenhouse.

microclimate. By preventing excessive heat buildup, the fogging system helps protect plants from heat
stress and ensures optimal growing conditions. When considering natural ventilation in greenhouses,
it’s common to observe a minimal opening angle, as depicted in Fig.(4.13-D). This signifies the
deliberate closure of ventilation to minimize heat and 𝐶𝑂2 losses, along with the associated energy
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waste needed to compensate for such an air exchange reduction.
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Figure 4.14: The optimal Energy Storage Inventory (ESI) present on each farm and the
optimal power exchanges between farms and with the main grid.

In Fig.(4.14-A), optimal power transfers between farms and the main grid are highlighted, allowing
energy buying and selling with collaborative efforts among farms. Throughout the day, farms actively
respond to power loads, exchanging power via links aligned with farm power balances and influenced
by renewable energy source variations. Farm power balances intricately dictate power exchange trends,
maintaining a balance between peak demands and renewable generation. Clusters ensure power supply
with main grid support from 01:00 to 08:00 and exhibit a similar pattern from 20:00 to midnight. Power
is sold to units from 8:00 to 19:00 due to low renewable energy and peak artificial lighting loads, with
excess power (power link 5) sold to the main grid during periods of low artificial lighting loads. For
𝑔𝑙 (𝑡), the power links remain close to zero due to the constraint in Equation (58), which ensures that the
total power exchanged in both directions stays balanced. Since the incidence matrix 𝑏(𝑚, 𝑙) defines
the primary flow of power, the optimization prioritizes 𝑓𝑙 (𝑡) as the main exchange variable, while
𝑔𝑙 (𝑡) stays minimal to maintain consistency. This confirms that power transfers follow the expected
directions, with 𝑔𝑙 (𝑡) serving mainly to uphold the balance rather than actively contributing to the
exchange.

The optimal dynamic states of the Energy Storage Inventory (ESI), determined by solving the
optimization problem, are depicted in Fig.(4.14-B). By accommodating stochastic changes in renewable
production, actively responding to power needs, and optimizing supply reliability, the ESI balances
energy generation and electric loads while adhering to operational restrictions. It is evident that all
ESIs, particularly those located on farms 2 and 3, gradually discharge from their initial value of 50
[𝑘𝑊ℎ] until they reach the minimum allowable amount. This is primarily due to the high peak loads
of artificial lighting, as it is presented in Fig.4.11 from 00:00 to 06:00, comparing with other farms. A
similar trend is observed between 20:00 and midnight, compounded by the low production of renewable
energy, especially solar energy, during this period. From 06:30 to 19:00, the Energy Storage Inventory
(ESI) shifts between charging and discharging, driven by renewable energy availability. While HVAC
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systems consume a significant amount of energy, their impact is lower than that of artificial lighting.
Since lighting is not required during the day, overall demand decreases, allowing the ESI to store
excess renewable energy and release it when needed to balance the power supply.

The results highlight the effectiveness of the ADMM-based distributed approach in optimizing
the microclimate inside greenhouses with optimal operation of equipment. Its performance closely
matches that of the centralized approach while offering improved management of power exchanges
between interconnected farms and the grid. As shown in Fig.(4.14-A), this is particularly evident in
power link (5), which represents power exchanged with the grid. The distributed approach reduces grid
dependence between 00:00–08:00 and 20:30–00:00, promoting better use of local energy production.
Moreover, the distributed method offers key advantages in terms of scalability and fault tolerance.
In a centralized system, computational complexity increases significantly, as illustrated in Fig.??.
Additionally, centralized control is more vulnerable to failures; if a sensor malfunctions and disrupts
the main optimizer or controller, the entire system may fail and crash. In contrast, a distributed approach
ensures that if one farm encounters an issue or gets disconnected, the remaining farms can continue
operating independently, maintaining system stability. These benefits make ADMM-based distributed
optimization a more practical and resilient choice for managing interconnected farms efficiently.

Next, we explore a scenario where power exchanges with the grid are penalized. As depicted in
the updated matrix 𝑍 (𝑙, 𝑙) illustrating the control cost of power in each link, the optimization problem
imposes penalties on transactions with the main grid. Specifically, it prevents clustered farms from
buying or selling electricity through power link (5) due to the high associated cost. In Figure 4.15-A,
power flows through links (1) and (4) follow a similar pattern to the previous scenario, with a slight
reduction. Meanwhile, power links (2) and (3) exhibit minor fluctuations, decreasing at certain times
and increasing at others, due to cooperative power sharing among farms to meet demand, particularly
as farms 2 and 3 generate less energy production. As expected, power link (5) remains at zero,
confirming that grid exchanges have been effectively restricted. In Figure 4.15-B, a similar pattern
in ESI behavior is evident, although there’s a small reduction in stored energy due to the absence of
support from the main grid. This emphasizes the importance of meeting cluster power demands. The
goal is to confirm the distributed cooperative framework’s ability to balance productions and loads,
emphasizing the benefits of this cooperative control strategy, which considers variability in renewable
energy and fluctuations in loads.

Z(𝑙, 𝑙) =

𝑙1
𝑙2
𝑙3
𝑙4
𝑙5

©­­­­­­«
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𝑙4
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0 0 0 0.001 0
0 0 0 0 1

ª®®®®®®¬
Additionally, in this scenario, only the operation of the master pumps is affected, which in turn

impacts the water levels in each farm’s reservoir, as shown in Fig. 4.16-A-B. The decrease in power
consumption by the master pumps leads to a reduction in the amount of water transferred from the
source to the reservoirs, compared to Fig. 3.11-A-B. This adjustment helps conserve energy, allowing it
to be allocated to periods of higher demand, ultimately improving overall energy efficiency. However,
this does not compromise the water supply for greenhouses or animal buildings, as the local pumps
continue to function effectively, ensuring that water demands are fully met.

Table 4.2: Comparison of Optimization Methods
Criterion Centralized Distributed ADMM

(𝜖=0.5)
Distributed ADMM
(𝜖=0.01)

Objective function
( Value) 2.38782 · 102 2.35017 · 102 2.35016 · 102

Grid exchange
(kW/24 h) 19.213 17.854 17.853

Computation time
(sec) 3780.055 415.236 676.116

No grid exchange
(kW/24 h) −− < 1 < 1

Computation time
(sec) −− 477.189 477.188
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Figure 4.15: The optimal Energy Storage Inventory (ESI) is present on each farm, and the
optimal power exchanges between farms without exchange with the main grid.

The optimization problem was solved using both centralized and distributed approaches to evaluate
their practical applicability. The system was implemented on an Intel Core i7-1255U laptop using
Python-Pyomo with the IPOPT solver. To harness the full potential of the distributed algorithm,
parallel programming was employed, assigning each farm’s sub-problem to a dedicated CPU core.
Algorithm.3 was executed in parallel for each farm, with its scalability illustrated in Fig. 4.17. To
validate that adopting an ADMM convergence tolerance of 𝜖 = 0.5 does not compromise solution
optimality, we conducted a sensitivity analysis with more stringent thresholds (𝜖 = 0.1 and 𝜖 = 0.01).
The findings (Table 4.2) revealed that the objective function values varied only marginally across all
cases, while the computational time for 𝜖 = 0.5 was substantially reduced. These results confirm that
𝜖 = 0.5 provides a near-optimal solution with significantly lower runtime, making it a practical choice
for real-time farm-level control applications. It yielded a lower objective value (2.35017 ·102) than the
centralized method (2.38782·102) and reduced grid exchange by approximately 7.1% (17.854 [kW/24h]
vs. 19.213 [kW/24h]). The algorithm demonstrated remarkable practical efficiency by finding this high-
quality solution in just 415.236 seconds, a reduction of nearly 90% in computation time compared to the
centralized approach (3780.055 seconds). Even with a stricter 𝜖 = 0.01 criterion, the computation time
(676.116 seconds) remained significantly lower. In a second scenario with penalties for grid exchange
to support net-zero energy objectives, the computation time remained low at 477.189 seconds, the
same for the second scenario where there was no exchange with the grid. These findings confirm the
scalability of the ADMM-based approach, which not only alleviates the computational burden but also
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Figure 4.16: Optimal water is pumped into reservoirs with tier power consumption and level
water reservoirs at each farm without exchange with the main grid.
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proves highly suitable for real-time energy optimization in networked farm systems.

