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Abstract
Energy management sits at the nexus of global sustainability objectives, striving not

only to curtail greenhouse gas emissions but also to balance resource conservation and eco-

nomic viability. Against this backdrop, machine learning (ML) has become an increasingly

vital tool, offering flexible, data-driven methods for forecasting, optimization, and real-time

decision-making in complex energy environments. By leveraging high-resolution data—from

solar and wind generation to occupant behavior and crop conditions—these approaches un-

cover patterns and adapt strategies in real-time to enhance both operational efficiency and

system resilience. This dissertation explores the application of tailored ML solutions across

three critical areas. 1. For island power systems with high renewable penetration, it demon-

strates how data-driven frequency nadir constraints can bolster grid stability without impos-

ing excessive costs. 2. For occupant-centric building controls, it illustrates how multi-agent

reinforcement learning can considerably reduce energy use while preserving occupant com-

fort. 3. Within agricultural operations, it highlights how advanced reinforcement learning

frameworks can align irrigation, fertilization, and renewable resource utilization to increase

yields while limiting environmental impact. Taken together, these studies exemplify the

transformative role ML can play in shaping a more sustainable and cost-effective energy

future.

The first section of this dissertation focuses on island or weakly interconnected power

grids, which face unique challenges due to high penetrations of inverter-based renewable

energy resources. As intermittent sources like photovoltaics reduce overall system inertia,

operators must ensure stable frequency responses following severe disturbances such as gen-

eration outages. To this end, a data-driven unit commitment (UC) model is proposed,

incorporating frequency nadir constraints derived from comprehensive dynamic simulations

and year-long generation data. By capturing the relationship between scheduled generation



and post-disturbance frequency levels, these constraints effectively limit frequency deviations

to acceptable ranges, thereby improving system reliability. Extensive simulations reveal that

this approach yields significantly more robust frequency nadirs than a simpler minimum in-

ertia constraint, with only a marginal increase in generation costs. The result is a more

sustainable, renewable-powered grid that maintains stability and reliability without compro-

mising economic feasibility.

Next, the dissertation addresses energy efficiency in buildings, where HVAC (Heat-

ing, Ventilation, and Air Conditioning) systems account for a considerable share of total

electricity usage. Traditional control methodologies often rely on static occupant behavior

assumptions, which fail to capture short-term fluctuations in clothing insulation, metabolic

rates, and occupancy patterns. To overcome these limitations, a multi-agent deep rein-

forcement learning (MADRL) framework is introduced for multi-zone HVAC control. In

this setup, each zone is managed by an intelligent agent that learns to dynamically adjust

heating and cooling setpoints based on real-time occupant behavior and energy cost signals.

Simulation studies demonstrate that the proposed occupant-centric approach reduces elec-

tricity expenses significantly compared to rule-based methods and by slightly saving relative

to single-agent deep reinforcement learning (DRL), all while preserving occupant comfort.

Such improvements underscore the role of advanced learning algorithms in achieving energy

efficiency and occupant satisfaction simultaneously, thereby contributing to the broader sus-

tainability agenda.

The final section explores the Food-Energy-Water (FEW) nexus, where agriculture in-

tersects with renewable energy utilization. A novel framework is developed to integrate

solar power, green ammonia production, and deep reinforcement learning–based optimiza-

tion. By producing ammonia on-site using renewable energy, farms can leverage a valuable

agricultural input while also storing excess energy for later use. The intelligent control sys-

tem, driven by DRL, coordinates the timing of ammonia production, energy storage, and

irrigation schedules to maximize farm revenue and optimize resource use. Simulation re-

sults confirm that this integrated approach can significantly enhance both economic and



environmental outcomes, paving the way for greener, more resilient agricultural practices.

Collectively, these three ML-driven frameworks showcase the versatility and impact of

data-based decision-making in advancing sustainability and energy efficiency. Whether in

stabilizing low-inertia power grids, managing building energy consumption with occupant-

centric insights, or aligning agricultural operations with renewable resources, machine learn-

ing stands out as a transformative technology. By rigorously addressing each domain’s

distinct challenges and synthesizing overarching lessons learned, this dissertation provides

a blueprint for policymakers, engineers, and researchers aiming to foster sustainable energy

systems. Ultimately, the proposed methodologies demonstrate that targeted applications of

ML can lead to robust, cost-effective, and resource-conscious energy management solutions,

propelling global efforts toward a more efficient and low-carbon future.
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and post-disturbance frequency levels, these constraints effectively limit frequency deviations

to acceptable ranges, thereby improving system reliability. Extensive simulations reveal that

this approach yields significantly more robust frequency nadirs than a simpler minimum in-
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mising economic feasibility.

Next, the dissertation addresses energy efficiency in buildings, where HVAC (Heat-

ing, Ventilation, and Air Conditioning) systems account for a considerable share of total

electricity usage. Traditional control methodologies often rely on static occupant behavior

assumptions, which fail to capture short-term fluctuations in clothing insulation, metabolic

rates, and occupancy patterns. To overcome these limitations, a multi-agent deep rein-

forcement learning (MADRL) framework is introduced for multi-zone HVAC control. In

this setup, each zone is managed by an intelligent agent that learns to dynamically adjust

heating and cooling setpoints based on real-time occupant behavior and energy cost signals.

Simulation studies demonstrate that the proposed occupant-centric approach reduces elec-

tricity expenses significantly compared to rule-based methods and by slightly saving relative

to single-agent deep reinforcement learning (DRL), all while preserving occupant comfort.

Such improvements underscore the role of advanced learning algorithms in achieving energy

efficiency and occupant satisfaction simultaneously, thereby contributing to the broader sus-

tainability agenda.

The final section explores the Food-Energy-Water (FEW) nexus, where agriculture in-

tersects with renewable energy utilization. A novel framework is developed to integrate
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Collectively, these three ML-driven frameworks showcase the versatility and impact of

data-based decision-making in advancing sustainability and energy efficiency. Whether in

stabilizing low-inertia power grids, managing building energy consumption with occupant-

centric insights, or aligning agricultural operations with renewable resources, machine learn-
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Chapter 1

Introduction

This chapter introduces the concepts studied in this dissertation. It also emphasizes the

importance and necessity of this research as well as provides detailed research questions and

contributions of this dissertation.

1.1 Background

Energy sustainability has become a central priority for governments, industries, and re-

search communities worldwide, driven by mounting concerns about climate change, resource

scarcity, and the need for economic resilience4. A pivotal aspect of achieving sustainabil-

ity lies in improving energy efficiency—minimizing energy waste while meeting societal and

economic demands. From residential buildings to large-scale power grids, energy efficiency

initiatives can mitigate environmental impacts, reduce costs, and support long-term decar-

bonization goals.

Data and sensors (i.e., Internet-of-Things) provide a valuable opportunity to apply

Machine Learning (ML)—to uncover complex patterns and optimize energy use across diverse

domains5. By leveraging ML, system operators, and policymakers can make more informed

decisions, manage renewable integration effectively, and streamline resource usage in the
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real-time.

1.2 Introduction to Machine Learning

ML is a subfield of artificial intelligence that enables computer systems to learn and

improve from data and experience, without being explicitly programmed6;7. ML algorithms

extract patterns and correlations from historical datasets, facilitating accurate predictions

and effective decision-making strategies across diverse fields, including healthcare, finance,

and particularly energy management systems8. Generally, ML algorithms are categorized

into three distinct types: supervised learning, unsupervised learning, and reinforcement

learning. Due to the scope of this dissertation, special emphasis is placed on supervised and

reinforcement learning, given their extensive applications in energy management systems.

1.2.1 Supervised Learning

Supervised learning involves training algorithms on labeled datasets, where each input

is paired with a specific target or outcome. The core objective of supervised learning is to

accurately model the relationship between input variables (features) and output variables

(predictions or classifications). Within supervised learning, two major tasks are frequently

addressed:

• Regression: Predicts continuous values, such as energy consumption, renewable gen-

eration (e.g., solar and wind power), or electricity market prices9;10.

• Classification: Categorizes data into discrete classes, suitable for tasks such as fault

detection, equipment diagnostics, or determining operational states in power sys-

tems11;12.

Widely used supervised learning algorithms include linear regression, support vector ma-

chines (SVM), decision tree-based ensemble methods (random forests, gradient boosting),

and artificial neural networks (ANNs). Specifically, linear regression offers interpretability
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and computational efficiency for simpler predictive tasks9. Ensemble methods, such as XG-

Boost, provide higher accuracy in load forecasting and fault detection due to their ability

to handle complex nonlinear interactions13. Moreover, artificial neural networks and deep

learning models are capable of modeling intricate relationships within data, essential for

predicting intermittent renewable energy sources14. Supervised learning is highly effective

when substantial labeled historical data is available, although performance heavily depends

on data quality, preprocessing, and validation strategies.

1.2.2 Reinforcement Learning

Reinforcement learning (RL) addresses sequential decision-making problems by enabling

computational agents to interact iteratively with dynamic and uncertain environments. RL

algorithms continuously update their policies based on the feedback (rewards or penalties)

received, aiming to maximize cumulative long-term rewards. This method is particularly

valuable in applications requiring real-time adaptive control, such as energy system opera-

tions, robotics, and autonomous systems15.

Key reinforcement learning methods include:

• Value-based Methods (e.g., Q-learning, Deep Q-Network (DQN)): Estimate

optimal actions by evaluating state-action values, suitable for discrete decision-making

tasks16.

• Policy Gradient and Actor-Critic Methods (e.g., Advantage Actor-Critic

(A2C), Deep Deterministic Policy Gradient (DDPG)): Directly optimize poli-

cies for continuous action spaces, essential for precise control applications like dynamic

power output adjustments or temperature setpoint management15;17.

• Multi-Agent Reinforcement Learning (MARL): Deals with environments involv-

ing multiple interacting agents, useful for coordinated control of distributed energy

resources, multi-zone climate management, and grid stability enhancement18.

Although reinforcement learning exhibits powerful adaptive capabilities, practical appli-
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cations may encounter challenges related to computational complexity, data efficiency, and

optimal exploration strategies.

1.2.3 Unsupervised Learning

Unsupervised learning analyzes unlabeled datasets to uncover inherent data structures

or patterns without predefined targets. Common techniques, such as K-means clustering and

principal component analysis (PCA), are typically employed in exploratory data analysis,

anomaly detection, and dimensionality reduction tasks19. While unsupervised learning can

enhance data understanding and preprocessing, it generally complements supervised or re-

inforcement learning rather than independently addressing predictive or sequential decision-

making tasks in energy management applications.

1.2.4 Selecting Machine Learning Methods

When applying ML to energy management, practitioners should carefully select appro-

priate methods based on the problem context, data availability, and system dynamics20:

• Supervised Learning is preferred when extensive historical data with clear labels is

available, ideal for predictive tasks and classification scenarios.

• Reinforcement Learning is beneficial in environments that require sequential, real-

time adaptive decision-making under uncertainty.

• Unsupervised Learning serves primarily in preliminary data analysis, exploratory

tasks, or supportive roles in broader ML pipelines.

Understanding these distinctions ensures the effective selection and application of ML

algorithms to address complex real-world problems. This dissertation examines chapters that

explore the transformative role of ML across three critical domains of energy management:

power systems, building energy management, and agricultural energy management. In power

systems, the rapid integration of inverter-based renewable resources challenges frequency sta-

bility due to reduced inertia and heightened variability; Chapter 2 addresses this by proposing
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a supervised learning-driven frequency nadir estimation integrated into a computationally

efficient Mixed-Integer Linear Programming (MILP)-based Unit Commitment (UC) frame-

work, validated through extensive real-world simulations. Subsequently, Chapter 3 shifts

focus to building energy management, acknowledging buildings’ significant contribution to

global energy consumption, and tackles the complexity arising from dynamic occupant behav-

iors—such as occupancy, clothing adjustments, and metabolic variations—through a novel

occupant-centric multi-agent Deep Reinforcement Learning (MADRL) approach for multi-

zone HVAC control, significantly improving energy efficiency and occupant comfort. Finally,

recognizing agriculture’s critical role in human sustenance and its substantial environmental

impact, Chapter 4 presents an innovative framework integrating renewable energy, green

ammonia production, and reinforcement learning within the Food-Energy-Water (FEW)

Nexus. This approach optimizes resource use and enhances farm-level sustainability, effec-

tively demonstrating ML’s profound potential to address intricate sustainability challenges

across diverse energy-related systems.

1.3 Machine Learning in Power System of Frequency

Stability Assessment and Unit Commitment

Inverter-based resources (IBRs) deployed for energy decarbonization in power systems

pose challenges to stabilizing system frequency due to the absence of conventional rotational

inertia support21;22. Variability and uncertainty in IBR power outputs exacerbate power

imbalances, leading to larger frequency excursions and increased resource requirements for

frequency regulation23;24. Replacement of conventional generators with IBR reduces system

inertia and the reliability of frequency regulation. Consequently, power systems with high

renewable penetration face a lower frequency nadir, risking under-frequency load shedding

(UFLS)25;26 after generation tripping. This urgent issue is particularly critical for island

systems without interconnection. Some system operators in the United Kingdom adopt a

minimum inertia constraint approach27, used in power systems with significant penetration of
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IBR, which has the drawback of increasing cost. Maintaining conventional generators online

solely for inertia support incurs additional expenses for maintenance, fuel, and operations.

As the IBR share increases, reliance on costly conventional generators for the inertia response

grows, posing financial challenges and questioning the long-term feasibility of this approach.

To maintain frequency stability in the system operation stage, researchers integrate the

frequency nadir constraint into a traditional generation scheduling problem, such as unit

commitment (UC) and economic dispatch (ED). A comprehensive literature review, pre-

sented in Table 3.1, reveals that the frequency nadir constraints can be derived from two

approaches: the analytical model method21;28–41 and the data-driven method42–49. However,

incorporating the frequency nadir constraint into existing Mixed Integer Linear Programming

(MILP)-based UC problem through either of these methods, particularly the data-driven

approach, can increase the Complexity of Adaption (CoA), leading to a larger number of de-

cision variables and parameters during linearization or master-sub programming, and hence

can increase computational complexity. Categorically, we conclude three challenges to incor-

porating frequency nadir constraints to MILP-based UC problems in the current situation:

First, the non-linearity of the nadir constraints makes it challenging to incorporate them

into a MILP-based UC model. Many studies use Piece Wise Linear (PWL)21;28;29;31–37;39

and Benders’ Decomposition (BD)38;42–45 methods to integrate the constraint. Piecewise

linearization allows for the representation of nonlinear functions with a series of linear seg-

ments, offering more flexibility in modeling complex relationships. However, using PWL

requires careful selection of breakpoints and can lead to a high approximate error, while

using BD could result in infeasible solutions in subproblems. These methods can increase

CoA in the MILP-based UC problem by introducing more decision variables and parameters

during linearization. A frequency nadir constraint has a small CoA in MILP when it is

closer to a linear equation, while a nonlinear frequency nadir constraint leads to a higher

CoA in MILP. Moreover, those constraints with higher CoA result in higher computational

complexity during linearization.

Second, accurately estimating the frequency nadir constraint is essential to maintain
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adequate inertia and headroom for fast frequency response, as well as to ensure that the sys-

tem frequency nadir remains within acceptable limits50. However, accurately estimating this

constraint is challenging due to various factors such as inertia, synchronous reactance, time

constants, droop settings of conventional generators and IBRs, and the number of online

units. Analytical models may not capture all the nonlinear relationships involved, further

complicating the estimation process. Fortunately, data-driven methods42–49 can offer accu-

rate estimates by treating the frequency nadir and the input data as black boxes, considering

the entire system and its output. These data-driven approaches provide a viable alternative

to analytical models, leveraging the advantages of capturing complex nonlinear relationships.

Therefore, this work embraces the benefits of data-driven models to estimate the frequency

nadir instead of relying solely on analytical models.

Third, validation and testing of the frequency nadir constraint is crucial to ensure its

accuracy, reliability, and effectiveness in the MILP solution. Long-term simulations with

realistic time series data and real-world systems are necessary for comprehensive validation

under various system operation scenarios. Most studies use a simulation of one day (24

hours)21;28;29;31;34–39;42–45. The volatile operation conditions of high-IBR penetration power

systems, including the impact of large-capacity PV-battery systems and their operating

hours, cannot be fully satisfied with his short-term validation. Therefore, a ”long-term”

simulation with attentive analysis is crucial to confirm the frequency nadir constraint’s ef-

fectiveness while considering dynamic performance.

1.4 Machine Learning in Buildings Energy Manage-

ment

Buildings in the United States account for approximately 36% of total energy consump-

tion, with HVAC systems being a significant contributor, particularly during hot summers52.