4.4 Conclusion
This study introduces a distributed control framework for interconnected net zero-energy farms with
integrated microgrids, encompassing smart greenhouses, residential buildings, and animal buildings.
This model establishes a smart local power grid within the broader framework of smart grids, serv-
ing as an effective tool for regulating indoor climatic environmental parameters in both greenhouses
and buildings. Real-time optimization is employed to control the operation of interconnected farms,
ensuring optimal tracking of various environmental factors, including temperature, water availability,
lighting, humidity, and 𝐶𝑂2 concentration, while managing power flow exchanges and providing
superior service quality. The connectivity of farms via power lines enables power exchanges, balanc-
ing loads, and leveraging renewable energy sources. The bidirectional communication architecture
fosters cooperation, with a distributed controller utilizing an ADMM-based algorithm for enhanced
performance. The primary objective is to maximize the transmission and utilization of local renewable
generation by capitalizing on the intermittent nature of demands and renewable sources, exploring
potential power exchange opportunities across farms to achieve net-zero energy greenhouses. The pro-
posed control approach effectively demonstrates its capacity to meet power load requirements, address
various environmental factors, and optimize equipment operation. Through the adept management
of four local power linkages, the farms achieve a harmonious balance between renewable energy
and power loads, ensuring a stable power supply and advancing the aspiration of achieving net-zero
energy greenhouses, independent of the main grid. Overall, the study underscores the importance
of collaborative approaches in achieving sustainability goals, emphasizing the significance of smart
grid technologies in enabling efficient energy management and environmental control in agricultural
settings.
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Chapter 5

Optimal Operation Scheduling of a
Combined Wind-Hydro System for
Peak Load Shaving

5.1 Background and Rationale
Energy demand rises as a result of development, and modern countries rely on energy-intensive indus-
tries [87]. Developing clean, renewable energy to replace traditional fossil fuels in the energy system
[88] has recently become a goal for all countries [89]. Wind energy is one of the main forms of energy
generation because of its promising, sustainable, and clean attributes [90]. Installed wind capacity
has been rising from 17 (GW) in 2000 to 732 (GW) in 2020 [91]. By the end of 2020, offshore wind
energy deployments will have reached 30 (GW) globally. It still only accounts for a relatively small
proportion of the renewable energy produced globally [92]. But due to the uncertainty and intermit-
tency combined with the instability of wind energy, its direct connection to the grid is very limited
[93]. There are effective techniques for reducing wind energy’s intermittency and power fluctuation,
including using a multi-energy hybrid system (MEHS) and relying on energy storage technologies. A
bi-level optimal control scheme for grids characterized by renewable and traditional power production,
dynamic storage systems, and stochastic modeling issues has been proposed [94]. However, from
another perspective, a hybrid system combining different energy sources, such as a hydro-solar-wind
system [95], renewable energy, and a wind photovoltaic hybrid system, is a desirable option Each
energy source is efficiently exploited in the hybrid multi-energy system, and all of these sources are
merged with the goal of attaining full utilization to improve the grid’s capacity and reinforce the
energy supply to cope with severe environments [96]-[97]. Renewable energies, on the other hand,
are difficult to forecast because they are largely dependent on weather and climate conditions. Energy
storage is one of the most promising and crucial strategies to increase the efficiency of renewable
energy sources while also enhancing environmental sustainability through carbon sequestration [98]-
[99]. On a worldwide scale, energy storage is inextricably linked to energy production, with storage
requirements continually increasing as intermittent energy demand rises to control generation and load
variations [100]. Energy storage often requires transformations by inertia flight [101], energy storage
by battery [102], energy storage by thermal energy [103], or energy storage by hydroelectric power
[104]. Because of their flexibility and stability, pumped hydroelectric energy storages (PHES) are one
of the most commonly used large-scale energy storage systems [105]-[106], allowing for greater pen-
etration of variable renewable energies [107]. Xu and Zhang [108] worked on quantifying the global
benefits of hydroelectricity in order to reduce wind energy fluctuation in a hybrid carbon/hydro/wind
system. In [109], the authors proposed a mathematical model for estimating the best dimensioning
and evaluating the performance of an autonomous electric hybrid system entirely based on variable
renewable energy sources and coupled to a hybrid energy storage system. In [110], authors proposed a
method for evaluating the complementarity of hydroelectricity in a hybrid energy system while taking
into account the volatility in network charge demand. In [111], the authors proposed an optimized
energy management for a residential application to reduce grid usage for electricity consumption in
the load while increasing the sale of renewable energy. In addition, during high tariff periods, battery
storage is allowed to sell excess energy [112]. In the literature, numerous investigations on hybrid
wind and hydroelectric systems have been conducted [113]-[114]-[115]. According to their analysis
of the operational efficiency of a hybrid wind-hydro power plant on El Hierro, a 11.48 (MW) wind
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farm and a pumping station are combined in this 11.32 (MW) power facility, which was developed
with the aim of harnessing renewable energy to meet the needs of the island rather than the existing
diesel generators [116]. In [117], the best daily operating methods for a wind-hydro hybrid system
were created. An optimization model for maximizing daily revenue is combined with a long-term
and short-term memory network for anticipating power prices on the spot market for electricity the
day before. Another study looks at the joint contribution of variable-speed wind turbines (VSWT)
and a pumped storage hydropower (PSHP) plant to frequency regulation. The inertial, proportional,
and their combinations of control techniques are investigated using the kinetic energy stored in the
(VSWT). In general, the (VSWT) controller gains proposed in the literature for interconnected systems
are insufficient for isolated systems. As a result, for each of the control techniques, a methodology
for tuning the controllers is presented based on an extensive study [118]. In [119], coupling (PHS)
equipment to wind power emerged as a solution to overcome the wind power problem. To achieve a
balance of power differences, they studied two different operating strategies to maximize market profits
and generate a constant target power output. Das et al.[120] investigated the importance of pumped
storage systems for grid-connected and stand-alone hybrid systems based on renewable energy. Based
on technical and economic data, they found that pumped storage is a superior and more cost-effective
storage method than other storage systems. According to Zhang and Xiang [121], they found a case
method that verifies the PSH’s feasibility and effectiveness to mitigate the rapid fluctuations of PV
systems in real time. The configuration between the regulation capacity of PV and PSH is achieved
with the requirements of real-time applications. Despite this, according to A. Blakers and M. Stocks
[122], PHES research is confined to the investigation of the location of suitable sites for PHES. To
oversee the functioning of the integrated smart greenhouse network, Ouammi [123] has developed
a thorough finite-horizon scheduling optimization model. The functioning of the integrated smart
greenhouse network, which includes forecasts and recently updated information acquired from acces-
sible data, is controlled by a thorough finite-horizon scheduling optimization model. In fact, due to
the coupled agriculture need for water, agriculture is probably the main application that can benefit
from WF-PHES. Sustainable agriculture cultivation in greenhouses is constantly evolving thanks to
new technologies and methodologies able to improve crop yield and solve the common concerns that
occur in protected environments [124].
In [125]-[126], a model of the combined transport system was created to account for the additional
imbalance costs produced by deviations from the given daily plan while maximizing the total oper-
ational benefit of system wind-hydro. To estimate how well a wind farm can work with a pumped
storage system to maximize income, shorten the combination’s payback period, and fix cascading
faults in an electrical grid, a new methodology has been created [127]-[128]. Given its numerous
advantages, we investigated hydropower storage rather than battery storage in this study. Hydropower
storage has a higher energy density since it can store vast volumes of water in reservoirs, which makes
it possible to store a lot of energy. In contrast, the size and capacity of the individual battery cells
determine the battery’s energy density. In addition, hydropower storage systems provide higher power
density and power ratings, particularly in large-scale installations with large turbines and high water
flow rates. This allows the generation of substantial power outputs and the ability to quickly ramp up
power production when required. Battery power density and power ratings are generally lower and
may have limitations due to internal resistance and temperature constraints. Furthermore, hydropower
storage systems possess greater capacitance as they can store large quantities of water in reservoirs,
enabling long-duration energy storage. Batteries, on the other hand, have limited capacitance due to
the size and capacity of individual cells, although they can be scaled by connecting multiple battery
modules or banks. Hydropower storage also exhibits high energy efficiency as it converts potential
energy in water into electricity, often exceeding 80–90%. In comparison, battery systems have varying
energy efficiencies depending on the specific chemistry and operating conditions, typically around
80–90% for lithium-ion batteries. Besides, hydropower storage systems have long lifetimes, often ex-
ceeding several decades, and the ability to undergo numerous charging and discharging cycles without
significant degradation. Battery lifetimes, while improving, still have finite cycles before capacity
degradation, typically lasting several years depending on the chemistry and operating conditions. Fi-
nally, the cost of constructing and maintaining hydroelectric power storage systems can be significant,
especially for large-scale installations. However, with advancements in technology and economies
of scale, battery storage costs have been decreasing. Nonetheless, the overall cost of battery storage
depends on factors such as size, chemistry, installation, and system integration. In view of these
factors, hydropower storage holds advantages in terms of energy density, power density, power ratings,
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capacitance, energy efficiency, discharge duration, lifetime, and cycling times, making it a favorable
choice for large-scale energy storage applications. As a comparison, reference [129] presented an
accurate voltage management and current sharing technique based on distributed adaptive dynamic
programming for wind and solar hybrid systems. Comparative simulation results demonstrated the
effectiveness of the suggested adaptive dynamic programming approach. Authors in reference [130]
proposed a reduced-order aggregate model based on the balanced truncation technique in order to
provide a preprocessing method for the real-time simulation of large converters with inhomogeneous
beginning conditions in DC microgrids.

From the study of the state of the art, it can be seen that not all the works have studied in depth
the aspect of wind energy valorization through the use of the clean energy produced by the wind
farms for water pumping in order to reduce the peak powers. To the best of our knowledge, this is the
first attempt to control system performance and lessen network load using finite-horizon scheduling
optimization. The originality of this paper can be summarized as follows:

• The objective is to propose a new system’ design and a practical and complete operational control
scheme formulated as a constrained optimization problem embedded in a decision model. The
main aim is to optimally control the operation of the WF-PHES system to reduce/shave the
peak load in case of occurrence. A finite horizon planning optimization problem is developed
to control the real-time operation of the WF-PHES that incorporates both predictions of new
states of the power load and winds.

• The proposed framework offers a robust control method that has a comprehensive approach. The
primary objective of this method is to reduce or shave peak loads while utilizing the operational
flexibility of the Wind WF-PHES system. The framework takes into account uncertainties
in factors such as wind power production, power load, rain, water evaporation, and pipeline
friction losses. This approach is designed to address these uncertainties effectively within a
closed-loop system.

• The developed model is implemented and applied to a case study. The proposed framework has
been compared to two distinct non-linear optimization methods: Pyomo with IPOPT solver and
Genetic Algorithm (GA) to prove its performance and effectiveness over extensive numerical
simulations. The proposed approach may be considered a practical solution to mitigate and
address the development challenges of wind energy. The main advantage of the proposed model
lies in its capability to cope with the dynamics and uncertainties of wind power production and
provide a stable power supply.

The rest of this document is structured as follows: After an introduction in Section I, Section II presents
the methodology of the study and the modeling of wind and hydropower plants. The optimization
problem is described in Section III. The results and discussions are given in Section IV. The conclusion
is presented in Section V.

5.1.1 Methodology
In this study, the combination of two WFs as a clean energy source and a PHES as a pumped storage
system are presented. The PHES technology uses the electrical energy provided by the two wind farms
to store water in the upper reservoir during off-peak hours when electricity prices are low. Under the
effect of gravity, the water stored in the upper reservoir is discharged, saving energy during periods of
high demand (peak) or high prices. This means a net benefit despite a small energy loss.

The flowchart in Figure 5.1 shows the relationships between the models used in this paper and the
organization of the functions of the proposed methodology. The task of the proposed mathematical
model for the system (WF-PHES) is to determine the production of the two wind farms, the pumping
station, and the storage capacity of the reservoirs, taking into account the frictional losses in the
PHES transfer facilities to cope with the problems caused by the high power demand of the electricity
grids, which has been increasing over the years. In order to have a clear understanding of the many
possibilities for the best weekly operation of the optimization model, the expected wind speeds and
power load for the following week have been shown in Fig. 5.2 and 5.3.
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Figure 5.1: Methodology flow chart for model components.
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Figure 5.2: Actual and forecasted load power for one week and the next week during the
winter and summer seasons.

5.2 Model of Wind power plant production
The power output of the device as a function of wind speed is referred to as the power curve of wind
turbines. The rotor (R), gearbox (GB), and generator are the three primary WPP components that
determine how much energy and power the machine produces (GE). Consequently, the model used
Fig. 5.4 does not consider the system’s inertia.

5.2.1 Wind power
The wind power is the time derivative of the kinetic energy of an air mass flowing at a velocity in the
direction shown below.

𝑃𝑡
𝑤𝑖𝑛𝑑, 𝑗

=
𝑑𝑈𝑐

𝑑𝑡
=

1
2
· 𝑑𝑚̄
𝑑𝑡
· (𝑤𝑡𝑠, 𝑗 )

2
=

1
2
𝜌𝑎 · 𝐴𝑟 · (𝑤𝑡𝑠, 𝑗 )

2 · 𝑑𝑦
𝑑𝑡

(5.1)

𝑚̄ = 𝜌𝑎 · 𝐴𝑟 · 𝑦 (5.2)
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Figure 5.3: Actual and forecasted wind speed for the coming week and the following week
during the winter and summer.

Figure 5.4: wind turbine simple schematization

where 𝑚̄ is the mass flow of air (kg/s), 𝜌𝑎 is the air density (𝑘𝑔/𝑚3), 𝐴𝑟 is the rotor’s swept surface,
𝑗 is the wind speed class index, and 𝑤𝑡

𝑠, 𝑗
is the wind speed of the 𝑗-th class. As

𝑑𝑦

𝑑𝑡
= 𝑤𝑡𝑠, 𝑗 (5.3)

It follows that
𝑃𝑡𝑤𝑖𝑛𝑑, 𝑗 =

1
2
𝜌𝑎 · 𝐴𝑟 · (𝑤𝑡𝑠, 𝑗 )

3 (5.4)

5.2.2 Wind speed extrapolation at various hub heights
Wind speed measurements are taken at a reference height for economic reasons, which is insufficient
for the establishment of a wind farm at a location. The vertical wind profile is calculated using the
power law. It is written as proposed by [131]:

𝑤𝑡ℎ𝑢𝑏, 𝑗 = 𝑤𝑡𝑠, 𝑗

(
𝐻ℎ𝑢𝑏

𝐻𝑟𝑒 𝑓

)𝛽
(5.5)

𝛽 =
0.37 − 0.088 ln(𝑤𝑠, 𝑗 )

1 − 0.088 ln
(
𝐻𝑟𝑒 𝑓

10

) (5.6)

where 𝑤𝑠, 𝑗 is the observed wind speed at reference height 𝐻𝑟𝑒 𝑓 , 𝑤ℎ𝑢𝑏, 𝑗 is the speed that must be
computed at height 𝐻ℎ𝑢𝑏, and 𝛽 is the power law exponent determined by Equation (5.6).
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5.2.3 Modelling a WPP’s rotor
The power produced by each technology (i) represents the wind power captured by the rotor in order
to transform it into mechanical energy and is written as follows:

𝑃
𝑡 ,𝑖
𝑎𝑒𝑟𝑜, 𝑗

= 𝐶𝑡𝑃 (𝜙
𝑖 , 𝜑𝑖) · 1

2
𝜌𝑎 · 𝐴𝑖𝑟 · (𝑤𝑡ℎ𝑢𝑏, 𝑗 )

3 ∀ 𝑖, 𝑗 . (5.7)

𝐴𝑖𝑟 =
𝜋 · (𝐷𝑖

𝑏
)2

4
(5.8)

where 𝐷𝑖
𝑏

is the rotor diameter of the 𝑖 − 𝑡ℎ technology (m), 𝐶𝑡
𝑃
(𝜙𝑖𝑡 , 𝜑𝑖) The power coefficient of

the rotor varies over time depending on several parameters, such as wind speed, the operating range
parameter 𝜑 of wind speed, and by 𝑤𝑜𝑝 , which is the optimal wind speed of the technology used and
presented according to the following equation:

𝐶𝑡𝑃 (𝜙
𝑖 , 𝜑𝑖) 𝑗 = 𝐶𝑖𝑝max (𝜙𝑖)𝑒

[
−
(ln 𝑤𝑡

ℎ𝑢𝑏, 𝑗
− ln 𝑤𝑜𝑝 )2

4·ln (𝜑𝑖 )2

]
∀ 𝑖, 𝑗 . (5.9)

𝑤𝑖𝑜𝑝 =
𝑤𝑖𝑛𝑜𝑚

𝑒

(
4.45 · (ln 𝜑𝑖 )2

) ∀ 𝑖 . (5.10)

where 𝑤𝑛𝑜𝑚 is the nominal wind speed of wind technology, 𝐶𝑝max (𝜙𝑡 ), is the maximum power
coefficient of the rotor. According to the limit of Betz, this coefficient cannot exceed 0.593, which
shows that a wind turbine cannot extract more than 59.3% of the kinetic energy of wind. This is
expressed by the following equation:

𝐶𝑖𝑝max (𝜙𝑖) =
0.593 · 𝜙𝑖 · (𝐵𝑖

𝑙
)

2/3

2.5 · 10−3 · (𝜙𝑖)2 + 𝜙𝑖 ((𝐵𝑖
𝑙
)

2/3 − 0.04) + 1.48
−

0.593 · 2.5 · (𝜙𝑖)2 · 𝐵𝑖
𝑙

1 + 2𝜙𝑖 · 𝐵𝑖
𝑙

· 𝐶𝑑/𝑙 .

(5.11)

𝜙𝑖𝑜𝑝 =
𝐷𝑖
𝑏𝑙

2 · 𝑤𝑖𝑜𝑝
·𝜛𝑖 ∀ 𝑖. (5.12)

where 𝐵𝑙 is the number of blades, 𝜙 is the rotor speed rate,𝜛 angular rotation speed of the ith
technology, and 𝐶𝑑/𝑙 is defined as the ratio of drag and lift coefficients.