Smart homes using IoT technologies and human-centered intelligent scheduling for HVAC

control is a promising solution for energy-efficient and comfortable buildings53. Understand-
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Table 1.1: Comparison of related works in the literature (in publication time order)

Ref. Frequency constraint Real sys. w/
High IBR

Approaches Validation
Period

CoA

28/2013
Analytical-model ✓ Piece Wise Linear 24 hours Mid

29/2014
Analytical-model Piece Wise Linear 6 hours Mid

30/2016
Analytical-model ✓ Ordinary Differential

Equation
6 hours Mid

31/2016
Analytical-model Piece Wise Linear 24 hours Mid

32/2016
Analytical-model ✓ Piece Wise Linear 146 hours Mid

42/2016
Data-driven CSC-based Benders’

Decomposition
24 hours High

43/2019
Data-driven CSC-based Benders’

Decomposition
24 hours High

44/2019
Data-driven Duality-Free Benders’

Decomposition
24 hours High

33/2019
Analytical-model ✓ Piece Wise Linear 8760 hours Mid

21/2019
Analytical-model Piece Wise Linear 24 hours Mid

34/2019
Analytical-model ✓ Piece Wise Linear 48 hours Mid

35/2020
Analytical-model Piece Wise Linear 24 hours Mid

36;37/2021
Analytical-model Piece Wise Linear 24 hours Mid

51/2021
Analytical-model ✓ Adaptive Piece Wise

Linear
24 hours Mid

38/2021
Analytical-model ✓ Bilinear Benders’ De-

composition
24 hours High

45/2021
Data-driven OCT-based Benders’

Decomposition
24 hours High

39/2022
Analytical-model Piece Wise Linear 24 hours Mid

40/2022
Analytical-model ✓ Tri-level Benders’ De-

composition
24 hours High

41/2022
Analytical-model Gauss–Seidel Itera-

tions
40 seconds High

46/2022
Data-driven DNN-based Binary

Encoder
24 hours High
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Table 1.2: Comparison of related works in the literature (in publication time order)

47/2022
Data-driven Wasserstein-Metric

Ambiguity Set
24 hours High

48/2022
Data-driven SVR-based Lineariza-

tion
24 hours Mid

49/2022
Data-driven ✓ Logistic Regression 24 hours Mid

This
work

Data-driven ✓ Linear Regression 8760 hours Low

ing and incorporating Occupant-Centric Control (OCC) is crucial for effective building en-

ergy management54;55. Wang et al.56 investigated occupancy patterns in single-person offices

and proposed a probabilistic model for occupancy prediction, emphasizing the complexity

and time variation of occupancy intervals. Several studies have proposed algorithms and

models for predicting occupancy to improve energy consumption and occupant comfort, in-

cluding Reinhart57, Page et al.58, Klein et al.59, and Fabi et al.60. Furthermore, integrating

clothing behaviors and clothing decisions into HVAC control strategies can further enhance

building energy efficacy61–63. There are a lot of literature studies on the simplified model

for occupant behavior model in building energy management to reduce the electricity cost

while maximizing the occupant thermal comfort in residential buildings64;65 and commercial

buildings66–68. However, occupancy and clothing behavior are not the only factors that have

an effect on occupants’ thermal comfort model. Metabolic rate with activity schedule is

another important factor that should be conducted in the thermal comfort69 considered in

indoor temperature control. However, dynamic occupant behavior containing the occupancy,

clothing adjustment, and metabolic rate involved in thermal comfort in HVAC control is still

an unsolved problem70.

On the other hand, model-based optimization can be time-consuming when dealing with

large solution spaces, making it unsuitable for real-time decision-making. In recent years,

Deep Reinforcement Learning (DRL), a model-free approach, has gained traction among

engineers and researchers for tackling building energy management problems71. DRL-based

HVAC control methods have been proposed to address challenges posed by large state-action
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spaces18;72 and complex indoor environments21;73. However, addressing the multi-zone HVAC

control problem with continuous action spaces remains a challenge despite the application of

DRL techniques in previous studies. In real-world environments, multi-zone thermal control

involves complex control agents and often necessitates a balance between competition and

cooperation among these agents. Some studies have applied Multi-agent Deep Reinforcement

Learning (MADRL) to multi-zone thermal control74;75, while often lacking dynamic mod-

eling. In Table 1, “Const.” signifies a consistent schedule applied throughout simulations,

while “Dyn.” represents changing occupant activities influenced by factors such as time of

day, weather, and personal choices. Although certain studies have integrated occupant pres-

ence76–78, they do not account for metabolic rate and clothing adjustments. This gap will be

addressed in Chapter 3 in occupant behavior modeling validation and it highlights the need

for novel MADRL methods capable of addressing the complexity of multi-zone environments

and dynamic occupant behaviors in HVAC control.

Table 1.3: Literature review of DRL in HVAC control

Reference
Whole Multi- Multi- Occupant behavior
building area agent Occupancy Metabolic Clothing
simulation thermal zone approach

18/2017
√ √

21;79/2018-19
√ √

Const.
80/2020

√ √
Const. Const.

81/2021
√ √ √

Const. Const.
82/2021

√ √
Const.

83/2021
√ √

74/2021
√ √

Const.
76/2021

√ √ √
Dyn.

84/2022
√ √

Const. Const. Const.
77/2022

√ √ √
Dyn.

75/2022
√ √ √

78/2022
√ √ √

Dyn.
85/2022

√
Dyn.

86/2023
√ √ √

87/2023
√ √

Chapter 3
√ √ √

Dyn. Dyn. Dyn.
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1.5 Machine Learning in Agriculture Energy Manage-

ment

The pressing challenges of climate change, resource scarcity, and global population

growth demand innovative approaches to sustainability within the Food-Energy-Water (FEW)

Nexus. This concept emphasizes the interdependence of food, energy, and water systems,

advocating for their integrated management to yield more effective outcomes than address-

ing them in isolation. For example, Huntington et al.88 demonstrated the benefits of a

FEW Nexus approach in rural areas, where renewable energy initiatives improved energy

security. Similarly, Wang et al.89 presented an integrated system combining solar desali-

nation, power generation, and crop irrigation to address water and energy scarcity while

supporting agricultural activities. On a community scale, Ma et al.90 highlighted the role

of spatial planning in optimizing FEW resource management, proposing a framework to in-

corporate FEW considerations into community planning. Proctor et al.91 examined diverse

perspectives within the FEW Nexus, identifying key motivations like ecosystem health and

waste management, and called for clearer definitions of research motivations to strengthen

coherence in the field. However, as noted by Abdi et al.92, the FEW Nexus approach faces

significant challenges due to increasing resource consumption, scarcity, and environmental

degradation. They emphasized the need for integrated management strategies that support

long-term sustainability.

Agriculture, as the sole provider of human food, relies heavily on energy-intensive pro-

cesses, primarily powered by fossil fuels, which significantly contribute to greenhouse gas

emissions and climate change93;94. Meynard et al.95 underscore the potential of renewable

resources such as solar, wind, biomass, and small-scale hydro to mitigate environmental

impacts while enhancing economic stability. Chel and Kaushik96 further emphasize the bal-

ance required for agriculture, advocating for renewable energy systems like solar photovoltaic

water pumps and greenhouse technologies to minimize non-renewable resource use and envi-

ronmental harm. The advent of smart farming technologies, as discussed by Guven et al.97,
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leverages information and communication technologies to optimize agricultural processes

through data-driven decisions, thus improving efficiency and conserving natural resources.

Rahman et al.98 review the application of renewable energy in agriculture, highlighting the

disparities between developed and developing countries in adopting these technologies and

stressing the need for incentive-based policies to support this transition. Mendigoria et al.99

and Bardi et al.100 explore the role of energy management systems and future restructuring

of agriculture to utilize renewable electric power, advocating for significant transformations

to achieve true sustainability. Collectively, these studies underscore the importance of inte-

grating renewable energy into farm energy management as a critical strategy for reducing

greenhouse gas emissions, promoting sustainable practices, and ensuring economic stabil-

ity—thereby reinforcing the interconnected goals of the FEW Nexus.

Renewable energy is crucial for transforming agricultural practices into more sustain-

able and resilient systems. Edmonds et al.101 demonstrate the viability of utilizing renew-

able electricity for hydrogen production via electrolysis and nitrogen extraction through air

liquefaction. These processes help reduce carbon emissions while also serving as demand-

responsive loads and long-term energy storage. Expanding on this concept, Edmonds et

al.102;103 investigate the coordinated operation of water and electricity distribution networks

powered by variable renewable energy (VRE) sources. Then, Edmonds et al.101 demonstrate

the viability of utilizing renewable electricity for hydrogen production via electrolysis and ni-

trogen extraction through air liquefaction, helping to reduce carbon emissions while serving

as demand-responsive loads and long-term energy storage. In the context of small-scale en-

ergy systems, Liu et al.36;104 explore home energy management that integrates photovoltaic

(PV) systems and electric vehicles using stochastic optimization techniques. In the other

way, renewable energy integration in large-scale energy systems is explored in65;105 to en-

hance its efficiency and system’s flexibility. Additionally, green ammonia, produced using

renewable energy sources, presents a promising solution for energy storage. This decar-

bonization transition, driven by green ammonia’s potential to substantially lower emissions

has attracted significant attention. Müller et al.106 highlight green ammonia’s role as a high-
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density energy carrier with storage efficiency comparable to hydrogen. Bouaboula et al.107

address the intermittency of renewable energy in green ammonia production, proposing a

techno-economic model that optimizes ammonia plant operations, ensuring consistent pro-

duction despite energy fluctuations. Their advanced energy management strategy (EMS)

significantly improved the Haber-Bosch reactor’s load factor, cutting production costs. Sup-

porting the feasibility of green ammonia, Sánchez et al.108 evaluate ammonia-based power

plants, emphasizing their efficiency and stable energy supply in decarbonized power systems.

Sekhar et al.109 discuss green ammonia as a hydrogen energy carrier, noting its benefits in

cost, storage, and transport, and providing a roadmap for its contribution to achieving

Sustainable Development Goals and energy sector decarbonization. Klyapovskiy et al.110

explore integrating green ammonia production into energy management systems for indus-

trial clusters, demonstrating how coupling ammonia plants with renewable energy sources

and demand-response strategies can optimize costs and maximize green hydrogen produc-

tion. This integration is key to achieving sustainable energy systems and enhancing the

economic viability of green ammonia.

RL111 offers significant advancements for optimizing energy management systems across

various applications. RL’s ability to adapt to dynamic environments and learn optimal

policies without relying on predefined models makes it particularly suited for complex real-

world scenarios. Recent studies77;84;112 demonstrate the potential of DRL in reducing energy

costs, enhancing system flexibility, and managing complex, dynamic environments. These

techniques, originally developed for small-scale energy systems, offer valuable insights for

adapting DRL to the unique and fluctuating energy demands in farm operations. Recent

studies have highlighted the effectiveness of DRL in improving irrigation efficiency, reducing

water use, and enhancing crop yield. For instance, Ding et al.113;114 proposed a DRL-

based irrigation control system that leverages soil moisture data and safety mechanisms

to ensure optimal water usage in field tests, while Chen et al.115 demonstrated the utility

of DRL for making irrigation decisions based on weather forecasts, achieving significant

water conservation in rice cultivation. Similarly, Alibabaei et al.116 employed a DQN to
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optimize irrigation scheduling for tomato fields, which led to increased productivity and

reduced water consumption. Addressing climate change adaptation in agriculture requires

a cumulative impact from individual farm-level decisions, which are often shaped by public

policies like subsidies, taxes, and regulations, as well as corporate policies such as pricing

strategies and supply chain alternatives. However, effective adaptation also depends on

improved analysis of innovative approaches to ensure that they lead to meaningful outcomes

rather than failed initiatives. Building on recent advancements in reinforcement learning,

renewable energy integration, and green ammonia applications, Chapter 4 aims to bridge

existing gaps in sustainable farm energy management within the Food-Energy-Water (FEW)

Nexus. While prior research has highlighted the potential of renewable energy and RL

techniques to enhance efficiency, reduce emissions, and optimize resources, few studies have

offered a unified framework that supports both energy generation and resource management

at the individual farm level, especially with considerations for green ammonia as a clean

energy carrier and fertilizer.

1.6 Research Motivations

Combining ML techniques with advanced energy management across power systems,

buildings, and agriculture is timely given:

• Chapter 2 – High Renewable Penetrations in Grid: Ensuring grid stability

and reliability under low-inertia conditions without solely relying on expensive legacy

solutions.

• Chapter 3 – Dynamic Occupant Behavior in Building: Addressing occupant-

driven demand swings and comfort needs through real-time, occupant-centric controls

in multi-zone buildings.

• Chapter 4 – FEW Nexus Pressures in Agriculture: Balancing agricultural

productivity, resource conservation, and decarbonization at the farm level.
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These motivations lead to a central goal: deploying data-driven, ML-based frameworks

that maintain robust system performance, lower costs, and minimize environmental impact.

1.7 Research Questions

The following questions guide this dissertation:

Q 1: How can we efficiently incorporate frequency nadir constraints into a MILP-based unit

commitment model for high-IBR or island power systems, ensuring stability and limiting the

reliance on expensive conventional generators?

Q 2: In occupant-centric building energy management, can an advanced learning algorithm

effectively capture dynamic occupant behaviors (occupancy, clothing insulation, metabolic

rates) and maintain occupant thermal comfort at reduced energy costs?

Q 3: How can learning-based control be leveraged to coordinate on-site renewables, green

ammonia production, and irrigation within the FEWNexus, thereby improving farm revenue,

resource efficiency, and sustainability?

1.8 Research Contributions

This dissertation addresses the above questions by making the following key contribu-

tions:

Q 1: Data-Driven Frequency Nadir-Constrained UC – A linear regression–based fre-

quency nadir estimation model is proposed and integrated into a MILP-based UC

problem. Validated over a year-long simulation on Maui Island’s high-IBR grid, our

approach ensures reliable frequency response with minimal cost impacts.

These contributions are discussed in Chapter 2 and in the following articles:

X. Liu, J. Xie, X. Fang, H. Yuan, B. Wang, H. Wu, and J. Tan. ”A comparison

of machine learning methods for frequency nadir estimation in power systems,” In
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2022 IEEE Kansas Power and Energy Conference (KPEC), pages 1–5, Manhattan,

KS, USA, 2022.117.

X. Liu, X. Fang, N. Gao, H. Yuan, A. Hoke, H. Wu, and J. Tan. ”Frequency nadir

constrained unit commitment for high renewable penetration island power systems,”

IEEE Open Access Journal of Power and Energy, 11:141–153, 2024.118

Q 2: Occupant-Centric Multi-Zone HVAC Control – A multi-agent DRL (MADRL)

framework that explicitly models occupant presence, clothing, and metabolic rate is

developed to coordinate heating and cooling setpoints. This occupant-centric paradigm

achieves up to 51.09% cost savings over rule-based methods and 4.34% over single-agent

DRL, all while preserving occupant comfort.

These contributions are discussed in Chapter 3 and in the following articles:

X. Liu, Y. Wu, H. Zhang, and H. Wu. ”Hourly occupant clothing decisions in residen-

tial HVAC energy management,” Journal of Building Engineering, 40:102708, 2021.62

X. Liu, Y. Wu, and H. Wu. ”Enhancing HVAC energy management through multi-

zone occupant-centric approach: A multi-agent deep reinforcement learning solution,”

Energy and Buildings, 303:113770, 2024.119

Q 3: Integrated DRL for Sustainable Agriculture – Within the FEW nexus, a DRL

strategy is proposed to manage renewable generation, ammonia production, and irri-

gation scheduling on farms. Simulation results reveal improved farm revenue, efficient

resource usage, and reduced carbon footprints, underscoring ML’s potential to mod-

ernize agricultural systems sustainably.

These contributions are discussed in Chapter 4 and in the following articles:

X. Liu, A. Modarresi, L. Kiboma, H. Wu, J. Symons, and M. Hill. ”Budget-constrained

sizing of renewable and energy storage systems for farm-scale ammonia production

within the food-energy-water nexus,” In 2024 IEEE Green Technologies Conference

(GreenTech), pages 218–222, 2024.120
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Figure 1.1: Structure Diagram of this Dissertation

X. Liu, L. Kiboma, V. Amanor-Boadu, A. Modarresi, M. Hill, H. Wu, ”Deep Rein-

forcement Learning based Farm Energy Management Considering Ammonia Genera-

tion: Approach Within Food-Energy-Water Nexus,” Submitted to Journal of Cleaner

Production, under review.

1.9 Organization of This Dissertation

Figure 4.5 illustrates how the three domains addressed in this dissertation—power sys-

tems, buildings, and agriculture—fit into an overarching ML framework for energy manage-

ment:

The remainder of the dissertation is structured as follows:

• Chapter 1 (Introduction): Provides the overall context, motivation, research ques-

tions, and contributions, as presented here. In addition, surveys prior work on ML

applications in energy management for power systems, buildings, and agriculture, iden-

tifying gaps addressed in this research.
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• Chapter 2 (ML in Power Systems): Presents the data-driven frequency nadir-constrained

UC (FNC-UC) model, discussing its formulation, CoA improvements, and year-long

validation in an islanded grid.

• Chapter 3 (ML in Occupant-Centric HVAC Control): Introduces the occupant-centric

multi-agent DRL scheme for multi-zone building energy management, describing oc-

cupant behavior modeling and results achieved in EnergyPlus simulations.

• Chapter 4 (ML in Agriculture and the FEW Nexus): Proposes an integrated DRL

framework for farm-level management, detailing its synergy with renewable generation,

ammonia production, and irrigation scheduling.

• Chapter 5 (Conclusion and Future Work): Summarizes key findings, discusses broader

implications for sustainable energy management, and highlights avenues for future re-

search.

Collectively, these chapters underscore the broad potential of ML-based solutions in

resolving critical challenges of energy decarbonization and system optimization across power

systems, buildings, and agricultural domains.
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Chapter 2

Machine Learning for

Frequency-Constrained Unit

Commitment in Power Systems

Electric power systems are among the most critical infrastructures supporting modern

society, underpinning essential services such as residential electricity, commercial operations,

industrial activities, transportation, and agriculture. The U.S. National Academy of Engi-

neering has recognized the electrification of society as one of the greatest engineering achieve-

ments of the 20th century121. Power systems involve a complex and integrated network of

electricity generation, transmission, and distribution, which collectively facilitate efficient

and reliable energy management and delivery across vast geographic areas. In recent years,

the global push towards sustainability has significantly accelerated the deployment of renew-

able energy resources, such as wind and PV systems. According to the International Energy

Agency (IEA), renewable energy generation has steadily increased, accounting for a growing

proportion of total electricity production in the United States and worldwide122.