5.2.4 Modelling a WPP’s gearbox
The gearbox, located at the heart of the wind turbine, transfers the lower speed of the rotor shaft to
high speed on the generator side. The overall efficiency of a gearbox 𝜀𝑡 ,𝑖

𝐺𝐵, 𝑗
is determined by the rotor’s

power 𝑃𝑡 ,𝑖
𝑎𝑒𝑟𝑜, 𝑗

, the nominal power 𝑃𝑖𝑛𝑜𝑚 of the technology utilized, and the efficiency factor of the
gearbox 𝜔𝑖

𝐺𝐵
, as shown below[132]:

𝜀
𝑡 ,𝑖

𝐺𝐵, 𝑗
= 1 −

(
1 − 𝜔𝑖𝐺𝐵

) (
0.25 · 𝑃𝑖𝑛𝑜𝑚
𝑃
𝑡 ,𝑖
𝑎𝑒𝑟𝑜, 𝑗

+ 0.75

)
∀ 𝑖, 𝑗 . (5.13)

𝜔𝑖𝐺𝐵 = 0.89 · (𝑃𝑖𝑛𝑜𝑚)
0.012 ∀ 𝑖. (5.14)

The total produced power, 𝑃𝑡 ,𝑖
𝐺𝐵, 𝑗

, taking into account the impact of the gearbox, is thus given by:

𝑃
𝑡 ,𝑖

𝐺𝐵, 𝑗
= 𝑃

𝑡 ,𝑖
𝑎𝑒𝑟𝑜, 𝑗

· 𝜀𝑡 ,𝑖
𝐺𝐵, 𝑗

∀ 𝑖, 𝑗 . (5.15)

5.2.5 Modelling a WPP’s generator
The generator is the component of a wind turbine that turns mechanical energy into electrical energy.
The total efficiency of the wind turbine generator may be represented using the following formula:

𝜔𝑖𝐺𝐸𝑁 = 0.87 · (𝑃𝑖𝑛𝑜𝑚)
14×10−3

∀ 𝑖. (5.16)
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𝑃𝑖𝐺𝐸𝑁 = 𝐹𝑖𝑠 (𝑃𝑖𝑛𝑜𝑚 · 𝜔𝑖𝐺𝐵 · 𝜔
𝑖
𝐺𝐸𝑁 ) ∀ 𝑖. (5.17)

where 𝜔𝑖
𝐺𝐸𝑁

is the generator efficiency factor, 𝑃𝑖
𝐺𝐸𝑁

,is the power of the generator, 𝑃𝑡 ,𝑖
𝐺𝐵, 𝑗

, is the
amount of power produced by the gearbox, and 𝐹𝑖𝑠 is the gearbox’s factor of service, which can be
chosen among various feasible possibilities for each technology: stall-constant-speed (SCS); pitch-
constant-speed (PCS); or pitch-variable-speed (PVS) according to the following values:

𝐹𝑠 =


2 𝑖 𝑓 (𝑆𝐶𝑆)
1.75 𝑖 𝑓 (𝑃𝐶𝑆)
1.25 𝑖 𝑓 (𝑃𝑉𝑆)

∀ 𝑖. (5.18)

The efficiency factor of the generator is modelled by the following equation:

𝜀
𝑡 ,𝑖

𝐺𝐸𝑁, 𝑗
= 1 − (1 − 𝜔𝑖𝐺𝐸𝑁 )

©­«
5(𝑃𝑖

𝐺𝐸𝑁
)2

(𝑃𝑡 ,𝑖
𝐺𝐵, 𝑗
)2
+ 1ª®¬

(
𝑃
𝑡 ,𝑖

𝐺𝐵, 𝑗

10𝑃𝑖
𝐺𝐸𝑁

)
,∀ 𝑖, 𝑗 . (5.19)

5.2.6 Modeling a WPP’s energy production
To determine the energy produced by a wind farm, three major components of WPPs are considered:
the rotor, the gearbox, and the generator. As a result, the model used does not account for power plant
features such as the ability to respond to wind changes due to system inertia. The power produced by
each wind turbine with a rotor area may be computed as follows:

𝑃
𝑡 ,𝑖

𝑤𝑖𝑛𝑑_𝑡𝑢𝑟𝑏𝑖𝑛𝑒, 𝑗 = 0.5 · 𝜌𝐴 · 𝐴𝑖𝑟 · 𝐶𝑝𝑡 ,𝑖𝑡𝑜𝑡 , 𝑗 · (𝑤
𝑡
ℎ𝑢𝑏, 𝑗 )

3 ∀ 𝑖, 𝑗 . (5.20)

where 𝐶𝑝𝑡 ,𝑖
𝑡𝑜𝑡 , 𝑗

denotes the total efficiency of a wind turbine. It may be calculated as follows:

𝐶𝑝
𝑡 ,𝑖
𝑡𝑜𝑡 , 𝑗

= 𝐶𝑡𝑃 (𝜙
𝑖 , 𝜑𝑖) 𝑗 · 𝜀𝑖𝐺𝐵, 𝑗 · 𝜀

𝑖
𝐺𝐸𝑁, 𝑗 ∀ 𝑖, 𝑗 . (5.21)

The power of the wind farm 𝑃
𝑡 ,𝑖

𝑤𝑖𝑛𝑑_𝑝𝑎𝑟𝑐, 𝑗 can be readily calculated by summing the output of each
wind turbine in the farm[133].

𝑃
𝑡 ,𝑖

𝑤𝑖𝑛𝑑_𝑝𝑎𝑟𝑐, 𝑗 =

𝑁𝑚𝑎𝑐ℎ𝑖𝑛𝑒∑︁
𝑘=1

𝑃
𝑡 ,𝑖

𝑤𝑖𝑛𝑑_𝑡𝑢𝑟𝑏𝑖𝑛𝑒, 𝑗 ∀ 𝑖, 𝑗 . (5.22)

The energy produced by each wind turbine 𝐸 𝑖,𝑡
𝑤𝑖𝑛𝑑_𝑡𝑢𝑟𝑏𝑖𝑛𝑒, 𝑗 is written as follows:

𝐸
𝑖,𝑡

𝑤𝑖𝑛𝑑_𝑡𝑢𝑟𝑏𝑖𝑛𝑒, 𝑗 =
Δ𝑡

2
𝜌𝑎𝐴

𝑖
𝑟

𝑗=𝑐𝑢𝑡−𝑖𝑛∑︁
𝑗=𝑐𝑢𝑡−𝑜 𝑓 𝑓

𝐶𝑝
𝑡 ,𝑖
𝑡𝑜𝑡 , 𝑗
(𝑤𝑡ℎ𝑢𝑏, 𝑗 )

3 ∀ 𝑖, 𝑗 . (5.23)

In this case, we suppose that 𝑐𝑢𝑡−𝑖𝑛 and 𝑐𝑢𝑡−𝑜 𝑓 𝑓 , which are the wind turbine’s cut-in and cut-out wind
speeds and Δ𝑡 denotes the length of the 𝑡 − 𝑡ℎ time period in (h). The real energy produced by wind
farm may be simply calculated by adding together the wind farm’s individual turbines as:

𝐸
𝑡 ,𝑖

𝑤𝑖𝑛𝑑_𝑝𝑎𝑟𝑐, 𝑗 =
∑︁𝑘=𝑁𝑚𝑎𝑐ℎ𝑖𝑛𝑒

𝑘=1
𝐸
𝑡 ,𝑖

𝑤𝑖𝑛𝑑_𝑡𝑢𝑟𝑏𝑖𝑛𝑒, 𝑗 · 𝜓
𝑖 ∀ 𝑖, 𝑗 . (5.24)

5.3 Model of a pumped hydroelectric energy storage system
The system that needs to be modeled includes a hybrid electrical energy production process that uses
two wind farms, one hydroelectric plant, and one booster pumping station to generate electricity. As
illustrated in Fig.5.5 the pumping station is connected to a reversible pump-turbine unit along with two
reservoirs, and the booster pumping station is connected to the lower reservoir via a hydraulic pump.
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Figure 5.5: The hybrid system of renewable energy.

5.3.1 Power generation in hydroelectric power plants
The water entering the lower water reservoir after leaving the hydroelectric facility is provided by:

𝑄𝑡ℎ𝑦 = 𝑒
𝑡
𝑢 · 𝜇ℎ𝑦 =

𝑃𝑡
ℎ𝑦𝑑𝑟𝑜

𝜌 · 𝑔 · (ℎ𝑢𝑡 − 𝐹𝑡𝑙𝑜𝑠𝑠𝑒𝑠)
(5.25)

where 𝑃𝑡
ℎ𝑦𝑑𝑟𝑜

is the power generated in a power plant in time interval [𝑡, 𝑡 + 1) (MW), 𝜌 is the
water density (𝑘𝑔 · 𝑚−3), 𝑔 is the gravity acceleration constant (𝑚 · 𝑠−2), ℎ𝑢𝑡 represents the difference
between the altitude of the upper water reservoir and the hydroelectric turbine (m), 𝑒𝑡𝑢 is the outflow
from the upper reservoir at time interval [𝑡, 𝑡 + 1) (𝑚3/𝑠), 𝜇ℎ𝑦 is the water loss coefficient in the
hydroelectric turbine and 𝐹𝑙𝑜𝑠𝑠𝑒𝑠 is the frictional losses in transfer installations in time interval [𝑡, 𝑡+1)
(m).

5.3.2 Friction loss in transfer installations
The friction losses in transfer facilities are the sum of major friction losses according to the Darcy-
Weisbach equation [134], and minor-local friction losses, as shown in the following equation:

𝐹𝑡𝑙𝑜𝑠𝑠𝑒𝑠 =
8 𝑓𝐷
𝑔𝜋2


𝑁 𝑠

𝑝∑︁
𝑖=1

𝐿𝑠
𝑖

(𝐷𝑠
𝑖
)5

(
𝑄𝑡
ℎ𝑦

𝑁𝑠
𝑏𝑟

)2

+
𝑁𝑑

𝑝∑︁
𝑗=1

𝐿𝑑
𝑗

(𝐷𝑑
𝑗
)5

(
𝑒𝑡𝑢

𝑁𝑑
𝑏𝑟

)2 (5.26)

where 𝐿𝑠
𝑖
, 𝐿𝑑

𝑗
are the lengths of the pipes used for suction and discharge (m), 𝐷𝑠

𝑖
, 𝐷𝑑

𝑗
are pipe

diameters for suction and discharge (m), 𝑁𝑠𝑝 , 𝑁𝑑𝑝 are total number of pipe lengths used for suction and
discharge, 𝑁𝑠

𝑏𝑟
, 𝑁𝑑

𝑏𝑟
number of pipes used to transport water flows from the upper reservoir through

the hydroelectric plant to the lower reservoir and 𝑓𝐷 is the Darcy factor which depends on 𝜀 the
relative roughness of the pipe used. The Colebrook-White equation is the one widely adopted for the
calculation of the Darcy factor in the turbulent part of the Moody diagram . It is expressed as:

1√︁
𝑓𝐷

= −2log10

( (
𝜀
𝑑

)
3.7
+ 2.51

Re ·
√︁
𝑓𝐷

)
(5.27)

where
(
𝜀
𝑑

)
is the ratio of relative roughness to pipe diameter and Re is the Reynolds number. In

this study, the implicit formula (27) was solved using the Newton-Raphson mathematical method
(numerical method).
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5.3.3 Energy production in hydroelectric power plants
The energy generated by the hydroelectric plant is given by:

𝐸𝑛𝑒𝑟𝑔𝑦𝑡ℎ𝑦𝑑𝑟𝑜 = 𝜌 · 𝑔 · (ℎ𝑢𝑡 − 𝐹𝑡𝑙𝑜𝑠𝑠𝑒𝑠) · 𝑒
𝑡
𝑢 · 𝜂ℎ𝑦 · 𝑡𝑇𝑟 (5.28)

Where 𝜂ℎ𝑦 is the efficiency of the hydroelectric turbine and 𝑡𝑇𝑟 is the operating time of the hydroelectric
plant at the time of turbining (h).

5.3.4 Modelling reservoir’s
The following two state equations linked to water reservoirs must be modelled:

𝐿𝑡+1
𝑢 = 𝐿𝑡𝑢 + (𝑄𝑡𝑝 − 𝑒𝑡𝑢) · Δ𝑡 − 𝐿𝑡𝑜𝑠𝑠,𝑢 − 𝐿𝑡𝑆𝑦,𝑢 (5.29)

𝐿𝑡+1
𝑙 = 𝐿𝑡𝑙 + (𝑄

𝑡
ℎ𝑦 − 𝑒

𝑡
𝑙 +𝑄𝑑) · Δ𝑡 − 𝐿

𝑡
𝑜𝑠𝑠,𝑙 − 𝐿

𝑡
𝑆𝑦,𝑙 (5.30)

where 𝐿𝑡+1
𝑢 , 𝐿𝑡𝑢 are volumes of water stored at the upper reservoir at time 𝑡 and 𝑡 + 1 (𝑚3),𝐿𝑡+1

𝑙
,𝐿𝑡
𝑙

are volumes of water stored at the lower reservoir per time step [𝑡, 𝑡 + 1) (𝑚3),𝑄𝑡𝑝 is the water flow
entering the upper water reservoir per time step [𝑡, 𝑡 + 1) (𝑚3/𝑠),𝑄𝑑 is water flow that supplies the
lower basin with water at the first filling and continuously to compensate for the effects of evaporation
at time 𝑡 and 𝑡 + 1 (𝑚3/𝑠) and 𝐿𝑡

𝑜𝑠𝑠𝑒𝑠, (𝑢,𝑙) is the water loss due to the difference between evaporation
and precipitation related to the reservoir per time interval [𝑡, 𝑡 + 1) (𝑚3) [135]. It is expressed as:

𝐿𝑡
𝑜𝑠𝑠𝑒𝑠, (𝑢,𝑙) = 𝑆

𝑡
𝑟 (𝑢,𝑙) · 𝐸𝑒𝑣

𝑡
(𝑢,𝑙) (5.31)

where 𝑆𝑡
𝑟 (𝑢,𝑙) is the area of reservoirs structure (upper and lower) (𝑚2) and 𝐸𝑒𝑣𝑡(𝑢,𝑙) is the difference

between the evaporation and precipitation rates of the reservoirs per time interval [𝑡, 𝑡 + 1) (m), and
𝐿𝑡
𝑆𝑦,𝑢

, 𝐿𝑡
𝑆𝑦,𝑙

are volumes of sediment yield in upper and lower reservoirs per time interval [t, t+1)(m3)
[136]. The reservoir spillway equation is written according to the following equation [?]:(

1 −
𝐿𝑡(𝑢,𝑙)
𝐶𝑎𝑝 (𝑢,𝑙)

)
· 𝐿𝑡

𝑠𝑝 (𝑢,𝑙) = 0 (5.32)

In which 𝐿𝑡
𝑠𝑝 (𝑢,𝑙) is the volume of water discharged from the reservoirs (upper and lower) at the time

step (𝑚3), It is expressed as:

𝐿𝑡
𝑠𝑝 (𝑢) = 𝑒𝑡𝑢 · Δ𝑡 𝑎𝑛𝑑 𝐿𝑡

𝑠𝑝 (𝑙) = 𝑄𝑡𝑝 · Δ𝑡 (5.33)

𝐶𝑎𝑝, (𝑢,𝑙) is the reservoir’s storage capacity either (upper) or (lower) (𝑚3). This equation (5.32)
demonstrates that overflow can occur when the volume of water stored in a reservoir exceeds the
reservoir’s storage capacity.

5.3.5 Power Consumption in Hydroelectric Power Plants
According to the following equation, the flow rate of water entering the top reservoir is proportional
to the power used:

𝑒𝑡𝑙 =
𝑃𝑡
𝐶,ℎ𝑦𝑑𝑟𝑜

𝜌 · 𝑔 · (𝐻𝑢𝑙 + 𝐹𝑡𝑙𝑜𝑠𝑠𝑒𝑠)
(5.34)

𝑄𝑡𝑃 = 𝑒𝑡𝑙 · 𝜂𝑝 (5.35)

in which 𝑃𝑡
𝐶,ℎ𝑦𝑑𝑟𝑜

is the power consumed in a power plant in time step t (MW), 𝐻𝑢𝑙 is the difference
between the altitude of the upper and lower water reservoir (m) and 𝑄𝑡

𝑃
is the water flow entering the

upper water reservoir per time step 𝑡 (𝑚3).
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5.3.6 Energy Consumption in Hydroelectric Power Plants
The energy consumed by the hydroelectric plant at the time of pumping is given by:

𝐸𝑛𝑒𝑟𝑔𝑦𝑡𝐶,ℎ𝑦𝑑𝑟𝑜 =
𝜌 · 𝑔 · (𝐻𝑢𝑙 + 𝐹𝑡𝑙𝑜𝑠𝑠𝑒𝑠) · 𝑄

𝑡
𝑃

𝜂𝑝
· 𝑡𝑝 (5.36)

where 𝜂𝑝 is the efficiency of the pump and 𝑡𝑝 is the hydroelectric plant’s pumping time (h).

5.3.7 Modelling of booster pump station
The purpose of the booster pumping station is to supply water to the lower reservoir at the first fill and
continuously thereafter to compensate for the effects of evaporation. In order to guarantee the water
supply regardless of the water levels in the reservoir and to prevent sediment problems during floods,
a booster pumping station will be installed near the dam.

Energy of consumption of the booster pump station

The Booster Pump Station’s energy consumption while pumping is given by:

𝐸𝑛𝑒𝑟𝑔𝑦𝑡
𝐶, (𝐵𝑃𝑆) = 𝑃

𝑡
𝐶, (𝐵𝑃𝑆) · 𝑡𝑙 𝑝 =

𝜌 · 𝑔 · 𝐻𝑑𝑙 · 𝑄𝑡𝑑
𝜂𝑙 𝑝

· 𝑡𝑙 𝑝 (5.37)

In which 𝑃𝑡
𝐶, (𝐵𝑃𝑆) is the power consumed by the booster pump station in time step t (MW), 𝐻𝑑𝑙 is the

difference between the altitude of lower water reservoir (m) and the dam,𝑄𝑡
𝑑

is the water flow entering
the lower water reservoir per time step t (𝑚3) 𝜂𝑙 𝑝 is the efficiency of the pump and 𝑡𝑙 𝑝 is the operating
time of the Booster pumping station (h).