This rapid expansion, while beneficial for reducing carbon emissions and fostering energy

independence, introduces several critical operational challenges to power systems, particu-
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larly concerning system stability and reliability. Renewable energy sources are inherently

intermittent and uncertain due to their dependence on weather conditions and natural vari-

ability. The resulting unpredictability complicates the accurate forecasting of generation,

leading to power imbalances that must be carefully managed to maintain grid stability. One

critical issue arising from the increased penetration of renewable resources is the decline in

system inertia, traditionally provided by large synchronous generators in conventional power

plants. High penetration of inverter-based renewable generation (e.g., wind turbines and

solar PV) reduces overall inertia, potentially causing rapid and large frequency deviations in

response to generation outages or sudden load changes24;123. Such frequency instability can

significantly increase the risk of system disturbances or even blackout events. ML techniques

offer powerful solutions for managing the complexities and uncertainties associated with in-

tegrating high levels of renewable generation. In power systems, ML algorithms have been

successfully employed to enhance load forecasting, renewable generation prediction, fault

detection, and system reliability assessments9. More specifically, data-driven approaches,

such as supervised learning and reinforcement learning, have demonstrated remarkable ef-

fectiveness in predicting critical system states and optimizing control actions, thus ensuring

grid stability under variable renewable generation conditions13;16.

To solve the challenges of incorporating the frequency nadir constraint into MILP of

the unit commitment problem with efficiency and easy applicability by industry considered

as shown in Table 1.1, this section proposes a novel data-driven frequency nadir-constrained

unit commitment (FNC-UC) model, which imposes constraints on frequency nadir following

the largest generation contingency. The main contributions can be summarized below:

1. A data-driven, linear regression-based frequency nadir estimation model is proposed

that accounts for the impacts of the system inertia, the headroom for the PFR, and

the largest generator’s output capacity in a generation trip contingency. This model

provides a highly accurate estimate of the frequency nadir in a realistic island system

with a generation-tripping contingency.

2. The proposed frequency nadir model is embedded in a MILP-based unit commitment
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formulation such that the system frequency nadir after the most significant generator

outage is endogenously considered in the generation dispatch problem.

This chapter firstly focuses on leveraging ML techniques, particularly supervised learn-

ing, to address the frequency stability challenges posed by high renewable energy penetration.

Then, this chapter discusses the concept of inertia and frequency stability in detail, highlight-

ing the critical role inertia plays in mitigating frequency deviations and maintaining system

reliability. Further sections delve into specific applications of ML to enhance the prediction

and operational management of power systems under high renewable energy scenarios.

2.1 Machine Learning Prediction in Frequency Nadir

Energy management in power systems faces critical challenges due to the rapid expansion

of renewable energy sources (RES) as a response to climate change, environmental concerns,

and fossil fuel depletion. Although renewable integration offers significant environmental

benefits, the variability and uncertainty such as solar photovoltaic (PV) and wind energy

significantly impact traditional grid stability and reliability124. Recent literature extensively

explores integrating uncertain renewable energy into day-ahead power system scheduling,

particularly focusing on Unit Commitment (UC) and economic dispatch problems102;125–128.

For instance, Yin et al.125 and Fang et al.126 developed mixed-integer linear programming-

based optimization frameworks for power systems with high PV penetration, significantly

reducing market operational costs while incorporating PV and battery energy storage sys-

tems (BESS) for ancillary services. Similarly, Faqiry et al.127 and Lawryn et al.102 optimized

distributed renewable energy resource schedules and distribution locational marginal prices

within day-ahead market frameworks. Additionally, Palani et al.128 introduced stochastic

methods addressing network-constrained unit commitment under high renewable penetration

scenarios.

Despite these advancements, a major stability challenge emerges as renewable genera-

tion replaces conventional synchronous generation, consequently reducing system inertia and
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Figure 2.1: Illustration of Renewable Energy of Frequency Nadir Impacts

threatening frequency stability129. Figure 2.1 illustrates the frequency dynamics following a

major generator trip, emphasizing how inadequate inertia can lead to severe frequency drops

(frequency nadirs), potentially causing cascading outages and grid blackouts. Notably, most

existing research on day-ahead market optimization neglects explicitly modeling frequency

nadir constraints, posing substantial operational risks—particularly in isolated island sys-

tems characterized by high renewable penetration.

To address this critical gap, accurate and computationally efficient methods to estimate

frequency nadir proactively are essential for power system operators. Due to increasing avail-

ability of historical and real-time operational data, machine learning (ML) techniques have

emerged as practical solutions capable of high-accuracy frequency nadir prediction. Several

ML techniques, including artificial neural networks (ANN), support vector regression (SVR),

gradient boosting (GB), linear regression (LR), and extreme gradient boosting (XGBoost),

have been successfully applied in various power system prediction applications, such as tran-

sient stability assessment50;130, wind power forecasting131, temperature prediction36;62, and

frequency nadir estimation132;133.

For instance, Su et al.50 demonstrated the effectiveness of random forest regression to

predict frequency nadir under various contingencies using extensive simulation data, whereas

Liu et al.133 applied polynomial fitting to estimate primary frequency response performance

with promising accuracy. Chamorro et al.132 employed an ANN-based nonlinear autore-

gressive model to predict frequency nadir timing under various prediction horizons, further
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highlighting ML’s flexibility and potential.

However, a comprehensive comparative evaluation of multiple ML techniques for fre-

quency nadir prediction—particularly regarding computational efficiency, interpretability,

and practical applicability within operational constraints—has not been thoroughly con-

ducted yet. Moreover, literature still lacks clear guidelines on selecting appropriate ML

methods based on practical criteria beyond mere prediction accuracy.

Therefore, this chapter explicitly addresses the following research objectives:

• Perform a rigorous comparative analysis of multiple ML methods (LR, GB, SVR, ANN,

and XGBoost) for predicting frequency nadir, clearly evaluating accuracy, computa-

tional efficiency, and interpretability.

• Demonstrate the practical implementation of the most suitable ML method in a realis-

tic day-ahead unit commitment (UC) framework by developing and integrating explicit

frequency nadir constraints.

Through extensive dynamic simulations using the Multi-Timescale Integrated Dynamic

and Scheduling (MIDAS) toolbox on a detailed Western Electricity Coordinating Council

(WECC) 240-bus system, this chapter clearly identifies the most suitable ML method for

operational deployment. Notably, this study reveals that although gradient boosting meth-

ods (GB, XGBoost) yield the highest prediction accuracy, linear regression (LR) offers

substantial practical advantages in interpretability, computational simplicity, and ease of

embedding as linear constraints in real-world day-ahead UC optimization frameworks. Con-

sequently, LR is selected and further implemented as an operationally viable frequency nadir

constraint within the subsequent subsections.

The remainder of this chapter is structured as follows: subsection 2.2 introduces the

datasets and methodologies, including data preprocessing, dataset generation, and detailed

descriptions of each ML technique compared. subsection 2.3 presents comparative numerical

results and systematically evaluates ML method performance. subsection 2.4 transitions into

practical application, detailing how the selected ML approach (LR) informs the creation of
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explicit frequency nadir constraints within a unit commitment optimization model, with

subsequent subsections providing comprehensive case studies and result analyses.

2.1.1 Dataset and Methodology

In this subsection, we review the five machine learning methods used and the background

of the proposed work. In this study, we explore two ways to approach the dataset necessary

for the machine learning methods: 1) the unit generation dataset (UGD) and 2) the system

total inertia and headroom dataset (TIH). Both datasets are generated by running the

PSS/E134 on the Western Electricity Coordinating Council (WECC) 240-bus system135;136.

More details about the dataset generation are discussed in the next subsection. The UGD is

a dataset with hourly generation of all units in the power system. The TIH dataset consists

of the hourly total inertia and total headroom of the system, can be calculated as follows:

Inertiat =
N∑
i=0

vi,t ·Hi ·Mbasei,∀i

PFRheadroom
t =

N∑
i=0

(Gi,t −Gi,t),∀i
(2.1)

where Inertiat and PFRheadroom
t are the systems total inertia (MW*s) and total headroom

(MW) at time t; Hi is the inertia of unit i; Mbasei is the rating in MVA of unit i; Gi,t and

Gi,t are the maximum generation and the power generation of unit i at time t, respectively.

Note that the headroom of the TIH dataset is considered in these three types of generators.

The inertia of a unit exists only when the unit is on.

2.1.2 Machine Learning Methods

Linear regression

yi = βxT
i + εi (2.2)
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where xi is the input variable, and yi is the output variable. The slope of the line is β, and

εi is the intercept (the value of y when x = 0)137. Linear regression can be used to construct

linear constraint of frequency nadir which is suitable for the day-ahead UC model.

Gradient boosting

F0(x) = argmin
γ

n∑
i=1

L(yi, γ) (2.3)

Fm(x) = Fm−1(x) + arg min
hm∈H

n∑
i=1

L(yi, Fm−1(xi) + hm(xi)) (2.4)

where Fi, hi are the objective learning function and the generic function at stage m, and L

is the loss function. Parameters γ, x, and y are the initialization, input variable, and output

variable, respectively138.

Support Vector Regression

min
1

2
∥ w ∥2 + C

N∑
i=1

(ξi + ξ∗i ) (2.5)

yi − wxi − b ≤ ϵ+ ξi (2.6)

− yi + wxi + b ≤ ϵ+ ξ∗i (2.7)

ξi, ξ
∗
i ≥ 0 (2.8)

where w refers to the hyperplane; ϵ is the boundary line; ξi and ξ∗i are the upper-bound error

and lower-bound error, respectively; xi is the input variable; and yi is the output variable.

The objective of the SVR is to minimize the error in Equation (2.5) in the hyperplane, which

maximizes the margin as constraints (2.6)–(2.8)139.

Artificial Neural Network

W = W − α∇J(W ) (2.9)
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Figure 2.2: Simplified ANN model

∇J(W ) =
( ∂J

∂w1

,
∂J

∂w2

, ...,
∂J

∂wN

)
(2.10)

where W is the updated parameters set of the regression function, and J is the loss function,

which is calculated by mean square error (MSE). Fig. 2.2 shows the graphic architecture of a

fully connected neural network with two input neurals, four hidden neurals, and one output

neural. The ANN is built based on the gradient descent with activation functions140.

XGBoost XGBoost stands for Extreme Gradient Boosting, which is built based on

gradient boosting but has more accurate approximations by enabling the regularization and

second-order gradients141. The objective function of the XGBoost is as follows:

Lt =
n∑

i=1

l(ŷi, yt) +
∑
k

Ω(fk) (2.11)

Ω(f) = γT +
1

2
λ ∥ w ∥2 (2.12)

where l is the loss function that measures the difference between the prediction, ŷi, and the

read value, yi. The second term, Ω, penalizes the complexity of the model (i.e., the regres-

sion tree functions), which helps to smooth the final learnt weights to avoid overfitting141.

Parameters γ, T , and w are the coefficient, the number of leaves, and the leaf weights for

the corresponding regression tree, respectively.
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Figure 2.3: Flowchart of generating UGD and TIH datasets

Figure 2.4: Frequency nadir versus total inertia and headroom
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Table 2.1: Hyper-parameters of ANN

activation L2 regularization # hidden units optimizer
UGD logistic 0.001 50 Adam
TIH tanh 5e-05 50 SGD

2.1.3 Preliminary Results

The datasets of the proposed study were collected from a 1-year dynamic simulation in

the WECC 240-bus system with high RES penetration. The dynamic simulation is conducted

in PSS/E. The procedure of obtaining the UGD and TIH datasets is shown in Fig. 2.3. The

hourly generation dispatch is obtained from MIDAS which is an open-source power-system-

simulation tool for simulating the electricity market that considers multi-timescale operations

with an interface for dynamic simulations. It can address the challenge of operating the grid

with extremely high renewable penetrations by bridging the modeling the gaps of different

timescales between economics, reliability, and stability of grid operation142.

Once the generation dispatch is given from the MIDAS scheduling, the PSS/E-based

dynamic simulation is processed following the trip of the largest generator. Then, the fre-

quency nadir points are recorded. In this procedure, the frequency nadir in the TIH dataset

can be visualized as a 3D plot in Fig. 2.4. Figure 2.4 depicts three dimensions—inertia,

headroom, and frequency nadir—and the z-axis is the frequency nadir point corresponding

to the total inertia and the headroom calculated based on the generator dispatch point ac-

cording to Equation (2.1). The outliers in Fig. 2.4 are caused by the various tripped largest

generators because the different generator has different effects on frequency. In addition, it

is seen that more inertia and headroom can contribute higher frequency nadir.

We randomly split the dataset into 80% and 20% for the training and testing, respec-

tively. The hyper-parameters and architecture information of the ANN are listed in Table

2.1. Those parameters were finely tuned for an optimal MSE. In addition to the MSE,

other metrics—including mean absolute error (MAE), root mean square error (RMSE), and

maximum error (ME)—were used on both the UGD and the TIH datasets for training and

testing evaluations in the remaining part of this subsection.
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Table 2.2: Evaluation metrics of UGD training

Methods MAE (Hz) MSE (Hz) RMSE (Hz) ME (Hz)
LR 0.01014 0.00027 0.01646 0.16097
GB 0.00231 0.00001 0.00295 0.02487
SVR 0.00461 0.00250 0.04852 0.10047
ANN 0.02741 0.00161 0.04068 0.27947

XGBoost 0.00366 0.00003 0.00557 0.11243

Table 2.3: Evaluation metrics of UGD testing

Methods MAE (Hz) MSE (Hz) RMSE (Hz) ME (Hz)
LR 0.01028 0.00035 0.01813 0.17674
GB 0.00345 0.00005 0.00682 0.10395
SVR 0.04674 0.00256 0.04886 0.1351
ANN 0.02494 0.00149 0.03675 0.30963

XGBoost 0.00428 0.00006 0.00762 0.10137

The UDG training results are given in Table 2.2. As shown, the gradient boosting has

the best training performance among all five machine learning methods, and the performance

of the XGBoost is second. Note that a maximum error of 0.02487 from the gradient boosting

indicates that the prediction error of the gradient boosting is no greater than 0.02487 Hz.

The UGD testing results are shown in Table 2.3. Analogously, the gradient boosting has the

best prediction performance in terms of MAE, MSE, and RMSE; however, the maximum

error of the XGBoost is slightly better than that of the gradient boosting. Additionally, the

SVR leads to a smaller maximum error but larger MSE and RMSE than the ANN.

The TIH training results are provided in Table 2.4. Different from the UGD dataset,

the XGBoost has the best MAE, MSE, and RMSE among all five methods, whereas the

gradient boosting outperforms the other methods in terms of maximum error. In addition,

the evaluation metrics for both the gradient boosting and the XGBoost are quite similar to

the TIH training dataset. Table 2.5 lists the TIH testing results of all the methods. Again,

the XGBoost leads to the best performance; however, the ANN’s performance in this dataset

is worse than that of the UGD dataset, whereas the other methods perform quite similarly

between the two datasets.
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Table 2.4: Evaluation metrics of TIH training

Methods MAE (Hz) MSE (Hz) RMSE (Hz) ME (Hz)
LR 0.01023 0.00028 0.0167 0.16213
GB 0.00461 0.00006 0.00753 0.07957
SVR 0.05291 0.00309 0.05557 0.10048
ANN 0.03251 0.02101 0.14496 3.87351

XGBoost 0.00403 0.00004 0.00623 0.10039

Table 2.5: Evaluation metrics of TIH testing

Methods MAE (Hz) MSE (Hz) RMSE (Hz) ME (Hz)
LR 0.01056 0.00030 0.01733 0.17674
GB 0.00499 0.00007 0.00861 0.09003
SVR 0.05383 0.00318 0.05636 0.11954
ANN 0.04853 0.08453 0.29074 4.00111

XGBoost 0.00469 0.00006 0.00781 0.07819

Figure 2.5: Error distribution of UGD (top) and TIH (bottom) testing

30



Figure 2.5 shows the error distribution for the (top) UGD and (bottom) TIH datasets. In

general, the gradient boosting achieves the best error distribution in both datasets, whereas

the XGBoost performs nearly as well. In contrast, the ANN and the SVR are not suitable

for the proposed work because of the high variance distribution. In addition, both methods

perform worse in the TIH testing dataset. Note that the performance of the linear regressing

ranks third in both datasets.

2.1.4 Preliminary Summary

In this section, we propose to use a machine-learning method, rather than dynamic

simulation, to predict the frequency nadir of the largest N-1 contingency analysis based on

steady-state scheduling results. Five methods—linear regression, gradient boosting, SVR,

ANN, and XGBoost—are compared by testing the reduced WECC 240-bus system with high

RES penetration. Results show that these methods can achieve high prediction accuracy

in general. The prediction performance of the gradient boosting and the XGBoost are

the best. In addition, both gradient boosting and XGBoost achieve high accuracy in the

two methods’ datasets which are proposed in this paper 1) the unit generation dataset;

and 2) the system total inertia and headroom dataset. In the next subsection, we will

propose a machine learning-based security-constrained unit commitment model and analyze

the dynamic simulation of the proposed work.

2.2 Unit Commitment Model with Frequency Nadir

Constraint

In the previous section, we demonstrated that supervised machine learning methods,

specifically regression-based models, can effectively and accurately predict the frequency

nadir following a major generation outage. Building upon this high prediction accuracy, the

next critical step is integrating these predictive models directly into power system operations

to enhance reliability and stability. In this section, we present a detailed framework to achieve
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this integration through a novel frequency nadir-constrained unit commitment formulation.