5.4 Planning optimization for WF-PHES
The objective function and restrictions of the WF-PHES scheduling optimization problem are described
below. The goal of the proposed optimization model in this study is to determine the best weekly
operating strategy to maximize system revenue. In times of high demand, this means a likely smaller
disparity between the power produced by the system and the power of the load.

5.4.1 Objective Function
The objective function is defined as the minimization of the peak load powers on 7 days sampled each
hour.

𝐽∗ = 𝑚𝑖𝑛
168∑︁
𝑡=1
(𝑃𝑡𝐺𝑙𝑜𝑏𝑎𝑙 − 𝑃

𝑡
𝑙𝑜𝑎𝑑)

2 (5.38)

5.4.2 State equations
The volumes of water stored in hourly steps in the reservoirs during the week are given by equations
(5.29)-(5.30).

Equations of the model

𝑃𝑡𝐺𝑙𝑜𝑏𝑎𝑙 = 𝑃
𝑡
𝑠𝑦𝑠𝑡𝑒𝑚 + 𝑃𝑡𝐺𝑟𝑖𝑑 (5.39)

𝑃𝑡𝑠𝑦𝑠𝑡𝑒𝑚 = 𝑃𝑡𝑤.𝑁𝑒𝑡𝑤𝑜𝑟𝑘_𝑡𝑜𝑡 + 𝑃𝑡ℎ𝑦𝑑𝑟𝑜 (5.40)

𝑃𝑡𝑤𝑖𝑛𝑑,𝑝𝑎𝑟𝑐_𝑡𝑜𝑡 − 𝑃
𝑡
𝐶,ℎ𝑦𝑑𝑟𝑜 − 𝑃

𝑡
𝐶, (𝐵𝑃𝑆) = 𝑃

𝑡
𝑤.𝑁𝑒𝑡𝑤𝑜𝑟𝑘_𝑡𝑜𝑡 (5.41)

𝑃𝑡𝑤𝑖𝑛𝑑,𝑝𝑎𝑟𝑐_𝑡𝑜𝑡 = 𝑃𝑡
𝑤𝑖𝑛𝑑,𝑝𝑎𝑟𝑐 (1) + 𝑃𝑡

𝑤𝑖𝑛𝑑,𝑝𝑎𝑟𝑐 (2) (5.42)

𝑃𝑡𝑤.𝑁𝑒𝑡𝑤𝑜𝑟𝑘_𝑡𝑜𝑡 = 𝑃𝑡
𝑤.𝑁𝑒𝑡𝑤𝑜𝑟𝑘 (1) + 𝑃𝑡

𝑤.𝑁𝑒𝑡𝑤𝑜𝑟𝑘 (2) (5.43)

𝑃𝑡ℎ𝑦𝑑𝑟𝑜 · 𝑃𝑡𝐶,ℎ𝑦𝑑𝑟𝑜 = 0 (5.44)
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Benefits of the system

The benefits of the system will be calculated according to the following equation:

𝐶𝑡𝑏𝑒𝑛𝑖 𝑓 𝑖𝑡 = 𝐶(𝑤𝑖𝑛𝑑) · 𝑃
𝑡
𝑤.𝑁𝑒𝑡𝑤𝑜𝑟𝑘_𝑡𝑜𝑡 · Δ𝑡 + 𝐶

𝑡
(ℎ𝑦𝑑𝑟𝑜) · 𝑃

𝑡
ℎ𝑦𝑑𝑟𝑜 · Δ𝑡 (5.45)

The optimization variables are all described in Table.(5.1).

5.4.3 System operation (WF-PHES) in summer and winter seasons
During the summer and winter seasons, researchers investigated how much power is consumed in a
typical week and how much is predicted for the following week. Because of the weather, demand is
higher in the summer than in the winter, as indicated in Fig. 5.2. There are two operational scenarios
for the system, one for each season.

Off-peak periods (Pumping - Mode)

: These periods are defined in summer with 𝑃𝑡
𝑙𝑜𝑎𝑑
≤ 5500 and in winter with 𝑃𝑡

𝑙𝑜𝑎𝑑
≤ 5000. In these

periods, it holds that:
𝑃𝑡ℎ𝑦𝑑𝑟𝑜 = 0

𝑃𝑡
𝑤𝑖𝑛𝑑,𝑝𝑎𝑟𝑐 (1) + 𝑃

𝑡
𝑤𝑖𝑛𝑑,𝑝𝑎𝑟𝑐 (2) = 𝑃𝑡𝐶,ℎ𝑦𝑑𝑟𝑜 − 𝑃

𝑡
𝐶, (𝐵𝑃𝑆)

𝑃𝑡𝑤,𝑁𝑒𝑡𝑤𝑜𝑟𝑘_𝑡𝑜𝑡 = 0

(5.46)

Peaks periods (Turbining - Mode)

: These periods are defined in summer with 𝑃𝑡
𝑙𝑜𝑎𝑑

> 5500 and in winter with 𝑃𝑡
𝑙𝑜𝑎𝑑

> 5000. In these
periods, it holds that: 

𝑃𝑡
𝑤𝑖𝑛𝑑,𝑝𝑎𝑟𝑐 (1) = 𝑃𝑡

𝑤,𝑁𝑒𝑡𝑤𝑜𝑟𝑘 (1)

𝑃𝑡
𝑤𝑖𝑛𝑑,𝑝𝑎𝑟𝑐 (2) = 𝑃𝑡

𝑤,𝑁𝑒𝑡𝑤𝑜𝑟𝑘 (2)

𝑃𝑡
𝐺𝑟𝑖𝑑_(𝑠𝑢𝑚𝑚𝑒𝑟 ) = 5500 & 𝑃𝑡

𝐺𝑟𝑖𝑑_(𝑤 int 𝑒𝑟 ) = 5000
(5.47)

5.4.4 Constraints governing the problem
The WF-PHES system planning optimization issue is constrained by the following factors:

Power constraints

The installed pumping capacity of the power plant must be met or exceeded by the power generated
by wind farms.

𝑃
𝑡 ,𝑖

𝑤𝑖𝑛𝑑_𝑝𝑎𝑟𝑐𝑠, 𝑗 ≤ 𝑃𝑡𝐶,ℎ𝑦𝑑𝑟𝑜 ∀ 𝑖, 𝑡. (5.48)

Storage constraints (volume stored)

𝐿𝑡𝑢, (min) ≤ 𝐿𝑡𝑢 ≤ 𝐿𝑡𝑢, (max) ∀ 𝑡. (5.49)

𝐿𝑡𝑙 , (min) ≤ 𝐿
𝑡
𝑙 ≤ 𝐿

𝑡
𝑙, (max) ∀ 𝑡. (5.50)

Spillway constraints

𝐿𝑡
𝑠𝑝 (𝑢,𝑙) min ≤ 𝐿𝑡

𝑠𝑝 (𝑢,𝑙) ≤ 𝐿𝑡
𝑠𝑝 (𝑢,𝑙) max ∀ 𝑡. (5.51)

𝐿𝑡(𝑢,𝑙) max ≤ 𝐶𝑎𝑝, (𝑢,𝑙) ∀ 𝑡. (5.52)

This requires solving a constrained non-linear programming problem, which can be done using any
currently used optimization solver, such as NLP’s LINGO.18.
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Table 5.1: Optimization Variables
𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 𝐷𝑒 𝑓 𝑖𝑛𝑖𝑡𝑖𝑜𝑛 𝑈𝑛𝑖𝑡

𝑃𝑙𝑜𝑎𝑑 Power load over time. [MW]
𝑃𝐺𝑙𝑜𝑏𝑎𝑙 is the total of the grid’s existing

power plus system-generated power.
[MW]

𝑃𝑠𝑦𝑠𝑡𝑒𝑚 the sum of powers generated by hy-
droelectric and wind farms.

[MW]

𝑃ℎ𝑦𝑑𝑟𝑜 power generated by a hydropower
plant.

[MW]

𝑃𝑤.𝑁𝑒𝑡𝑤𝑜𝑟𝑘𝑡𝑜𝑡Power total to sell generated by some
wind farms(1) and (2).

[MW]

𝑃𝐺𝑟𝑖𝑑 existing power in the grid over time. [MW]
𝑃𝐶,ℎ𝑦𝑑𝑟𝑜 power consumed by a hydropower

plant.
[MW]

𝑃𝐶, (𝐵𝑃𝑆) power consumed by a booster-
pumped station.

[MW]

𝑃𝑤𝑖𝑛𝑑,𝑝𝑎𝑟𝑐𝑡𝑜𝑡 the sum of powers produced by wind
farms (1) and (2).

[MW]

𝐶𝑡
𝐵𝑒𝑛𝑒 𝑓 𝑖𝑡

is the system profit over time [/MWh]
𝐶(𝑤𝑖𝑛𝑑) price of kilowatt hour produced by

wind farms.
[–]

𝐶ℎ𝑦𝑑𝑟𝑜 price of kilowatt hour produced by
hydroelectric plant.