To effectively implement the machine learning-based frequency nadir prediction within

power system operation, the following two objectives are defined:

• We propose a frequency nadir estimation model embedded within a Mixed-Integer

Linear Programming (MILP)-based Unit Commitment (UC) framework. The proposed

approach directly incorporates the system frequency nadir—estimated via supervised

learning methods—into the generation scheduling decisions, specifically accounting for

the largest potential generator outage. As illustrated in Table 3.1, the proposed FNC-

UC formulation achieves a notably lower Complexity of Adaptation (CoA) compared

to existing methods, significantly improving computational efficiency, scalability, and

practicality for real-world industrial applications.

• To rigorously validate the proposed FNC-UC model, we utilize a real-world power sys-

tem characterized by high inverter-based resource (IBR) penetration, specifically the

Maui Island power grid. This system provides a realistic testbed featuring detailed

load demand profiles and renewable generation scenarios over an extensive simulation

period. Through comprehensive validation, we aim to demonstrate not only the techni-

cal reliability and operational effectiveness of the proposed model but also its economic

benefits and the overall enhancement of system stability and performance.

In this section, we introduce the detailed mathematical formulation of the unit com-

mitment problem incorporating the proposed frequency nadir constraint derived from super-

vised machine learning models. Additionally, we present the inclusion of a minimum inertia

constraint, which, alongside traditional unit commitment constraints, ensures enhanced fre-

quency stability under high renewable energy penetration scenarios.

2.2.1 Data Driven-based Frequency Nadir Estimation

In our previous subsection117, we evaluated five data-driven methods (LR, GB, SVR,

ANN, and XGBoost) to predict frequency nadir in the power system with high renewable
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penetration levels. The training and testing dataset is Total Inertia Headroom (TIH), which

was generated using simulations with the Multi-Timescale Integrated Dynamic and Schedul-

ing (MIDAS)143;144 toolbox. The attributes in the TIH dataset include the system-wide

inertia and the PFR headroom. The results showed that the five methods had a high predic-

tion accuracy. In particular, linear regression ranked higher than ANN and SVR, as shown

in Fig. 2.5. Although LR may not have the best error performance, it can still provide

reasonable accuracy after considering CoA. The hourly total inertia and total headroom can

be calculated as Equation (2.1), inspired by145–147, which is typically used to analyze the

frequency nadir of connected machines in the entire system, the swing equation in the DC

model can be simplified as

Inertia · 2∂∆f(t)
∂

t
= PFRheadroom −∆PL (2.13)

where ∆PL is the power outage, ∆f(t) is the frequency deviation function of t. Therefore,

it is significant to consider potential power outages as an element in the frequency nadir

constraint to ensure the power system maintains the frequency above the threshold of the

UFLS level. Most studies32;33;146;147 use the largest generation outage for this PL.

Linear regression is one of the most common techniques in machine learning140. Ex-

tensive literature123;148 shows that linear regression performs well in forecasting, prediction,

and classification applications. It can provide stable, robust, and accurate prediction results.

The goal of linear regression is to build a model whose output scalar, y ∈ R, is a linear func-

tion of the input vector, x ∈ Rn, by solving a regression problem. Let ŷ be the prediction

value and y be the actual value, so the equation of the linear regression should be defined

as ŷ = wTx + b , where wT ∈ Rn is the vector of parameters; b is an intercept term. Note

that the parameters are values that control the prediction of the system. In other words,

the output, ŷ, is the sum of all the weighted input vectors, x. The more significant weight,

wi, contributes more substantially to the prediction value. The training process is listed as
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follows:

1

n
∇w

[ n∑
i=1

(ytraini − ŷtraini )2
]
= 0

∇w(X
trainw− ytrain)T(Xtrainw− ytrain) = 0

(2.14)

In a nutshell, considering an N -1 largest generation contingency (tripping the largest

generation), the inertia of the system, the amount of headroom, and the largest power

generation are the most related variables in the linear regression equation to estimate the

frequency nadir of the system. The adopted formulation from the linear regression to this

study is the linear regression-based nadir constraint in Equation (2.15), as shown:

fnadir = a ∗ Inertia+ b ∗ PFRheadroom + c ∗ Pmax + d (2.15)

where fnadir is the frequency nadir (Hz); Pmax is the system’s largest generation outage

capacity (MW); and a, b, c and d are the linear coefficients obtained from linear regression.

In our previous section117, we analyzed the impact of inertia and PFR headroom on frequency

nadir in power systems. Traditional systems exhibit a strong correlation with inertia and

a weak correlation with PFR due to its slower governor model limitations, necessitating

separate consideration of inertia and PFR headroom. In contrast, modern systems with

high renewable penetration and integrated BESS present different dynamics, where BESS

contributes to a rapid PFR. Thus, Eq. (2.15) in our study, which includes PFR headroom

as a separate variable, captures the distinct influence of these factors on frequency nadir. In

this way, we can obtain the frequency nadir constraint, which contains only a set of linear

constraints to the MILP problem, resulting in a lower CoA than other methods, as shown

in subsection III D. 2).
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Figure 2.6: Illustration of the proposed frequency nadir constraint unit commitment ap-
proach

2.2.2 Proposed FNC-UC Framework

Figure 2.6 shows the flow chart to obtain the LR-based frequency nadir constraint in

the flow of the red arrows. First, a conventional one-year generation scheduling simulation

is performed to obtain the generation dispatch of 365 days (8,760 hours). The network-

constrained unit commitment is run sequentially for each day of this year. The Maui grid

system and the time series of load and renewable power output are used for the one-year

simulation. Then, after obtaining the generation dispatch of each hour, a dynamic simulation

is performed to simulate the system frequency response following the trip of the generator

with the most significant power output at that hour. The frequency nadir of each hour is

obtained from this dynamic simulation. PSSE software is used for dynamic simulation in

this study134 because system operators and researchers for dynamic simulations of power

systems use it extensively. Therefore, a linear regression model is proposed to obtain the

relationship of the frequency nadir to the capacity of the most significant generation power

output, the system inertia, and the PFR capacity/headroom of the system. Finally, a

comprehensive techno-economic analysis is proposed to evaluate the proposed constraint by

the 8760-hour simulation, assessing economic, reliability, and exceptional case factors. This

analysis aims to analyze the performance and outcome of the proposed data-driven frequency

nadir constraint. We conducted a comprehensive assessment of machine learning methods

for estimating power system frequency nadir, taking into account loading levels, contingency

types, and capacities. This work involved an extensive evaluation over a one-year duration,
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incorporating a wide range of load levels and capacity scenarios. Specifically, we focused

on scenarios involving the contingency type of the largest generator tripping event, chosen

strategically to represent a severe contingency in the power system. This deliberate emphasis

on the largest generator tripping event allowed us to assess the effectiveness of the frequency

nadir constraint in enhancing the system’s resilience during critical incidents, establishing a

robustness benchmark.

Objective Function

The objective of the FNC-UC problem includes the operating cost of traditional units—

represented by their generation costs associated with their startup and shutdown costs—as

well as the shortage penalties for the energy, regulation, and PFR services, as follows:

min
∑
t∈T

∑
i∈g

(
SU iui,t + SDiwi,t + cpi,t

)
+ LP ∗∆Dt+

PFP ∗∆PFRt +RP ∗ (∆Regu,t +∆Regd,t)

(2.16)

cpi,t = aivi,t + biGi,t + ci,tG
2
i,t (2.17)

Note that the production cost, cpi,t, of the traditional thermal unit shown in (2.16), can

be approximated by a piecewise linear function from its quadratic production cost curve. In

this model, we assume that the operational energy price of PV is 0. For ancillary services,

the bidding prices are zero because the unit commitment model co-optimizes the energy and

ancillary services, so the opportunity cost of providing ancillary services will be respected.

Constraints for the Single Unit

The constraints for traditional thermal units are similar to those in149 and are presented

as follows for completeness. We also consider the startup and shutdown trajectories of

conventional generators in (2.20) and (2.21). In addition, (2.22)–(2.24) show the ramping
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rate constraint for units, and (2.25)–(2.29) impose limitations for ancillary services.

ui,t+wi,t≤1 (2.18)

vi,t−vi,t−1≤ui,t−wi,t (2.19)

t∑
τ=t−Ti,MinUp+1

ui,t≤vi,t (2.20)

t∑
τ=t−Ti,MinDn+1

wi,t≤1−vi,t (2.21)

Gi,t−Gi,t−1≤RU
i vi,t−1+RSU

i ui,t (2.22)

Gi,t−1−Gi,t≤RD
i vi,t+RSD

i wi,t (2.23)

Gi,t≤Gmax
i,t vi,t (2.24)

Gi,t+Regu,i,t≤Gi,t+1 (2.25)

Gi,t+PFRi,t≤Gi,t+1 (2.26)

Gi,t−Regd,i,t≥Gmin
i,t+1vi,t+1 (2.27)

Gi,t+Regu,i,t −Gi,t−1≤RU
i (2.28)

Gi,t−1−
(
Gi,t −Regd,i,t

)
≤RD

i (2.29)

vi,t, ui,t, wi,t∈{0, 1} (2.30)

System-Wide Constraints

The system constraints include the energy balance constraint for every time interval,

the system regulation reserve, the PFR, and the transmission constraints, as follows:

∑
i∈g

(Gi,t+Pp,t)−
∑
b∈B

Db,t= 0 (2.31)
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Db,t = Db,t −∆Db,t (2.32)

∆Dt =
∑
b

∆Db,t (2.33)

∑
i∈g

PFRi,t+∆PFRt≥PFRr
t (2.34)

∑
i∈g

Regu,i,t+∆Regu,t≥Regru,t (2.35)

∑
i∈g

Regd,i,t+∆Regd,t≥Regrd,t (2.36)

−Limitl≤
∑
i∈Lg

GSF l−i (Gi,t + Pp,t)

−
∑
b∈Lb

GSF l−bDb,t≤Limitl (2.37)

Frequency Nadir Constraints

*1) Minimal Inertia Constraint

Keeping inertia above a certain level is an intuitive method to maintain the frequency

nadir for power systems with high penetration of renewable generation150; therefore, some

power system operators in the United Kingdom deploy a straightforward approach to main-

tain the stable system frequency response by imposing a minimum inertia requirement con-

straint in system operation27. Because the inertia of conventional generation units is a static

parameter, they can provide inertia response when they are online; therefore, the system

minimum inertia requirement constraint can be directly formulated as follows:

N∑
i=1

Hi ≥ Hmin (2.38)

where Hi is the inertia of the i -th generation unit, and Hmin is the predefined minimum

inertia level that the system must maintain. Note that this study has no inertia response

from PV and batteries.
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*2) Frequency Nadir Constraint

From the linear regression model, (2.15), presented in the previous subsection, a linear

constraint representing the frequency nadir requirement can be added to the unit commit-

ment model. The linear constraint of the frequency nadir is shown in (2.39):

a ∗ Inertia+ b ∗ PFRheadroom + c ∗ Pmax + d ≥ fthreshold (2.39)

Table 2.6 presents the values of the parameters a, b, c, and d for the Maui Island

system. Positive values for a and b indicate that inertia and PFR headroom positively impact

the frequency nadir. Conversely, the largest generation output capacity negatively affects

the frequency of nadir. The parameter c plays a significant role in the linear regression-

based nadir constraint. The threshold for fthreshold in the island system is set above the

first level of the UFLS scheme (assumed to be 59 Hz). Figure 2.7 illustrates the flowchart

of the FNC-UC framework, with the linear regression model establishing the relationship

between the frequency nadir and the significant generation capacity, system inertia, and PFR

headroom (as in Eq. (2.15)). While this study focuses on an island system, it’s important

to note that the proposed framework is adaptable to various power system cases, including

both island and traditional systems. Island systems often exhibit weaker characteristics

due to limited external power support compared to traditional transmission grids. Future

research could explore and evaluate the framework’s applicability to different power system

types, considering their unique characteristics, impacts, and efficiency. This adaptability

broadens the framework’s utility and contributes to a more comprehensive understanding of

its potential across diverse power system scenarios. Further analysis of these parameters is

presented in Section 2.3.
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Table 2.6: Parameter values of the linear regression frequency nadir con-
straint for the island system studied

Coefficients Value

Inertia (a) 0.000847
PFR headroom

total (b)
0.006293

Largest Pgen (c) -0.04737
Intercept (d) 59.86421

Figure 2.7: Flowchart of the FNC-UC model.
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2.3 Experiment and Case Studies

After reviewing the ML application in power system frequency nadir prediction and

FNC-UC framework, this section mainly demonstrates the framework and simulation results.

To illustrate the effectiveness of the proposed FNC-UC model, the Maui Island system is used

in this study. Maui grid operators are integrating several large hybrid PV and battery power

plants into their systems. The stability of the system will be simulated at high penetration

levels of renewable generation, especially PV.

The Maui Island grid case with two PV-BESS plant projects is selected as our study

case. It includes 23 thermal units with capacities ranging from 2.75 MW to 21.45 MW. Four

wind power plants are modeled. Two existing utility-scale PV plants, with 2.87 MW each,

are considered. The Maui grid model includes 61 aggregated distributed PV (DPV) units

with a capacity of more than 140 MW. The DPV is not dispatchable, so the operator cannot

curtail its power output. In contrast, the utility-scale PV is dispatchable, which means that

its power output can be curtailed in real time; thus, the operator can curtail utility-scale PV

but not DPV. The model has three large PV-BESS plants, representing the plant currently

under development. The parameters of the three PV-BESS plants are summarized in Table

2.7. The PV-BESS plant model in our study represents a hybrid power plant where PV

and BESS are integrated as a single unit within the power system. Specifically, we maintain

the SOC at 50% by the end of each midnight, ensuring that it starts and ends each day at

this level. This setup allows for flexibility in charging and discharging during the transition

periods each day. Both the scheduling and dynamic simulations (in PSSE) incorporate the

consistent PV-BESS model, reflecting realistic operational constraints and behaviors of the

PV-BESS system. This approach ensures that SOC management is consistently represented

throughout the study, providing insights into its impact on system dynamics and reliability.

The generation mix is shown in Fig. 2.8. The 80-MW capacity of the utility PV includes

the three PV-BESS plants. The yearly system load curve with hourly granularity is shown

in Fig. 2.9. The system peak load is approximately 200 MW. The one-year simulation

inherently encompasses various conditions, capturing a wide range of operational scenarios
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Table 2.7: Parameters of the PV-BESS plants

Plant 1 Plant 2

Generator
type

PV+BESS PV+BESS

Rating 60 MW/240 MWh 15 MW/60 MWh
(split into two 30-MW/120-MWh units)

Figure 2.8: Generation capacity mix in the island system.

and their respective uncertainties.

The resolution of time in the FNC-UC is 1 hour, and the time span planned for the day

in the FNC-UC is 24 hours. Regulation-down/-up requirements are assumed to be 3% of the

system load. The PFR requirement is 4.75% of the system load. These numbers are chosen

on the basis of the system’s dynamic simulation to maintain reliability. A detailed model of

how to decide on the ancillary service requirements149 is beyond the scope of this paper.

To evaluate the performance of the proposed FNC-UC model, three different cases are

simulated to demonstrate the impacts of the frequency nadir constraints on the system

generation scheduling and the system stability.

1. Case 1 (Baseline Case) is without a frequency nadir constraint.

2. Case 2 (Minimum Inertia Case) is with a minimum inertia requirement constraint
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Figure 2.9: Load curve in the simulated cases.

(2.38). The operator historically used 350 MVA*s as the minimum inertia requirement

in this island system. This inertia level was obtained from operational experience to

limit the rate of change of frequency after the generation trip.

3. Case 3 (Nadir Constraint Case) is with a linear regression-based frequency nadir con-

straint (2.39) but without the minimum inertia requirement constraint (2.38). The

frequency nadir is chosen to be greater than 59 Hz, which is Maui grid’s first UFLS

frequency threshold.

In addition, the exceptional simulation results from those three cases are further analyzed

in Subsubsection IV.C.

Impacts of Frequency Nadir Constraints on Generation Scheduling

The system daily generation costs versus the day of the year in the three cases are

depicted in Fig. 2.10. The system generation cost with the minimum inertia constraint in
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Figure 2.10: Annual generation cost of the three cases.

Case 2 is higher than in the other two cases. Fig. 2.11 shows that the addition of the linear

nadir constraint trivially increases the generation cost because the production cost curves of

the Baseline Case and the linear regression-based Nadir Constraint Case are very close to

each other; however, the constraint of the minimum inertia requirement significantly impacts

the distribution of the daily generation costs. The minimum daily generation cost for the

year with the minimum inertia requirement constraint (Case 2) is much higher than in the

other two cases. Note that there is no comparably low cost (less than $250k) in the minimum

inertia constraint because it has the restriction of maintaining enough inertia whether or not

it is needed for that hour. Requiring a large amount of inertia leads to the introduction

of more conventional generators online, resulting in a more expensive operating strategy.

The higher system generation cost can be explained by investigating the detailed generation

scheduling results in the three cases.

A five-day generation dispatch example for the three cases is shown in Fig. 2.12 to

clarify the differences in generation scheduling. Purple and red represent the discharging

and charging power of the BESS. Gray represents synchronous generation; orange and light

blue represent PV and wind power, respectively. The red dashed line shows the lowest

level of synchronous generation for each case. The minimum inertia requirement constraint

maintains a higher inertia by bringing more synchronous generators online during the PV
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Figure 2.11: The generation cost duration of the three cases.

Table 2.8: One-year generation costs in the three cases

Baseline Minimum In-
ertia

Nadir Constr.

Total cost $112,997,029 $126,814,813 $113,864,047
% increase – 12.23% 0.77%

hours. Additionally, the green circles highlight the difference between the Baseline Case

and the Nadir Constraint Case. The generation dispatches of most hours in these cases

are similar, except when the BESS is discharging and PV is starting to ramp up. The

BESS usually discharges during the time without PV generation while charging during the

period with PV generation, as shown in Fig. 2.12. In addition, the BESS has a better

capability of providing PFR, so allocating enough headroom for the BESS and committing

more conventional generators helps maintain the frequency nadir of the power system. It

can also be observed that this difference in the BESS scheduling leads to different wind and

solar profiles because the charging of the BESS can impact the wind and solar curtailment

in this island system with a high penetration level of hybrid power plants.

The generation costs of the three cases are listed in Table 2.8. The cost of one-year

generation in the baseline case is $112,997,029. Adding the frequency nadir constraint costs

0.77% more than the baseline, while adding the minimum inertia requirement constraint

costs 12.23% more than the baseline. The results in Figs. 2.10–2.12 and Table 2.8 demon-
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Figure 2.12: The five-day generation dispatch examples of the three cases.
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strate that the inclusion of the linear nadir constraint does not significantly increase the

system generation cost. In contrast, the minimum-inertia requirement constraint signifi-

cantly increases the generation operation cost. For the duration of this one-year simulation,

a consistent fuel cost was maintained in the cost analysis. This methodological decision

was crucial in ensuring the comparability of results. Moreover, the costs associated with the

minimum inertia case were consistently higher than those in the other scenarios, a trend that

held true regardless of supply curve variations while considering that fuel costs are the driver

of generation costs. By maintaining constant fuel cost assumptions, our study provides a

clear comparison of the economic impacts associated with those three cases.

Implication of Frequency Nadir Constraint on Stability

This subsubsection demonstrates the efficacy of the proposed linear regression-based

nadir constraint and the minimum-inertia requirement constraint in maintaining the fre-

quency nadir. A PSSE validation and an analysis of the simulation results are shown in

this subsubsection. Figure 2.13 shows the frequency nadir results of three cases over one

year from the PSSE dynamic simulation. Note that the dynamic simulations in PSSE of

the largest generator contingency (N-1) are built for each hour’s generation schedule over

one year (total of 8,760 snapshots). For each hour, the generator with the most significant

power level is identified and tripped in the dynamic simulation. Figure 2.13 and Figure 2.14

demonstrate that adding a frequency nadir constraint, such as the linear regression-based

nadir constraint or the minimum inertia constraint, can improve the system frequency nadir.

Without these frequency nadir constraints, there is a risk that the frequency nadir is lower

than the predefined 59-Hz UFLS threshold if the largest generator trips. Also, note that

the minimum inertia constraint cannot guarantee that the frequency nadir of all hours is

higher than 59 Hz. The system will still have a risk of a low-frequency nadir even with this

minimum inertia requirement. On the contrary, with the proposed linear regression-based

nadir constraint, the probability that the frequency nadir is lower than 59 Hz can be signifi-

cantly reduced, as shown in Table 2.9. This demonstrates that the proposed nadir constraint
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Figure 2.13: Frequency nadir for each hour of the year for the N-1 event.

performs better in this system than the minimum inertia requirement constraint previously

considered by the operator.

The subplot of Fig. 2.13 shows the results for April. Both frequency constraints (Nadir

Constraint Case and Minimum Inertia Case) help the system maintain a higher nadir than

the Baseline Case; however, there are some green points (Minimum Inertia Case) approaching

60 Hz, and some orange points (Nadir Constraint Case) are below the corresponding blue

points (Baseline Case). A detailed analysis of those situations appears in the following

subsubsection.

A histogram of the simulation results reveals differences in distribution, as shown in Fig.

2.14. In the critical range of less than 59 Hz, the Baseline Case has 159 counts, the Minimum

Inertia Case has 50 points, and the Nadir Constraint Case has 18 points, respectively. In

other words, the Nadir Constraint Case performs best to improve the stability of the power

system and reduce the risk of load shedding. The Minimum Inertia Case results in more

nadirs in the range of [59.8, 60]; this will be discussed in the next subsection.

Table 2.9 shows the numbers of total hours and violation hours (in which the frequency

< 59 Hz) as well as the percentage of hours that result in violations in the three cases. The
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Figure 2.14: Frequency nadir distribution of the three cases.

Table 2.9: Probabilities of frequency nadir lower than 59 Hz in the three
cases

Baseline Min. Inertia Nadir Const.

Total hours 8760 8760 8760
Violation hrs 159 50 18
Probability 1.8% 0.57% 0.20%

Baseline Case has the highest probability of a frequency nadir lower than 59 Hz among the

three cases, at 1.8%. The minimum inertia case has a probability of 0. 57%, and the linear

regression-based Nadir constraint case has a probability of 0. 2% of frequency violation of

the nadir in the most severe dynamic simulation of N-1 contingency.

Figure 2.15 shows the number of times when the nadir is less than 59 Hz for each hour

of the day. Without a frequency nadir constraint, most hours of the day have a risk of a

frequency nadir lower than 59 Hz, as shown in the Baseline Case. After adding the linear

regression-based nadir constraint, there are only a few hours when the frequency has a risk

of falling lower than 59 Hz. The minimum inertia constraint is also helpful in reducing this

risk, but is not as beneficial as the linear regression-based nadir constraint. This figure also

shows that in the Maui Island system with a high penetration level of hybrid power plants

(PV plus battery energy storage), the risk of a low nadir occurs mostly during non-PV hours.

The main reason is that during these non-PV hours, the BESS discharges to satisfy the load

in the system; thus, the headroom of the batteries reduces during these hours. Consequently,
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Figure 2.15: Hourly counts of the frequency nadir lower than 59 Hz in the three cases.

the system has a smaller PFR headroom from the batteries; therefore, these hours have a

relatively high risk of a lower nadir. In contrast, during the day (PV hours), the BESS

is charging, which leads to ample PFR headroom from the batteries because a BESS can

change from charging to discharging to provide a large capacity of PFR if needed. This is an

exciting phenomenon in the island system with a high penetration of hybrid power plants. In

large interconnected systems with high PV penetration levels, the risk of a low nadir usually

occurs around noon, when the PV penetration level is high, and the system has a low inertia

level. This demonstrates that the proposed nadir constraint will not significantly increase the

system generation cost but can dramatically improve the system frequency nadir; therefore,

the proposed nadir constraint is promising in the actual operation of this island system.

The one-month system scheduled inertia and the one-year inertia duration curve are

shown in Fig. 2.16 and Fig. 2.17, respectively. The minimum inertia requirement frequently

results in system inertia that is always higher than in the Baseline Case. In contrast, the

nadir constraint does not significantly increase the system inertia. This is also shown in

Table 2.10. The maximum inertia levels of the three cases are the same. The minimum

inertia levels of the Baseline Case and the Nadir Constraint Case are the same. In contrast,

the Minimum Inertia Case has a higher minimum inertia level, as the constraint requires.

The average inertia levels of the Baseline Case and the Nadir Constraint Case are very close.
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Figure 2.16: The system scheduled one-month total inertia in the three cases.

Figure 2.17: The inertia duration curves in the three cases.
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Table 2.10: System inertia metrics for the three cases (MW*s)

Baseline Minimum In-
ertia

Nadir Constr.

Avg. inertia 326.4 404.6 332.3
Max. inertia 615.8 615.8 615.8
Min. inertia 91.35 351.1 91.35

Table 2.11: Nadir near 60 Hz in the minimum inertia constraint case

ID Max
Pgen
(MW)

PFR
(MW)

Inertia
(MW*s)

BESS HR
(MW)

Est.
Nadir
(Hz)

Act.
Nadir
(Hz)

1 19.04 1.81 351.1 128.3 59.31 59.82
2 16.87 1.80 354.5 119.2 59.42 59.73
3 18.53 1.81 354.5 140.3 59.33 59.90

This is because the nadir constraint can schedule more PFR headroom instead of requiring

more thermal units online for most hours, leading to a generation cost similar to the Baseline

Case.

Exceptional Case Analysis

This subsubsection analyzes two exceptional situations mentioned in the simulation

results of the previous subsubsections, i.e., 1) the Minimum Inertia Case’s frequency nadir

close to 60 Hz and 2) a lower frequency nadir that occurred after adding the nadir constraint

compared to the Baseline Case. The main reasons for two counterintuitive situations are

discussed here:

Frequency Nadir of Minimum Inertia Case Is Near 60 Hz

Three examples are selected in Table 2.11 where the frequency nadir is near 60 Hz after the

largest N-1 generation contingency in the Minimum Inertia Case. In all these cases, the BESS

is charging, which means they consume power; therefore, once the most significant generation

(much smaller than the total charging power) is tripped, the BESS can immediately stop

charging (consuming power) to compensate for the tripped generation. Note that the BESS
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Table 2.12: Nadir Constraint Case has a lower nadir than the Baseline Case

ID Case Max
Pgen
(MW)

PFR
(MW)

Inertia
(MW*s)

BESS HR
(MW)

Est.
Nadir
(Hz)

Act.
Nadir
(Hz)

1 Baseline 31.1 1.54 384.8 35.5 58.72 59.01
Nadir
Constr.

20 1.54 384.8 11.2 59.25 58.47

2 Baseline 31.1 1.81 453.6 25.7 58.80 59.02
Nadir
Constr.

26.2 1.96 453.6 20.2 59.01 58.92

headroom (HR) is the difference between its present power level and its maximum power

output, which is greater than its rating if it is charging because the current power level is

negative when charging. Observe that the highest BESS headroom results in the highest

actual frequency nadir among those examples. In addition, the inertia in the system in these

hours (because of the minimum inertia constraint) helps prevent a sudden drop in frequency.

The BESS’s high inertia and great charging power result in high-frequency nadirs in the

Minimum Inertia Case.

Linear Regression-Based Nadir Constraint Case Has Lower Frequency Nadir

Than Baseline

Table 2.12 shows the cases where the baseline has a higher frequency nadir than those

with a frequency nadir constraint. The examples occurred on day 2, hour 19, and day

6, hour 19, respectively. These are both non-PV periods when a BESS is tripped as the

largest generator. As shown in the first example, the predicted frequency nadirs from the

linear regression method are 58.92 Hz and 59.25 Hz for the Baseline Case and the Nadir

Constraint Case, respectively; thus, the estimated system frequency nadir is higher than

the predetermined level of 59 Hz in the frequency-constrained case. However, the actual

frequency nadirs simulated via PSSE are 59.01 (Baseline) and 58.47 Hz (Nadir-Constrained).

In the Baseline Case, a BESS with a generation of 31.1 MW is tripped, and there is 35.5

MW of headroom in the remaining BESS; in contrast, 20 MW of generation is tripped in the

frequency Nadir Constraint Case, but there is only 11.2 MW of headroom in the remaining
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BESS. In these cases, the BESS is a primary provider of PFR. If the remaining BESS has a

smaller PFR headroom, it leads to a lower frequency nadir. In other words, a considerable

value of BESS headroom represents a better ability of the BESS to respond to the frequency

drop; therefore, when the BESS is enabled to provide a fast frequency response, the risk that

a BESS trip should be considered in the system operation.

Additionally, in Fig. 9, an interesting observation emerges where the minimum iner-

tia case exhibits a lower frequency nadir than the frequency nadir constraint case. This

finding suggests that while inertia is indeed a significant factor in determining power sys-

tem frequency nadir, it is not the sole determinant. Our analysis reveals that increasing

inertia alone is not the exclusive solution. Several factors, including reserve capacity and

the influence of the largest generator, play crucial roles in shaping the frequency nadir. A

direct comparison between the minimum inertia case and the frequency nadir constraint

case highlights noteworthy patterns. Firstly, the minimum inertia case generally exhibits

higher inertia levels compared to other scenarios. This consistent trend suggests that while

inertia contributes significantly to system stability, its impact is nuanced and influenced by

other system parameters. Secondly, there are instances where, despite a system with large

inertia, the BESS headroom is relatively small, leading to a weaker frequency response. Ad-

ditionally, limitations imposed by the frequency nadir constraint on the largest generator

significantly contribute to achieving a higher frequency nadir in comparison to the minimum

inertia case. Figure 12 illustrates these instances, underscoring the complexity of power

system dynamics, where multiple factors, including reserve capacity, BESS headroom, and

generator constraints, collectively shape the system’s frequency response rather than inertia

alone.

2.4 Summary

To maintain the frequency nadir of a future grid, especially an island grid with high

penetration levels of renewable generation, this paper proposes a linear regression-based fre-
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quency nadir constraint in the unit commitment problem. The frequency nadir of the largest

generation trip event is considered endogenously in the generation scheduling stage. Simu-

lation results demonstrate that the frequency nadir of the system can improve significantly

with this nadir constraint in a realistic island system. Therefore, the risk of a frequency

nadir lower than the predetermined threshold is reduced. Furthermore, compared to the

direct minimum inertia requirement constraint, the proposed linear regression-based nadir

constraint trivially increases the system generation cost while achieving a better nadir re-

sponse; therefore, the proposed nadir constraint can serve as a good reference for future

system operation with high penetration levels of hybrid PV and battery resources.

Future work will include testing other data-driven models to improve the forecast ac-

curacy of the proposed nadir constraint. More hybrid plant operational strategies will be

investigated considering the frequency nadir risk. Another future research direction can

address the complexities introduced by the virtual inertia of IBRs, specifically those with

Grid-Forming Inverters in the frequency nadir constraint.
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Chapter 3

Machine Learning in Occupant-centric

Building Energy Management

Following our discussion on securing power system stability through supervised machine

learning in Chapter 2, we now shift our focus from energy delivery to the end-users—the

primary consumers of electricity. Among these consumers, building energy management

stands out due to its substantial impact on global energy consumption. Although buildings

are often perceived as minor individual energy consumers, collectively, they account for a

significant share of total energy usage worldwide151. Efficient management of building energy

not only holds great potential for reducing global energy consumption but also significantly

contributes to enhancing overall sustainability and environmental quality, steering society

toward a greener and more sustainable future.

The management of building energy presents unique challenges, primarily due to the

highly dynamic and complex nature of occupant behaviors. As previously discussed, oc-

cupant behavior—including occupancy patterns, clothing insulation, and metabolic activi-

ties—can considerably influence energy consumption and occupant comfort in building envi-

ronments54;59. Therefore, incorporating realistic occupant behavior into energy management

models is crucial to accurately capture the potential for energy savings and occupant comfort
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improvement.

To systematically address these challenges, this chapter focuses on developing advanced

building energy management methodologies that explicitly incorporate occupant-centric con-

trol strategies. To achieve this goal, we define two key research objectives:

• Incorporate Dynamic Occupant Behavior into HVAC Management

We first examine the critical role that occupant behaviors, specifically clothing adjust-

ments, occupancy patterns, and activity levels, play in influencing the building’s HVAC

(heating, ventilation, and air conditioning) energy consumption. A dynamic clothing

behavior model is integrated into the building simulation environment to quantify

the impacts of occupant-driven factors on both energy consumption and occupant

comfort. The validity and effectiveness of modeling dynamic occupant behaviors are

demonstrated through comprehensive simulation analyses.

• Develop and Evaluate a Multi-Agent Deep Reinforcement Learning (MADRL) Frame-

work for HVAC Optimization

Recognizing the complexities introduced by dynamic occupant behaviors, we propose

a novel multi-agent deep reinforcement learning (MADRL) framework designed to op-

timize HVAC setpoints across multiple thermal zones. This framework intelligently

schedules cooling and heating setpoints by balancing two competing objectives: min-

imizing electricity costs and reducing occupant thermal discomfort. The MADRL

framework is evaluated through simulations in EnergyPlus, leveraging realistic build-

ing parameters and occupant behavior datasets.

This chapter systematically addresses critical challenges in building energy manage-

ment, highlighting the significant potential of occupant-centric optimization techniques to

transform buildings into efficient and comfortable living and working environments.
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3.1 Optimization and occupant behavior validation in

buildings

Approximately 100 million single-family homes in the United States account for 36%

of the electricity load, and often they determine the peak system load, especially on hot

summer days when the use of residential air-conditioning (AC) is high52. Increased consumer

adoption of home automation products such as smart thermostats for heating, ventilation

and air conditioning (HVAC) is a prominent trend in residential buildings.

In addition to energy cost savings, occupant’s thermal comfort is one of the most sig-

nificant factors considered in the thermostat control of the HVAC. One popular index of

the thermal comfort is the Predicted Mean Vote (PMV) model and Predicted Percentage of

Dissatisfied (PPD), which was proposed by P.O. Fanger and his colleagues in Kansas State

University and Technical University of Denmark in the 1970s152. In additional, PMV-PPD

is included in ISO 7730153 in 2005 and the American Society of Heating, Refrigerating and

Air-Conditioning Engineers (ASHRAE) standard 55154 in 2004. Buratti et al.155 developed

a linear regression approach to the PMV with a wider range of clothing thermal insulation in

moderate environments based on measured air temperature and relative humidity. Jia et al.

applied an event-based optimization control via Markov Decision Process (MDP) with PMV

while considering the effect of multi-rooms156. Luo et al proposed a metaheuristic algorithm

based energy management system (EMS) to optimally schedule energy resources (including

residential PV) while using adaptive PMV to account for the occupant’s thermal comfort67.

Clothing condition has a drastic impact on the human body thermal insulation, which in

turn influences occupants’ thermal comfort significantly. Therefore, the occupant’s clothing

condition is taken as a given parameter in building energy modeling and simulations. For

example, since clothing has a drastic impact on the human body thermal insulation, it still

remains unclear as to how human clothing decisions, i.e., donning and doffing, can influ-

ence optimal schedules of HVAC thermostats in terms of the occupant’s electricity costs and

thermal comfort.