[–]

5.5 Application to case studies and numerical results

5.5.1 WPP model accuracy
The WPP model proposed in Section (5.2) has been widely applied, and its reliability is confirmed by
the calculation of the technical power curves of the following commercial wind power plants: Gamesa
G52-850 and SWT 2.3-101. Table (5.2) specifically considers facilities with the following geometric
and technical characteristics:

Table 5.2: WPP parameters

𝑃𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 𝐺𝑎𝑚𝑒𝑠𝑎

𝑔𝑎52/850
𝑆𝑖𝑚𝑖𝑒𝑛𝑠

𝑆𝑊𝑇/2300
𝑈𝑛𝑖𝑡

𝐻ℎ𝑢𝑏 65 100 [𝑚]
𝐴𝑟 2124 8000 [𝐾𝑔.𝑚2]
𝑁 30 16 [𝑟 𝑝𝑚]
𝐵𝑙 3 3 [− − −]
𝐶𝑑/𝑙 0.0083 0.0083 [− − −]
𝐹𝑠 1.25 1.25 [− − −]
𝑊𝑜𝑝 14 12.5 [𝑚/𝑠]
𝜑 1.45 1.45 [− − −]
𝐷𝑏 52 101 [𝑚]
𝑃𝑛𝑜𝑚 850 2300 [𝐾𝑊]
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 SWT-2.3-101
 Model

Figure 5.6: power coefficient Cp of each technology as derived by equation (5.9), and a
comparison between the manufacturer’s power curve and the model’s computed power curve.

The technical power curves for the technologies used in the two wind farms are shown in Fig. 5.6
together with the power curves derived from equation (5.20).

The wind turbine model presented in this section has been validated in the previously conducted
works of the authors. The first verification of the model has been performed using a comparison with
the technical power curve for a commercial WPP (S52- 600 kW-50 Hz). The second verification has
been performed on an existing WPP farm. The reader may also find more detailed discussions on the
model reliability in[137]-[87]

5.5.2 Hybrid model WF-PHES
The optimal control of the WF-PHES system is formulated based on the system modeling described in
Sections (5.2, 5.3) and (5.4) and is simulated and tested through two different seasons and by applying
the deterministic case based on real data and the probabilistic case based on outputs obtained by a
forecast, which is not an objective of this work. According to the system architecture proposed in
Fig. 5.5, this study has been applied and solved based on the information available for WF1 and the
other WF2, in addition to a hydrological system that is being completed. In particular, there are two
pumping stations, lower and upper water reservoirs, and a dam, and all these features are present in
the study area. The main pumping station, which forms a closed system with the two reservoirs, is
intended to store water during off-peak periods and generate energy during peak periods. The second
pumping station, known as the booster pumping station, is designed to pump water from the dam to
the lower reservoir to compensate for water losses such as those caused by evaporation during periods
of rising temperatures.

5.5.3 Simulation setup
Two wind farms make up the suggested system. The total installed power in WF1 is 60.3 (MW), with
the first one having 71 turbines of the Gamesa type, each with a capacity of 850 (kW).The second WF2
is made up of 131 Siemens-type turbines with a combined power of 2.3 (MW), with a total installed
power of 301 (MW). In this paper, historical wind speeds have been inferred using an Artificial Neural
Network (ANN) algorithm to establish a forward or reverse correspondence between the calendar
data and the wind speed. A three-layered, back-propagation standard ANN classifier has been used,
consisting of three layers: input, hidden, and output. 80% of the data has been used for training the
ANN, and the rest is used in the testing phase. Finally, a comprehensive wind power plant is used to
estimate the wind power generation. A storage system based on the PHES technology, which entails
a reversible pump-turbine grouping with a power greater than or equal to the combined power of the
two wind farms to pump the water to the upper reservoir and turbinate it to the lower reservoir through
the transfer facilities, and finally, the presence of a booster pumping station to account for the effects
of evaporation for both reservoirs. the water circuit of about 3 (km), including a penstock connecting
the two basins and feeding the plant. The reservoirs have a storage capacity of 4 ∗ 106 (𝑚3), and the
parameters and settings are all listed in that order in Table (5.3).
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Table 5.3: PHES parameters
𝑃𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 𝑉𝑎𝑙𝑢𝑒 𝑈𝑛𝑖𝑡

g 9.81 [𝑚.𝑠−2]
𝜌 999.93 [𝐾𝑔.𝑚−3]
𝐶𝑎𝑝 (𝑢,𝑙) 4.106 [𝑚3]
ℎ𝑢𝑡 550 [m]
𝐻𝑢𝑙 580 [m]
Δ𝑡 1 [hour]
𝑆𝑟 (𝑢,𝑙) 2.105 [𝑚2]
𝜂𝑝 0.9 [—-]
𝜇ℎ𝑦 0.75 [—-]
𝐻𝑑𝑙 70 [m]
𝜂𝑙 𝑝 0.9 [—-]
𝐷𝑠 (𝑚𝑖𝑛−𝑚𝑎𝑥 ) ( 3.6 - 5 ) [m]
𝐷𝑑 (𝑚𝑖𝑛−𝑚𝑎𝑥 ) ( 3.5 - 5 ) [m]
𝐿𝑠 736 [m]
𝐿𝑑 2300 [m]
𝑁
𝑠,𝑑

𝑏𝑟
1 [—-]

The power produced by WF1 and WF2 during a week in July and a week in January are presented
in Figure.5.8 and Figure.5.7. By storing water in the upper reservoir outside the hours when the load
power is less than 5500 (MW) in summer and 5000 (MW) in winter, as shown in Fig 5.7, these powers
are often used for PHES. The additional power should be mainly covered by the WF-PHES system
if the load power exceeds 5000 (MW) in winter and 5500 (MW) in summer. Based on accurate and
forecasted data on load capacities and wind speed, the duration of the real-time simulation was set to
168 hours with a time step of one hour. For each time step, the optimization has been solved to identify
the optimal control strategy that reduces the power peaks, which leads to significant system benefits.
Lingo optimization software has been used to solve the proposed problem.
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Figure 5.7: The variation of the power produced and predicted by each wind farm over the
course of a week during the summer season is determined by Eq (5.22).

5.5.4 Price structure
A procedure known as a power purchase agreement (PPA) is used to determine the cost of wind energy
over a specific length of time, such as a week or a month. In a PPA, a wind power producer and a
customer, like a utility company, agree to sell a specific amount of electricity at a specific cost. Water
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Figure 5.8: The variation of the power produced and predicted by each wind farm over the
course of a week during the winter season is determined by Eq (5.22).

availability, electricity demand, and the cost of producing electricity from other sources are some of
the variables that can affect how much hydro costs. In this study, 1 (kWh) will be sold at a price that
is generally considered to be fixed compared to the price of electricity generation from other energy
sources. for 1 (kWh) to be sold at 0.200 (), although the cost of the (kWh) produced by hydroelectricity
is fluctuating. Unlike fossil fuels, the price per (KWh) can vary according to market demand and other
factors, although it is about 0.300 () per (kWh) during average peaks and about 0.450 () per (kWh)
during peak hours.

5.5.5 Results and analysis
The optimization problem aims at minimizing the power peaks through the system operation strategies
provided by the optimization, taking into account the actual and anticipated wind data and power
loads in order to provide future state trajectories for ensuring optimal system operation during vari-
ous seasons. The water reservoirs’ initial states as 𝐿𝑡𝑢 (0) = 1000(𝑚3) and 𝐿𝑡

𝑙
(0) = 3.7 · 106 (𝑚3),

respectively. In both deterministic and probabilistic scenarios, Fig. 5.7 and 5.8 display the power gen-
erated by the two wind farms during the summer and winter seasons that is used by the hydroelec-
tric plants during off-peak times and that is offered for sale to the grids 𝑃𝑡

𝑤,𝑁𝑒𝑡𝑤𝑜𝑟𝑘𝑡𝑜𝑡
during peak times.