58



The current state of the art in building energy modeling and simulations (e.g., Ener-

gyPlus157) is that the thermal comfort condition is calculated based on a dynamic clothing

model. In this model, the clothing insulation is calculated as a function of outdoor air tem-

perature measured at 6 o’clock and this clothing insulation value remains unchanged during

the entire day. While there is no standardized guideline on how to set clothing insulation

schedules, the dynamic clothing model leads to HVAC systems that are incorrectly operated

and to the inaccurate assessment of occupant comfort conditions. In reality, residential oc-

cupants can frequently adjust their clothing, depending on the thermal conditions around

them, on an hourly or sub-hourly basis, as opposed to a constant clothing value in an entire

day. Such adjustments can improve home demand flexibility and thus enable a higher energy

cost saving. The frequent clothing adjustment is even more plausible under the COVID-19

outbreak, whereby many businesses worldwide shift from traditional office-based work opera-

tions to work from home (WFH) arrangements. Therefore, the hourly or sub-hourly clothing

adjustment should be fully captured and optimized in the residential home energy manage-

ment to model HVAC systems realistically. There has been no work to date that addresses

this issue. In addition, it is challenging to incorporate occupant’s clothing adjustments in the

HVAC energy management due to the complex nonlinear relationship between the clothing

conditions and the occupant’s thermal comfort.

Various home energy management models and solution algorithms have been proposed.

Among them, approximate dynamic programming (ADP) represents a promising class of

algorithms for decision-making under uncertainty158;159. Past research efforts have used

ADP for grid-battery management64;160–164, real-time microgrid operations165, and air con-

ditioner to minimize electricity consumption while considering the the occupant thermal

comfort104;166;167. Nevertheless, to the best of our knowledge, there has been no work to

date that uses the ADP to address the HVAC energy management issue while considering

occupant’s hourly clothing decisions.

This paper bridge this gap by proposing an HVAC energy management scheme that aims

to minimize the electricity cost and the occupant’s thermal discomfort while taking into ac-
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Table 3.1: Comparison of Related Works in the Literature

References Approaches EMS Comfort Clothing factor Study scope
155 Linear regression

√
Fixed clothing values HVAC

156 Complexity-based approach
√ √

Fixed clothing values HVAC
67 MPC

√ √
PV, HVAC, battery

160 Temporal difference ADP
√ √

PV, battery
161 Distributed iterative ADP

√
Battery

64;162;163 Action-dependent heuristic DP
√

PV, battery
164 Iterative ADP

√
Battery

165 Spatiotemporal ADP
√

Microgrid
166;167 ADP

√ √
Thermal storage

104 ADP-based MPC
√ √

HVAC, WH, EV
This work ADP-based MPC with LSTM

√ √
Dynamic clothing w hourly decisions HVAC

count the occupant’s optimal clothing decisions. Under the time-of-use (ToU) electricity

tariff, the proposed scheme optimally determines the thermostat setpoints of HVAC and

simultaneously provides the best recommendations on the occupant’s clothing conditions,

while accounting for uncertainties in outside temperature. The proposed HVAC energy

management scheme is solved by using an ADP-based algorithm. Further, a model predic-

tive control (MPC) framework with a Long Short-Term Memory (LSTM)-based forecasting

technique is developed to simulate the complex decision making considering the electricity

prices, HVAC schedules, and occupants’ thermal comfort and clothing conditions. We sys-

tematically study the optimal HVAC schedules and hourly clothing decisions for both male

and female occupants in the summer and winter seasons. Comparative results with and

without considering the hourly clothing decisions are also revealed. The main contributions

of this work are three-fold:

1) This paper proposes a novel HVAC energy management scheme that is the first

of its kind to explicitly consider the occupant’s hourly dynamic clothing conditions as an

additional dimension of decisions for minimizing the electricity cost and the occupant thermal

discomfort under uncertainty.

2) An ADP-based algorithm is applied to include the occupant’s clothing states and

actions. An MPC framework with the ADP algorithm as an optimization engine and an

LSTM as an embedded outdoor temperature forecaster is proposed to simulate HVAC energy

management. This framework simulates the HVAC operation under uncertainty in a more
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Figure 3.1: The schematic diagram of proposed energy management.

realistic environment.

3) Proof-of-concept simulation results show that, if the occupant follows the optimal

clothing decisions produced, 53.8% and 29.8% of daily electricity cost savings can be achieved

respectively for a summer-male scenario and a winter-female scenario, only with negligibly

compromised thermal comfort. Table 3.1 compares related work in this area to the contribu-

tions of this paper in terms of proposed approaches, energy management system, occupant

comfort, clothing factor and study scope.

3.1.1 ADP-based Optimization Problem

The HVAC energy management problem is a discrete-time MDP, which contains an

objective function, a group of state transition functions and physical constraints. We pro-

vide a detailed formulation in this subsection. The physical setting of the HVAC energy

management scheme including the component connection, data and control flows within a

residential home is illustrated in Figure 3.1. Here, the ADP-based HVAC controller is a cen-

tral device that connects the sensors, meters and an HVAC thermostat. All the data from

the sensors and smart meters will be sent to the cloud data center for data collection. A

61



weather forecaster will deliver the predicted weather data back to the ADP-based controller.

Then, the controller determines optimal schedules for the setpoints of the HVAC thermostat

and sends the optimally recommended clothing adjustment, if any, to the occupant through

a smartphone application or a speaker in a smart home hub (e.g., Amazon Echo). The occu-

pant decides whether to follow the clothing adjustment recommendation or simply ignore it.

Then, the feedback will be sent to the ADP-based controller, in which the occupant’s cloth-

ing state is updated. The above setting is available in today’s smart home environment168,

in which various measurements (e.g., indoor and outdoor temperatures, relative humidity,

and electricity prices) can be collected frequently to facilitate real-time control.

The aim of ADP is to minimize the weighted sum of the occupant’s electricity con-

sumption and thermal discomfort. This model contains discrete states, discrete actions, and

stochastic factors. At each time interval t, a state consists of the room temperature sHt

and the occupant clothing state sCt . A decision contains HVAC power xH
t and occupant’s

clothing adjustment xC
t , i.e., doffing or donning. The stochastic variables ũt are the outside

temperature. Additionally, the HVAC is in state sHt when a decision xH
t is determined at

the beginning of each time interval. Then, the decision is implemented instantly and affects

the rest of the time intervals. After the decision is applied, the outdoor temperature as the

uncertainty variable is realized and affects the rest of the time intervals.

The state-decision set tuple {st, xt} = {(sHt , sCt ), (xH
t , x

C
t )} contains HVAC- and clothing-

related state and decisions for all time periods. The objective function is to minimize the

expectation value of the reward:

min E{
T∑
t=1

Rt(st, xt, ũt)} (3.1)

Rt(st, xt, ũt) = αD
t · Dt (st) + αC

t · Ct (st, xt, ũt) (3.2)

Equation (3.2) shows that the reward Rt consists of thermal discomfort Dt and the electricity
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cost Ct of the occupant. Additional, αD
t and αC

t are respectively weight discomfort coefficient

and cost coefficient. These value can be calculated based on the occupant’s preferences104.

The occupant’s discomfort Dt consists of PMV at time t is defined as follows:

Dt (st) =βt · |PMV(st)| (3.3)

In equation (3.3), the occupant’s thermal discomfort HVAC is modeled as an absolute value

of the PMV times a coefficient β. The PMV equation for the thermal comfort model is

expressed as follows:

PMV(st) = a(sCt ) · sHt + b(sCt ) · P(sHt , rht)− c(sCt ) (3.4)

P(sHt , rht) = rht · 0.61121exp((18.678− sHt /234.5) · (sHt /(257.14 + sHt )) (3.5)

where P(sHt , rht) is the water vapor pressure in ambient air (kPa) and rht is the relative indoor

humidity. In order to study the occupant’s dynamic clothing behaviors, we adopt a simpli-

fied PMV model from155. This model is dependent only from air temperature and relative

humidity because these two parameters are widely available due to their easy measurement

in residential buildings. The boundary conditions (e.g., metabolic rate, air velocity) and the

parameters a(sCt ), b(s
C
t ) and c(sCt ) in the PMV model can be found in155. The contribution

of electricity cost Ct is defined:

Ct
(
sHt , x

H
t , ũt

)
= ct x

H
t ∆t (3.6)

where ct is the electricity price. In this paper, we adopt a ToU tariff such that the electricity

prices are available beforehand. The cost function in (3.6) is calculated as the total electricity

cost of HVAC in the scheduling horizon. The physical constraints of the HVAC are listed as

follows:
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The constraints of the energy management scheme are associated with the physical

operational limits of the HVAC. We adopt a first-order, 1R1C (i.e., 1 resistor-1 capacitor)

thermodynamic model that is widely used in the literature52;66;169;170. The equivalent capac-

itor C represents the thermal mass of the building and the equivalent resistor R represents

the resistance to heat transfer. The differential equation of 1R1C model is transferred in

the Laplace domain and derived to get a set of linear Equations (3.7). The resultant lin-

ear equations consider the room temperature as a function of the room temperature at the

previous time period, HVAC power consumption, and the outside temperature. The HVAC

constraints are shown below:

sHt = SM(sHt−1, x
H
t , ũt) =

{
γRMsHt−1 − γH

c x
H
t + γOUTũt,∀t, cooling

γRMsHt−1 + γH
h x

H
t + γOUTũt,∀t, heating

(3.7)

sHt ≤ sHt ≤ sHt ,∀t (3.8)

xHt ≤ xH
t ≤ xHt , ∀t (3.9)

In (3.7), thermal coefficients are computed according to either the values of equivalent resistor

and capacitor or a regression analysis52;170. Equation (3.8) suggests that the states should

be within the lower and upper bounds prescribed by the occupants. Equation (3.9) indicates

that the decisions should be limited by the physical cooling or heating capability of the

HVAC. In Table 3.3, parameters of the HVAC first-order model and details of the clothing

conditions are clearly displayed.

Occupant’s Clothing Conditions

Clothing insulation, measured in the unit of clo, is the thermal insulation provided by

clothing as well as any layer of trapped air between skin and clothing. One unit of clo

equates to 0.155 K×m2/W, which means the amount of clothing needed by a sedentary per-
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son to maintain thermal comfort in an environment with 21 ◦C air temperature, 50% relative

humidity (RH), and 0.1 m/s airspeeds. The ASHRAE Standard 55154 and ASHRAE Hand-

book171 contains a list of clo values for selected garment types and formulas for estimating

the insulation provided by a total clothing ensemble.

On the other hand, a simplified method of estimating clothing insulation is to multiply

the weight of a clothing ensemble in lbs by 0.15. However, this method assumes there is

no wind penetration in the nearby environment or body movements pumping air around.

In general, the higher a clo value, the more insulating value is provided by a total clothing

ensemble. Schiavon and Lee172 found that the median clothing insulation is 0.59 clo in

summer and 0.69 clo in winter. Clothing adjustment behaviors, i.e. adding or reducing

layers of clothing, have a direct impact on the occupants’ thermal comfort, thus the optimum

operative temperature changes with clo values. The effect of changing clothing insulation on

the optimum operative temperature is approximately 6°C per clo for a sedentary man whose

metabolic rate is approximately 1.2 met and this effect is greater with the higher metabolic

rate154.

Table 3.2 shows the estimated clo values of some typical business casual clothing en-

sembles. All the estimated clo values are from173. The range of clo values are traditionally

divided into three groups155, which are Clo 1: 0.25 - 0.5, Clo 2: 0.51-1.00, and Clo 3:1.01-

1.65. Studying dressing behaviors is complicated particularly with the WFH arrangement

during the COVID-19 pandemic. Some people value comfort, therefore prefer to dress down

when they are working at home while some others believe dressing in a routine manner, such

as wearing business casual outfits while working from home, can help them maintain a sense

of control, degree of normality, and productivity. Even though business casual ensembles

are used to demonstrate the relationship between clo values and the occupant’s donning and

doffing behaviors at a residential home in this paper, this relationship exists in other types

of ensembles as well.

According to Table 3.2, if a male is dressing in Clo 2 but feeling cold, he can exchange

his thin sweater for a thick suit, swap the stockings for a pair of calf-length socks, trade his
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Table 3.2: Clo values of typical business casual clothing ensembles

Range (clo) Male Ensembles Female Ensembles

Clo 1: 0.25-
0.50

Estimated clo = 0.42 Estimated clo = 0.41
Outfit: A short-sleeve shirt (0.19),
a pair of thin straight trousers
(0.15).

Outfit: A short-sleeve dress shirt
(0.19), a thin skirt (0.14)

Underwear: a man’s brief (0.04).
Underwear: a bra (0.01) and a
panty (0.03).

Footwear: A pair of stockings
(0.02), shoes (0.02).

Footwear: A pair of stockings
(0.02), shoes (0.02).

Clo 2: 0.51-
1.00

Estimated clo = 0.82 Estimated clo = 0.81
Outfit: A long-sleeve shirt (0.25),
a thin long sleeve sweater (0.25),
a pair of thick straight trousers
(0.24).

Outfit: A long-sleeve shirt (0.25),
a thin long sleeve sweater (0.25), a
thick skirt (0.23)

Underwear: a man’s brief (0.04).
Underwear: a bra (0.01) and a
panty (0.03).

Footwear: A pair of stockings
(0.02), shoes (0.02).

Footwear: A pair of stockings
(0.02), and a pair of shoes (0.02).

Clo 3: 1.01-
1.65

Estimated clo = 1.23 Estimated clo = 1.11
Outfit: A long-sleeve shirt (0.25),
a thick single-breasted suit jacket
(0.42), a pair of thick straight
trousers (0.24).

Outfit: A long-sleeve shirt (0.25),
a thick single-breasted suit jacket
(0.42), a pair of thick straight
trousers (0.24).

Underwear: a man’s brief (0.04),
a pair of long underwear bottoms
(0.15).

Underwear: a bra (0.01), a panty
(0.03).

Footwear: A pair of calf-length
socks (0.03), a pair of boots (0.10).

Footwear: A pair of knee socks
(thick) (0.06), and a pair of boots
(0.10).

shoes for boots, and even add a pair of long underwear bottoms. Differently, if he is feeling

hot when he is dressing in Clo 2, he can take off his thin sweater, exchange the long-sleeve

shirt for a short-sleeve shirt, and swap the thick trousers for a pair of thin trousers. On

the other hand, if a female is dressing in Clo 2 and feeling cold, she can exchange her thin

sweater for a thick suit, swap her stockings for a pair of thick knee socks, and trade her

shoes for boots. She may also place a blanket on her laps to warm-up her body (clo value

varies based on the thickness and materials of the blanket, so its clo value is not included in

Table 3.2. If she is feeling hot when she dresses in Clo 2, she can take off her thin sweater,

exchange the long-sleeve shirt for a short-sleeve one, and swap the thick skirt for a thin skirt.

Based on the above analysis, we for the first time incorporates the occupant clothing

conditions in the proposed model. Similar to the HVAC, the state transition of clothing
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conditions is expressed as follows:

sCt = sCt−1 + xC
t

(3.10)

sCt ≤ sCt ≤ sCt ,∀t (3.11)

xCt ≤ xC
t ≤ xCt ,∀t (3.12)

Figure 3.2: Illustration of a state transition diagram considering occupant’s clothing states
and actions in winter (when T = 3).

3.1.2 ADP Algorithm and MPC Framework

In this subsection, we first describe the ADP algorithm, including state transition, the

K-D tree Nearest Neighbor (KDNN), and the Sobol Sampling Backward Induction (SSBI).
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Then, we introduce the MPC framework that incorporates the ADP algorithm and an LSTM

forecaster.

State Transition and ADP

In our ADP algorithm, the value function V (st), the expected value of the state st while

applying all feasible decisions xt and uncertainty ũt at time t:

V (st) =
∑
st+1

P(st+1|xt, st, ũt)[R(st, xt, ũt) + V (st+1)] (3.13)

where P(st+1|xt, st, ũt) is the probability of st+1 given xt, st and ũt. An optimal action x∗
t is

attained by V ∗
t (st) along with qualifying the Bellman optimality condition in (3.14)

V ∗
t (st) = min

xt

[
Rt(st, xt, ũt) + E

(
Vt+1(st+1)|st

)]
(3.14)

Figure 3.2 shows a diagram of state transition when T = 3, in which a red-highlighted

path represents the optimal decision sequence. At the terminal state (t = T ), Vt (st) is

calculated according to discomfort value for all possible sT in the state space S as defined

in equation (3.8). Next, for all previous states (t = 1 and t = 2), we apply a backward

induction to identify the optimal value V ∗
t (st) and the best decision x∗

t . While traversing

backward in the state transition diagram, x∗
t and V ∗

t (st) at each time index t are collected.

At the initial time period (t = 1), V ∗
1 (s1) corresponding to x∗

1 is obtained.

The well-known ”curse of dimensionality”158 dictates that an extremely long or even

infeasible run time may occur due to a vast amount of state, decision and uncertainty spaces.

Here, we use KDNN and SSBI to address this challenge104. SSBI is similar to the classic

backward induction, but it contains a supplementary Sobol sampling function Fs, which

compacts the workload efficiently since only necessary state, action and uncertainty sets are

considered. KDNN is one important approach of value function approximation. In order

to achieve a fast computation, KDNN traverses the nearest point of s′t, and looks for an
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approximation value of V (s′t) instead of calculating from equation (3.13). The combination

of KDNN and SSBI has shown promising performances in finding the optimal decision x∗
1.

The ADP algorithm used in this paper minimizes the electricity cost and the occupant’s

thermal discomfort while taking into account the occupant’s clothing decisions. The algo-

rithm is modified based on Algorithm 3 in104, but the main difference between them is the

introduction of clothing factor into the state and decision spaces. More details about the

algorithm can be found in104.