Fig. 5.9 and 5.10 show how the overall weekly peak loads have changed dynamically. In the determin-
istic and probabilistic instances for the system throughout the summer, the peak loads are decreased
by 99%. With a contribution of 49 % and a rate of up to 14119.91 (MW), or over half of the system.
The system shows good performance;in addition, a contribution of 50% has been made at a rate of
up to 14522.08 (MW) by the 𝑃𝑤𝑛𝑒𝑡𝑤𝑜𝑟𝑘−𝑡𝑜𝑡 , which reflects the entire amount of power produced by
wind farms for sale to the network. There is only one noticeable difference, a small difference, which
is the low energy of hydropower at a value of 13996.71 (MW) equivalent to 48.86% while at the same
time, there is a notable increase in 𝑃𝑤𝑛𝑒𝑡𝑤𝑜𝑟𝑘−𝑡𝑜𝑡 at a value of 14645.28 (MW), which is 90% of the
capacity produced by WF2 and 10% for WF1. In Fig. 5.10, during the winter season, the system
manages to reduce peak power by 88.5% for the deterministic case and 75.34% for the probabilistic
case, respectively. With a contribution of 50.69% and a rate of up to 18020.81 (MW), i.e., more than
half of the system. In addition, a contribution of 49.31% was made at a rate of up to 17527.29817
(MW) by the 𝑃𝑤,𝑁𝑒𝑡𝑤𝑜𝑟𝑘−𝑡𝑜𝑡 , which reflects all the energy produced by the wind farms for sale to
the grid, i.e., 15.2% of the capacity produced by the wind farm (1) and 84.88% for the wind farm
(2) for the probabilistic, a contribution of 53.15% and a rate of up to 17750.84 (MW), i.e., more
than half of the system, by the 𝑃𝑤,𝑁𝑒𝑡𝑤𝑜𝑟𝑘−𝑡𝑜𝑡 , which reflects all the energy produced by the wind
farms and is destined to be sold to the grid. This is 10.12% of the capacity produced by the wind
farm (1) and 90.98% for the wind farm (2). Hydroelectricity has contributed 46.84% at a rate of up
to 15644.9817 (MW).The discrepancy between wind speed and load power forecasts and actual data
is what causes this divergence between probabilistic and deterministic scenarios. The best results of
the PHES technology during the pumping periods and their flow rates during the summer and winter
seasons are shown in Figure 5.11. 𝑃𝐶,ℎ𝑦𝑑𝑟𝑜 pumping became active in the summer during the off-peak
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Figure 5.9: Reduction of the peak load by the system during the winter season in the
deterministic and probabilistic cases.
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Figure 5.10: Reduction of the peak load by the system during the winter season in the
deterministic and probabilistic cases.
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Figure 5.11: Optimal operation of the PHES technology proposed by the optimization model
during a summer week.
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Figure 5.12: The variation of the volumes of water stored in the reservoirs during the function
of the PHES technology during a week.
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Figure 5.13: The variation of the friction losses in transfer installation during the function of
the PHES technology .

period using the energy supplied by the wind farms and reached a maximum value of 342 (MW) on the
first day of the week in the deterministic case and a maximum value of 366 (MW) in the probabilistic
case In winter, the pumping 𝑃𝐶,ℎ𝑦𝑑𝑟𝑜 reaches a maximum value of 351 (MW) on the fifth day of
the week in the deterministic case and a maximum value of 348 (MW) in the probabilistic case. The
operating conditions given to the optimization model were well respected. Fig. 5.12 shows the ideal
results of measuring the summer and winter water storage volumes in the proposed upper and lower
reservoirs. It can be seen that it is assumed that the maximum reference volume should not exceed
the storage capacity of the reservoirs, which according to equation (5.32) has a value of 4 ∗ 106 (𝑚3)
over the whole time horizon. This test demonstrates the fact that the stored water quantities, reach a
maximum value of 3.7 ∗ 106 (𝑚3) in summer and 2.8 ∗ 106 (𝑚3) in winter in both reservoirs for the real
and probable scenarios. The reason for the decrease in water volumes in winter is due to the increase
in peak power and the decrease in wind speed throughout the wind farm (2) compared to the summer
season. During one week of study, it is usual that extremely low reservoir siltation values have no
impact on the water quality or reservoir levels. due to the fact that the effects of reservoir siltation
and water level decreases on system operation begin to manifest after a year and beyond. The results
of the frictional loss in the transfer facilities, as shown in equation (5.26), are presented in Fig. 5.13.
High losses occur at different seasons of the year and in deterministic and probabilistic situations,
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Figure 5.14: Depicts the change in the amount of water evaporated by the two reservoirs over
the course of a summer week.
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Figure 5.15: The benefits of the system for the summer and winter seasons for one week in
the probabilistic and deterministic cases.

especially during peak periods, or "turbining periods," due to the extremely high values of turbined
water flows that result in higher impacts on the pipe walls as the system is turbulent, unlike pumping
periods where pumped water flows are typical. The evolution of the amount of water evaporated by
the two reservoirs during a foreseeable and probabilistic summer week is presented in Fig. 5.14. The
peaks can be observed almost every day, from 10 a.m. to 5 p.m., which is natural because of the
high temperatures during these periods of the day during the summer. The booster pumping station
managed to reduce the total peak evaporation volumes of both reservoirs during the week by a max-
imum value of 0.85 (MW) of power consumption. In this study, the amount of water evaporated by
both reservoirs in the winter season for both scenarios is null due to the low temperatures. Fig. 5.15
shows the advantages of the system for deterministic and probabilistic instances during the summer
and winter seasons. These advantages include the energy provided by the two WFs and the PHES
technology. It is evident that hydroelectricity demonstrated excellent and significant benefits because
it accounted for 66.39% of the system’s benefits over the summer, or 6.14 (M) in the deterministic case
and 6.07 (M) in the probabilistic case. Profits from wind energy reached 33,61 %, which is equivalent
to 3,10 (M) in the deterministic case and 2,98 (M) in the probabilistic case, or 18,41(M) overall for
the system this season. While in the winter, hydroelectricity accounts for 67.49% of an amount that
totals 7.27 (M) for the deterministic case and 6.04 (M) for the probabilistic case, representing 62.99%,
while wind energy comes in at 32.50% and 37.001% for both the deterministic and probabilistic cases,
respectively. corresponding to 9.59 (M) and 10.78 (M). The total cost of the system is 20.37 (M).
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Figure 5.16: Comparison of optimization methods for lowering the system’s summertime
peak load.
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Figure 5.17: Percentages of wind and hydropower as well as their earnings for various
optimization methods.

5.5.6 Comparison analysis
A comparison study has been conducted to show the effectiveness and performance of the proposed
model compared to other methods available in the literature. The objective is to identify the most
effective solution in a deterministic scenario. After conducting extensive simulations and analyzing the
results, it became evident that the proposed model emerged as the optimal choice, flawlessly satisfying
and achieving a remarkable 99.6% of the peak load requirements. Pyomo with the IPOPT solver
demonstrated commendable performance, achieving a remarkable 98.8% satisfaction rate. Meanwhile,
the genetic algorithm, although effective, exhibited a slightly lower yet respectable 95.87% success
rate. This empirical evidence underscores the significance of tailored optimization techniques, with
LINGO leading the way in ensuring optimal peak shaving and system performance, providing valuable
insights for future implementations and system enhancements. As shown in figure 16. The percentages
and earnings of each energy source (wind, hydro), as well as the overall benefits for each approach,
are compared in Figs. 5.17 and 5.18. As can be observed, the proposed model implemented in
LINGO and GA optimization methods with Pyomo-IPOPT, there is convergence in the percentage
of energy produced by hydro. The real measure for the effectiveness of optimization techniques,
however, continues to be the system’s overall revenues (WF-PHES). It can be seen that the proposed
control approach leads to the highest income, as depicted in figure 18. We conclude that the proposed
approach achieves a total of 9.248 (M=C), which is higher than Pyomo-IPOPT and GA, which have
values of 9.139 (M=C) and 9.003 (M=C), respectively.
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Figure 5.18: Total system incomes for different optimization methods.

5.6 Conclusion
In this work, we investigated and evaluated the effectiveness of using the energy generated by the
contributions of two wind farms and a large-scale pumped hydro energy storage system to reduce
peak loads in the power system. To track the grid power in real time (deterministic) and predict it
(probabilistic), including the peak load, we propose a complete mathematical model of WF-PHES
and a related optimization problem. These tools allow for the identification of the best operational
approach that reduces the peak load and maximizes the benefits of the system. By taking advantage of
the behavior and performance of PHES during the charging and discharging of water tanks, production
and storage operations are monitored. The proposed model already takes into account, at an important
level of detail, several technical and economic constraints. However, many other constraints may be
present, depending on the practical application. For example, limitations in terms of cost of equipment,
energy loss, storage capacity, and reliability may need to be taken into account in order to more
accurately assess the effectiveness of the algorithm in the specific case study. The results demonstrate
significant benefits and advantages due to the contribution of wind power, which generates free energy,
and reliable and affordable PHES storage technology due to its ability to store a significant amount
of energy for long periods of time with minimal energy losses. The amount of water that evaporates
and the rate at which it rises and falls to meet changes in energy demand are used as indicators. The
peak loads were reduced by 99% in summer, with inflows reaching a value of 18.46(M) for both the
deterministic and probabilistic scenarios, but in winter, the peak loads were reduced by 88.5% for the
deterministic case and 78.35% for the probabilistic case, with inflows evaluated at 20.37 (M) for both
scenarios. We have convincingly demonstrated that the adoption of hybrid WF-PHES systems can be
beneficial both to the main grid and to those making decisions about energy systems.

In the context of real-world applications, an intriguing perspective and future development involve
the integration of this approach with Model Predictive Control (MPC). MPC, grounded in a sliding-
horizon framework, entails computing optimal control sequences for a defined time horizon, with only
the initial control action being executed. To incorporate the latest information for potential scenarios,
the model operates on a rolling horizon principle, enabling access to new measurements at subsequent
time steps. This facilitates the recalculation of the optimal control routine for the upcoming periods.
It is important to note that the accuracy, reliability, and disparities between predicted and actual data
significantly impact the effectiveness of the proposed approach. In order to address these challenges
within a dynamic operational environment, the use of MPC allows for leveraging updated predictions
derived from the most accurate short-term forecasts available.
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