Figure 3.3: Flowchart of the ADP based MPC framework.

ADP-based MPC Framework with LSTM

The methodology of the ADP-based MPC framework is illustrated in Figure 3.3, which

is developed to test the effectiveness of the proposed HVAC energy management scheme in

a more practical simulation that represents the state of the art in smart home applications.

The MPC framework minimizes objective function (3.1) subject to the constraints (3.2)-

(3.12) through a look-ahead horizon from the the present time to the future (t = T ). As

shown in Figure 3.3, the MPC framework collects three classes as inputs: 1) ADP-based
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MPC configurations including parameters pertaining to HVAC and ToU prices; 2) occupant’s

preferences including the weight of both discomfort and cost, desired sleeping temperature,

PMV and clothing conditions; and 3) an outside temperature forecast, which is updated over

time. After the ADP is solved, the decisions made for the present time interval are adapted

to the real-time operation simulation module. Then, the thermostat setpoint and occupant’s

clothing adjustment are simulated with given optimal decisions. Initial states of the HVAC,

the occupant’s clothing, the PMV value and the electricity cost, all for the next window, are

returned. The above steps repeat in the next window to form a receding horizon control.

The ADP-based MPC sums up the simulated thermal discomfort and electricity costs over

the whole horizon and determines an overall objective value.

The proposed HVAC energy management model can either receive weather forecasts

of hourly outside temperature from the internet, or use the embedded LSTM forecaster

to predict the outside temperature. Here, we unitize an LSTM technique to predict the

hourly outside temperature based on the historical data by leveraging our previous work131.

The LSTM is one type of recurrent neural networks (RNNs) and is capable of learning

order dependence in sequence prediction problems such as speech recognition and context

recognition174,175. The superiority of the LSTM is that it solves the long-range dependence

more accurately than the conventional RNN176. According to the testing results, the mean

absolute percentage error (MAPE) of the outside temperature forecast is about 0.02 and

0.38 for summer and winter, respectively, signifying an accurate forecast well suited in the

proposed MPC framework.

3.1.3 Preliminary Results

The ADP-based energy management model is implemented in MATLAB via DYNAMO

toolbox177. The HVAC parameters and occupant’s clothing conditions are shown in Table

3.3. The HVAC parameters in Equation (3.7) are obtained using a linear regression method

on a historical dataset of a residential home in Hillsboro, Oregon169;170 with both a cooling

case and a heating case.
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Table 3.3: HVAC parameters and clothing conditions

State Range State Revolution
[18 30] 0.1

Cooling case parameters
γRM γOUT γc COP x(kW)
0.94 0.06 0.116 4.75 4

Heating case parameters
γRM γOUT γh COP x(kW)
0.95 0.05 0.15 2.95 8
Time range Occupant’s clothing conditions
[10pm, 6am] Clo 1
[6am, 10pm] optimal hourly decision

Figure 3.4: The time-of-use electricity tariff.

We use the ToU electricity tariff, i.e., Pacific Gas & Electric EToU-E6 as the summer

rate, and the Southern California EDISON TOU-D-5-8PM as the winter rate. For the sum-

mer, this tariff contains three price levels: Base, Peak A, and Peak B prices, i.e., $0.244/kWh,

$0.32/kWh, and $0.436/kWh, represented by white, light grey and dark grey in Figure 3.4

(a), respectively. Peak A takes place in Hours 11-13, 20, and 21, and Peak B occurs during

Hours 14-19. Base prices are utilized in the rest of the hours. Similarly, for the winter,

as shown in Figure 3.4 (b), Base, Peak A, and Peak B are $0.24/kWh, $0.28/kWh, and

$0.42/kWh, respectively.

In order to demonstrate the benefit of using the proposed HVAC energy management

scheme, simulation results in both summer and winter under a traditional fixed setpoint

thermostat (i.e., without the proposed energy management scheme) are shown in Figure 3.5.

We assume a medium clothing state (i.e.sCt = 2) with the desired temperature the occupant

sets is 22.8 ◦C in winter for female and 20 ◦C in summer for the male. This is because 22.8
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Figure 3.5: Simulation results of a female winter case and a male summer case, both without
the proposed HVAC energy management scheme.

◦C is the most comfortable (PMV = 0) temperature for the female when the cloth state sCt is

set to Clo 2, while that is 20 ◦C for male. Without loss of generality, we simulate the winter

case for a female occupant and the summer case for a male occupant. In the winter, i.e.,

a heating case, the outside temperature is 22.4 ◦C lower than the room temperature at the

initial time, i.e., 6:00. For the summer, i.e., a cooling case, the outside temperature is around

2.2 ◦C higher than the room temperature at 6:00 and becomes 11.1 ◦C higher at 18:00. In

Figure 3.5, we only show the simulation results from 6:00 to 22:00 because the other hours

are considered as the occupant’s sleeping time, when the fixed setpoint of the thermostat

is respectively set to 25 ◦C and 22 ◦C in winter and summer as a comfortable temperature

for female and male occupants178. It is seen the traditional fixed-setpoint thermostat keeps

the room temperature around the desired temperature regardless of the electricity price and

energy cost, implying the cost-saving potential for the energy management scheme.

With the proposed scheme, Figure 3.6 shows the MPC simulation results for a female

occupant. Specifically, Figure 3.6 (a) shows the indoor temperature, outside temperature

and the HVAC power, while Figure 3.6 (b) shows the clothing state and dressing decisions.

To facilitate our comparison and focus exclusively on the hours with clothing behavior, we

adopt the same fixed setpoint control during the sleeping time as in the non-optimized case.

At 6:00, the user’s cloth state is Clo 1 and the indoor temperature is 25 ◦C. From 6:00 to

12:00 (noon), there is no HVAC heating but the donning decisions are made at both 6:00 and

8:00 to eventually get a clothing state Clo 3 at 10:00. This result shows that the occupant’s
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Figure 3.6: Simulation results of a winter day for female with ADP.

clothing behavior plays an additional role in maintaining a satisfactory thermal comfort even

with an extremely low outdoor temperature.

Meanwhile, the indoor temperature decreases due to the dropping outside temperature

until it reaches the lowest temperature during the day. The outside temperature is rolling

down to the minimum while the clothing state is reaching the maximum, without any HVAC

heating to save the cost. Then, the HVAC energy management scheme makes a maximum

heating decision at 12:00 since it is in an off-peak period, which in turn drives the indoor

temperature to rise. The turning point of the indoor temperature occurs at 12:00 while the

occupant makes a doffing decision to change its cloth state from Clo 3 to Clo 2. With an

increasing outside temperature, the energy management scheme makes several heating deci-
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sions from 13:00-15:00. As a result, the indoor temperature increase and the clothing state

also decreases from Clo 3 to Clo 1. The above results in Figure 3.6 suggest that in concert

with the well-known pre-heating effect of the scheme, the ability to make optimal clothing

decisions can provide an additional mechanism to better consider the occupant’s thermal

comfort while more effectively utilizing the thermal storage in the residential building.

At 16:00, both the outside temperature and indoor temperature come to the peak tem-

perature of the daytime. At 17:00, in order to get a comparatively high indoor temperature

(around 23.9 ◦C), the HVAC heats up the room and the female occupant stays with the

minimum clothing state. Then, the occupant doffs at 18:00 when the indoor temperature

decreases slightly. The HVAC slightly heats up the room at 19:00 and 20:00 to make the

indoor temperature ends at the sleeping temperature we set at 22:00. It is worth mentioning

the optimal clothing state follows the relationships between the PMV values and indoor

temperatures for all three clothing states are referred from155.

For a summer day, the simulation result of the HVAC energy management scheme for

a male occupant is demonstrated in Figure 3.7. At 6:00, the occupant’s clothing state is

Clo 1 and the indoor temperature is 20.6 ◦C. The occupant dons (e.g., adding a pair of long

underwear bottoms) and his clothing state increases from Clo 1 to Clo 2 at 6:00. There is no

HVAC power during 6:00-12:00 when the outside temperature is rising. At 12:00, the HVAC

energy management scheme decides to slightly pre-cool the house. With the increasing

outside temperature to the maximum at 92 ◦F, the scheme cools the house at 15:00, 17:00,

and 18:00 to maintain the maximum of indoor temperature around 23.3 ◦C. Accordingly, the

dressing decision made is doffing from Clo 2 to Clo 1 at 14:00 (i.e., the beginning of Peak B),

and keep the minimum clothing state unchanged from 14:00 to 20:00 when both the peak

electricity price and outside temperature are on the peak. To save the electricity cost, the

proposed scheme postpones a cooling decision at its rated power (i.e., 4kW) until 21:00 right

after Peak B, to drastically brings down the room temperature. Meanwhile, The clothing

state increases from Clo 1 to Clo 2 while the indoor temperature is drastically drooped to

around 21.1 ◦C. The simulation result in Figure 3.7 shows again that the ability to make
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Figure 3.7: Simulation results of a summer day for male with ADP.

optimal clothing decisions enhances the occupant’s thermal sensation and provides an extra

means to balance the occupant’s thermal comfort and electricity cost.

In order to unequivocally show the benefit of the proposed scheme considering optimal

clothing decisions, we perform a comparative study between the non-optimized and the opti-

mized scenarios by the HVAC energy management. The comparative simulation results are

listed in Table 3.4, in which two aforementioned scenarios, i.e., the summer case for a male

occupant and the winter case for a female case, are compared. To facilitate the comparison,

from 6:00 to 22:00, the initial and end temperatures of the non-optimal case are identical to

those of the optimized case. However, the differences between the non-optimized and opti-

mized cases are that the most comfortable temperatures under the dynamic clothing model
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(i.e., Clo = 2 on this day) are taken as manual temperature setpoints in the non-optimized

case, while the temperature setpoints in the optimized case are optimally determined by the

proposed scheme. For example, in the summer-male scenario, the non-optimized thermostat

setpoints are set to a most comfortable temperature, which is 19.8 ◦C for Clo 2. For the

winter-female scenario, they are set to 22.8 ◦C for Clo 2.

As seen in Table 3.4, the optimized electricity cost of the summer-male scenario is 3.8 US

dollars and the average PMV from 6:00 am to 10:00 pm is -0.1, whereas that of the winter-

female scenario is 7.88 US dollars and the average PMV is -0.06. In either scenario, the

optimized electricity cost by the HVAC energy management scheme is much superior to the

non-optimized cost when the dynamic clothing model157 is used. Recall that this dynamic

model calculates the clothing insulation as a function of outdoor air temperature measured

at 6 o’clock of the scheduling day and this clothing insulation value remains unchanged dur-

ing the entire day. Therefore, this model cannot capture the intricacy of occupant clothing

adjustment on an hourly basis. Through optimally determining the hourly clothing condi-

tions, the proposed HVAC energy management scheme achieves a cost saving of 53.8% in the

summer-male scenario, while a cost saving of 29.8% in the winter-female scenario. This much

higher cost saving percentage in the summer-male scenario can be explained by comparing

the average PMV values in Table 3.4. It is seen the average PMV value in the optimized

summer-male scenario has a larger deviation from zero than that in the winter-female sce-

nario, indicating a larger compromise in his thermal comfort. However, since the average

PMV values are still close to zero, the occupant can hardly feel obvious thermal discomfort.

The comparative results in Table 3.4 demonstrate that the proposed energy management

scheme can significantly save the occupant’s electricity cost with a negligibly compromised

comfort.

3.1.4 Preliminary Summary

In this section, we propose a novel HVAC energy management scheme that is the first

of its kind to take into account the occupant’s hourly dynamic clothing behaviors to min-
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Table 3.4: A daily comparison between non-optimized and optimized cases.

Case Item Non-optimized Optimized
Summer Cost ($/day) 8.22 3.80
Male Avg-PMV -0.02 -0.10
Winter Cost ($/day) 11.23 7.88
Female Avg-PMV 0.06 -0.06

imize the electricity cost and the occupant’s thermal discomfort. We adopt a PMV model

that accounts for the indoor temperature, humidity, occupant gender, and a wide range of

clothing thermal insulation. Then, the proposed scheme is embedded in an ADP-based MPC

framework that includes the occupant’s clothing states and actions. Under a ToU tariff, the

ADP optimally determines the setpoint of the HVAC thermostat and provides recommen-

dations on occupant’s optimal clothing decisions based on typical business casual clothing

ensembles for both genders, while considering outside temperature uncertainties. Such cloth-

ing recommendations can be sent to the occupant through a smartphone application or a

speaker in a smart home hub. We systematically compare HVAC schedules with and with-

out the optimal clothing decisions for both summer-male and winter-female scenarios. The

proof-of-concept simulation results demonstrate the validity of the proposed HVAC energy

management scheme and the effectiveness of the proposed ADP approach.

The benefits of considering the occupant’s optimal hourly clothing decisions as opposed

to a constant clothing condition in an entire day are shown in this paper. In particular,

simulation results show that, if the occupant follows the optimal clothing decisions produced,

a 53.8% and a 29.8% of daily electricity cost savings can be achieved respectively for a

summer-male scenario and a winter-female scenario, only with negligibly compromise in the

occupant’s thermal comfort. Our simulation results also illuminate that the proposed HVAC

energy management scheme has great capabilities of utilizing the building thermal storage

in terms of pre-cooling, pre-heating, and delayed-cooling, etc. In the next section, we will

focus on enhancing the proposed energy management scheme using deep machine learning

techniques for a variety of behavior applications in next-generation commercial buildings.
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3.2 Advanced Reinforcement Learning in Multi-zone

Buildings

In this section, we aim to go beyond conventional occupant behavior models by incor-

porating comprehensive and dynamic occupant behaviors—including occupancy presence,

metabolic rates, and clothing adjustments—into building energy management systems. We

utilize advanced machine learning approaches, specifically reinforcement learning, to address

the challenging multi-zone HVAC control problem, a common yet difficult-to-solve issue in

practical building environments. Reinforcement learning is particularly well-suited for cap-

turing and adapting to the stochastic and dynamic nature of occupant behaviors, enabling

intelligent and adaptive setpoint control for improved energy efficiency and occupant com-

fort.

Specifically, the main contributions of this section are summarized as follows:

1. We propose a pioneering multi-zone HVAC energy management framework explicitly

accounting for dynamic occupant behaviors, including occupancy presence, clothing

insulation adjustments, and variations in occupant metabolic activity levels. The pro-

posed framework simultaneously optimizes electricity costs and occupant thermal com-

fort across different zones in a building.

2. We develop a novel Multi-Agent Deep Reinforcement Learning (MADRL) algorithm to

effectively manage HVAC setpoint controls, addressing critical challenges such as se-

quential decision-making, continuous action spaces, and stochastic, dynamically chang-

ing occupant behaviors. Our approach ensures adaptability and efficiency in realistic,

complex multi-zone environments.

3. We extensively validate the practical applicability and effectiveness of the proposed

MADRL framework using EnergyPlus simulations with real-world occupancy, cloth-

ing, and metabolic datasets. Simulation results at both daily and yearly timescales

demonstrate the proposed model’s significant advantages, achieving electricity cost
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savings of approximately 4.34% compared to single-agent DRL solutions and 51.09%

relative to traditional rule-based HVAC controls, while consistently maintaining high

occupant comfort levels across multiple thermal zones.

These contributions highlight the significant potential of integrating dynamic occupant

behavior modeling and advanced reinforcement learning methods into building energy man-

agement, furthering the pursuit of sustainable and energy-efficient built environments.

3.2.1 Problem Formulation and Methodology

This subsection details the problem formulation and methodology adopted for develop-

ing the proposed multi-zone thermal management framework. We start by formally defining

the optimization problem that addresses the complex interactions among multi-zone HVAC

systems, dynamic occupant behaviors (including occupancy, clothing insulation adjustments,

and metabolic rates), and energy consumption objectives. Next, we introduce a detailed

mathematical representation of the optimization objectives and constraints, explicitly fo-

cusing on occupant comfort, energy efficiency, and operational limitations. Subsequently,

the methodological framework leveraging MADRL is elaborated, highlighting the state, ac-

tion, and reward definitions designed specifically for the multi-zone HVAC control context.

Finally, the reinforcement learning training and implementation processes within the Ener-

gyPlus environment are described, illustrating the practical applicability of our approach.

Overview of Approach

Reinforcement learning is a paradigm within machine learning wherein an autonomous

agent endeavors to acquire an optimal strategy for selecting a sequence of actions within

an environment to maximize its cumulative reward. The agent’s decision-making process

hinges on the feedback it receives in the form of a reward value following each executed

action. These decisions are contingent upon the agent’s interpretation of the environment,

which is encapsulated by a state representation. This iterative process persists as the agent

engages with the environment, with the aim of progressively improving its policy, ultimately
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Figure 3.8: Illustration of proposed MADRL in multi-zone HVAC control. Three modules
are contained in this approach, 1) a MADRL algorithm: Multi-agent Deep Deterministic
Policy Gradient; 2) A testbed: EnergyPlus simulator; 3) Stochastic occupant behavior model
includes clothing, occupant presence, and metabolic rate.
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striving to attain predefined objectives. Figure 1 provides a visual representation of the

research framework, showcasing the seamless integration of the MADRL algorithm within

a complex five-zone office building environment. This environment, as shown in the middle

module of Figure 1, is accurately simulated using the Building Controls Virtual Test Bed

(BCVTB)179 in conjunction with EnergyPlus, facilitating realistic building dynamics and

HVAC power consumption modeling. Within this framework, the MADRL agent (top mod-

ule of Figure 1) actively engages with the environment, effectively making decisions (heating

and cooling setpoints of HVAC) pertaining to HVAC control to simultaneously optimize

energy efficiency and occupant comfort. A distinctive feature highlighted in the figure is

the incorporation of dynamic occupant behavior models, as shown in the bottom module of

Figure 1, represented through a stochastic process. These models dynamically account for

variations in factors such as clothing insulation, occupant presence, and metabolic rates over

time. Furthermore, it’s essential to note the bidirectional interaction, where reward values

are transmitted from EnergyPlus to the MADRL module, and optimal actions are passed

from MADRL to EnergyPlus during simulation, effectively capturing occupant behavior.

This integration stands at the core of the research’s mission to achieve efficient multi-zone

HVAC control while upholding occupant thermal comfort standards within the building.

Occupant behavior Modeling

Building energy management has undergone a significant transformation with the inte-

gration of technology, sustainability considerations, and occupant comfort. Occupant-centric

control (OCC) has emerged as a prominent concept, shifting the focus from a building-

centric to an occupant-focused approach180–182. Researchers now recognize the importance

of addressing occupants’ needs and optimizing building systems for their comfort and en-

ergy efficiency. In the context of ensuring thermal comfort, the Predicted Mean Vote

(PMV)/Predicted Percentage of Dissatisfied (PPD) index, introduced by P.O. Fanger and

colleagues, is employed to measure occupants’ comfort levels based on their environmental

conditions152. This index is included in ISO 7730 (2005) and the ASHRAE standard 55
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(2004)153;154. PMV/PPD models, which take into account the indoor environment and oc-

cupant behavior factors as input, have been integrated into OCC as a part objective of the

HVAC energy management scheme.

The proposed OCC allows occupants to have control over settings such as cooling and

heating points in HVAC systems, enhancing their satisfaction and productivity. However,

one of the critical factors in implementing OCC is understanding and integrating occupant

behavior183. Factors such as occupant presence, activity levels, and clothing behavior are

significant in optimizing thermal comfort strategies. Prior literature has often overlooked

that behavior in building energy management, resulting in an incomplete understanding of

occupant needs and potentially leading to inefficient control strategies. Our work contributes

to addressing these challenges and developing an approach that considers and integrates

these aspects into occupant-centric building energy management systems. Note that during

specific time periods, such as morning opening (8 am), lunchtime (noon to 1 pm), and

afternoon closing (6 pm to 7 pm), occupants are assumed to be engaged in walking activities,

resulting in elevated activity levels. In the simulation, we assumed that occupants within

the same zone share similar behaviors in terms of activity level and clothing insulation. This

is reasonable in a multi-zone commercial building environment as the behaviors of one can

easily affect others within the same zone. This assumption allowed us to group occupants

within each zone and apply general patterns of behavior, which is a common approach in

HVAC simulations. Initially, we established a fixed schedule and subsequently introduced a

stochastic model to this schedule to simulate diverse behaviors across different zones.

Occupant Presence

Occupant presence information plays a pivotal role in modern building management

systems, offering invaluable insights into space utilization and opportunities for optimizing

energy consumption. As illustrated in Table 1.3, occupant presence is a prevalent factor in

HVAC control as occupant behavior. In our study, we initially implement a fixed schedule

for occupant presence and subsequently introduce stochastic variables to simulate occupancy

patterns across the five zones, as depicted in Figure 3.9 (top). While future research avenues
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Figure 3.9: One-day average occupant presence schedule (top) and activity level schedule
(bottom) for each zone

may explore data-driven or Markov chain models to predict time-dependent occupant be-

havior within simulations56;184;185, our current approach serves as an initial exploration of

how dynamic occupant behavior influences HVAC control strategies.

Metabolic Rate Efficient energy management in office or residential buildings neces-

sitates understanding occupants’ metabolic rates and activity levels, which directly impact

energy expenditure69;186. Metabolic rate, derived from oxygen consumption, indicates an in-

dividual’s energy expenditure during physical activity. Activity levels, measured in watts per

square meter (W/m2), determine the heat generated by occupants. Typical office activities

range from 55 W/m2 to 115 W/m2.

To optimize energy usage, it is essential to consider these variations in activity levels.

Table 3.5 provides an overview of different behavioral conditions based on metabolic rates

(in units: W/m2 and Met). Tailoring energy management strategies to accommodate these

diverse activity levels enables the implementation of sustainable practices in office buildings.
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Table 3.5: Activity level and metabolic rate

Office Activities Activity Level Met
(W/m2)

Reading, seated 55 1
Seated, quiet 60 1

Writing 60 1
Typing 65 1.1

Standing, relaxed 70 1.2
Filing, seated 70 1.2
Filing, standing 80 1.4

Walking (0.9 m/s) 115 2

Figure 3.9 (bottom) illustrates the average activity level in the office building. The assump-

tion is that the schedule of this behavior is average in all thermal zones and during morning

opening (8 am), lunchtime (noon to 1 pm), and afternoon closing (6 pm to 7 pm), occupants

are assumed to have a high activity level. By introducing random variables to the activity

level, we can introduce greater diversity in this behavior, capturing more realistic occupant

activity patterns.

Clothing behaviors Recognizing the influence of clothing on the discomfort function

(PPD in the reward function), it becomes vital to consider occupants’ clothing behaviors. To

achieve this, the research adopts a dynamic clothing behavior model developed by Schiavon

and Lee [51], as represented in Equation 1. Within this model, oclo denotes the occupant’s

clothing insulation, while ta(out,6) represents the outdoor temperature at 6 am. Schiavon and

Lee’s study employed multivariable linear mixed models, with the first model accounting for

outdoor air temperature and the second incorporating indoor operative temperature. These

models successfully explained the total variance in clothing behavior, enhancing the realism

of thermal comfort assessments in office buildings. Moreover, the inclusion of stochastic

elements accommodates the inherent variability in clothing behavior, making the evaluation

of thermal comfort in the office building more authentic and reflective of the diverse clothing

choices and individual preferences of occupants.
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oclo =

{ 1, ta(out,6) < −5oC

0.818− 0.0364 ∗ ta(out,6), −5oC ≤ ta(out,6) < 5oC

10−0.1635−0.0066+ta(out,6) , 5oC ≤ ta(out,6) < 26oC

0.46, ta(out,6) ≥ 26oC

(3.15)

Stochasticity in Occupant behavior Model

Stochastic modeling is a mathematical approach used to analyze systems involving ran-

domness and uncertainty which employs probability theory to describe the likelihood of var-

ious outcomes, often using simulations to estimate complex systems. In addition, stochastic

modeling is essential to make probabilistic predictions and assess risks in systems influenced

by chance events and variability169. Previous studies have extensively explored appliance

scheduling problems using various stochastic models, such as forecast errors in hot water us-

age104, outdoor temperature170 and renewable energy generation187;188. On the other hand,

as shown in Table 1.3, occupant presence has been one of the most popular areas in recent re-

search. However, these studies have primarily focused on only occupant presence as the main

aspect of occupant behaviors, while neglecting the dynamic aspects. In addition, varying

clothing behaviors and various metabolic rates are not considered. To address this research

gap, here we propose a model with occupants’ behaviors influenced by the time of day and

weather. In addition, we introduce stochasticity189;190 into the occupant behavior model to

show the effect of variability and range of patterns. Specifically, the following parameters

are defined:

OB(t) = {oprest , oclot , omet
t }

X(t) = {Xpres
t , Xclo

t , Xmet
t }

where t is the time index; OB(t) represents the estimated values of occupant behaviors with-

out considering any stochastic effects; X(t) represents Gaussian-distributed random variables

at time t for occupant presence, clothing behavior and metabolic rate. Note that OB(t) val-

ues are derived from the office schedules, shown in Figure 3.9 for occupant presence and
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metabolic rate based on different activity levels, while the clothing behavior is determined

using Equation 3.15. Note that the clothing insulation and activity level are measured in

the average value through zone because EnergyPlus, as the simulation platform used in this

study, has limitations in representing individual differences.

Based on those parameters, we define:

ÕBt = OB(t) +X(t) (3.16)

where ÕBt is the stochastic dynamic occupant behavior that provides the ability to capture

the inherent time-dependent variability and uncertainty of occupant behaviors. By incorpo-

rating random variables, our model can effectively simulate the nature of occupant behavior

(presence, clothing, and metabolic rate), making it the first of its kind to integrate this

concept into DRL-based building energy management systems.

States, Actions and Rewards of Reinforcement Learning

Three indices are employed: t = {1, 2, 3, ..., T} for time slots, m = {1, 2, 3, ...,M} for

building zones, and j = {H,C} to distinguish between the HVAC dual modes of heating

(H) and cooling (C). The Reinforcement Learning consists of sets of states and actions,

denoted as S and A, respectively, where s ∈ S and a ∈ A. Specifically, smt represents the

state of zone m at time slot t, and am,H
t and am,C

t indicate the heating and cooling setpoints

for zone m at time slot t. In the same way, ÕBm
t is the stochastic occupant behavior in zone

m at time slot t. It is worth mentioning that ÕBm
t is part of smt . The reward function rt is

defined for the entire building at time slot t.

The state st includes two parts: external states and internal states. External states

related to the building’s outside environment encompass the outdoor dry bulb temperature,

air relative humidity, wind speed, wind direction, diffuse solar radiation, and direct solar ra-

diation. For each zone m, seven states are considered, comprising the zone air temperature,

zone thermal comfort mean radiant temperature, zone air relative humidity, zone thermal
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comfort clothing value, thermal comfort index (PMV/PPD value), occupant counts, and zone

average metabolic rate. Additionally, there are two internal states associated with electricity

price and HVAC power consumption. The power consumption in our simulation represents

the total electricity consumed by HVAC for the entire building, with the assumption that

the entire building receives a single utility bill. As a result, power consumption is treated

as a single parameter, and individual HVAC power consumption for each zone is not consid-

ered. The policy of the proposed MADDPG is a mapping that takes the current multi-zone

environment observation and generates a probability distribution of actions, specifically the

heating and cooling setpoints. This approach empowers the agent to make informed deci-

sions based on the current state of the building and its zones, leading to optimized HVAC

control strategies that adapt to various environmental and occupant conditions. The set

tuple {st, at} is used to represent the states, including external states and internal states,

and actions of all zones in the building:

{st, at} = {(s1t , ..., sMt ), (a1,Ht , a1,Ct , ..., aM,H
t , aM,C

t )}

A reward function in DRL is a numerical signal that informs an agent about the desir-

ability of its actions in a given state, with higher values indicating favorable actions and lower

values representing unfavorable ones. The agent’s goal is to learn a policy that maximizes

the cumulative reward it receives over time. The reward function for the whole environment

is defined as follows:

rt(m) = −d ·
M∑

m=1

PPD(smt )− b · Ct (st, at) (3.17)

In (3.17), the reward function consists of two components: 1) a discomfort function cal-

culated using the PMV/PPD, and 2) an electricity cost function Ct. The weighted coefficients

dt and bt can be determined based on historical data169 and represent varying preferences of

occupants, including cost-saving or comfort-seeking type. The electricity cost function Ct is

given by:
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Ct (smt , amt ) = ct

M∑
m=1

pmt ∆t (3.18)

where, ct is the electricity price at time slot t, ∆t is the simulation time interval, and pmt is the

electricity consumption caused by the HVAC system in zone m at time slot t. Importantly,

ct and pmt are part of the states that can be observed from the environment.

Multi-Agent Deep Reinforcement Learning

While classical reinforcement learning algorithms like Q-learning and policy gradient

have exhibited proficiency in single-agent domains, their application presents unique chal-

lenges characterized by evolving policies, non-stationary surroundings, and the imperative

for agent collaboration. In response to these multifaceted demands, the machine learning

community has introduced DDPG, a prominent member of the reinforcement learning family

renowned for its aptitude in handling continuous action spaces17. DDPG serves as a pivotal

precursor to our exploration of MADDPG, an extension tailored explicitly for multi-agent do-

mains. MADDPG advances the DDPG paradigm by empowering agents to deliberate global

states and make informed decisions predicated on the actions of fellow agents, thereby en-

hancing coordination and overall system performance. The ensuing discourse delves deeper

into the nuanced application of DDPG and the pivotal role of MADDPG in addressing

the intricacies of multi-agent scenarios191. MADDPG is specifically crafted for multi-agent

scenarios, where multiple agents interact within the same environment, potentially requir-

ing coordination, communication, collaboration, or competition among agents. MADDPG

extends DDPG to accommodate these complex multi-agent dynamics, making it suitable

for modeling a wide range of cooperative or competitive interactions among autonomous

agents. MADDPG offers several positive aspects in the context of multi-agent reinforcement

learning:

1) Cooperative Learning: MADDPG facilitates cooperative learning by allowing agents

to share information and learn from each other. By considering the joint actions and obser-
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vations of all agents, MADDPG promotes coordination and collaboration among the agents,

leading to better overall performance.

2) Centralized Learning, Decentralized Execution: MADDPG employs a centralized

training approach, where a centralized critic network is used to estimate the Q-values based

on the joint actions and observations. However, during execution, each agent acts indepen-

dently based on its local observations, enabling decentralized decision-making and reducing

communication requirements.

3) Handling Non-Stationarity: MADDPG is designed to handle non-stationarity in

multi-agent environments, where agents’ policies may change during training. By incor-

porating a centralized critic network that considers all agents’ actions and observations,

MADDPG can adapt to changing dynamics and maintain stability during training.

4) Policy Exploration and Exploitation: MADDPG combines the benefits of exploration

and exploitation by utilizing the DDPG algorithm. DDPG employs an exploration policy,

such as adding noise to the actions, to encourage exploration and discover new strategies.

At the same time, it leverages the learned policies to exploit the most promising actions and

maximize performance.

The proposed MADDPG is formulated using the Bellman equation, enabling the learn-

ing of a Q-function and a multi-agent-based policy. Similar to DDPG, a deep neural network

(DNN) is utilized as the Value Function Approximation (VFA) in MADDPG. This approach

integrates the actor-evaluation approach and multi-agent technique, making it suitable for

handling model-free, high-dimensional, and continuous action spaces in multi-zone environ-

ments. The Q-Value function, representing the value function, is given by the following

expression:

Qπ(st, at)← Q(st, at) + α[rt(st, at) + γ max
at+1∈A

Q(st+1, at+1)−Q(st, at)] (3.19)

π ∈ Π represents the policy, which is a set of actions with a probability distribution. α
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Algorithm 1 Multi-agent Deep Deterministic Policy Gradient

Input: Environment with M zones, and occupant behavior OB
Output: M sets of actor networks
Randomly initialize evaluation network Q(s, a|θQ) with weights θQ where a =
{a1, a2, ..., aM}, and M actors µ(s|θµ) = {µ1(s|θµ,1), µ2(s|θµ,2), ..., µM(s|θµ,M)} with
weights θµ,m, where m ∈ {1, 2, ...,M}
Initialize target-evaluation network Q′ with weights θQ

′ ← θQ, and M target actors µ′ =
{µ′,1, µ′,2, ..., µ′,M} with weights θµ

′,m ← θµ,m where m ∈ {1, 2, ...,M}
Initialize experience replay buffer B
for episode = 1 to E do

Initialize Ornstein–Uhlenbeck process (OU) for action exploration
Receive initial observation state s1
for t = 1 to T do

Select action amt = µ(smt |θµ) + OUt according to the policy network and exploration
noise for zone m at t

Apply stochastic-based dynamic occupant behavior based on Equation 3.16 to the
environment

Execute action at and observe reward rt and new state st+1

Store transition (st,at,rt,st+1) in buffer B
Sample a random mini-batch of M transitions (sl,al,rl,sl+1) from B
Set yl based on Equation 3.20, where µ′(sl+1|θµ′

) is the sets of M actors
Update evaluation network by minimizing the loss based on Equation 3.21, where

al = {a1l , a2l , ..., aMl }
Update the actor policy using the sampled policy gradient for all µ(·) based on

Equation 3.22
Soft update the target evaluation network and all target actor networks:

θQ
′ ← τθQ + (1− τ)θQ

′

θµ
′ ← τθµ + (1− τ)θµ

′

end for
end for

denotes the learning rate, and γ is the discount factor used for future reward considerations.

With Equation (3.19) as the foundation, the VFA of DRL can be formulated as follows:

yl = rl + γQ(sl+1, µ(sl+1|θµ)|θQ) (3.20)

where l ∈ L denotes the index of mini-batch L, which is sampled from the experience replay

buffer B. The parameters θµ and θQ correspond to the weights of the actor neural network

µ(·) and the evaluation network Q(·), respectively. The evaluation network Q(·) is updated
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through the minimization of the loss function:

Loss =
1

M

∑
t

(yl −Q(sl, al|θQ))2 (3.21)

To facilitate the exploration of the actor-network, the Ornstein-Uhlenbeck process is uti-

lized192. The actor networks are updated using the policy gradient technique, which applies

the chain rule to compute the gradient of the expected return with respect to the actor

parameters, represented by the approximated loss of the distribution J :

∇θµJ ≈
1

M

∑
l

∇aQ(s, a|θQ)|s=sl,a=µ(sl)∇θµµ(s|θµ)|sl (3.22)

The MADDPG algorithm introduces specific modifications tailored for multi-zone HVAC

control:

• During initialization, M actors and target actors are established, each corresponding

to a zone within the building.

• Each actor contributes the action for its respective zone during policy execution, re-

sulting in a set of zone-specific actions.

• The stochastic occupant behavior, represented by Equation 3.16, is applied to the envi-

ronment (EnergyPlus) with each execution, capturing variability in occupant actions.

• The outputs of all M actors and target actors serve as inputs to the target evaluation

network.

• All actor networks are updated using the sampled policy gradient, allowing the agents

to learn and improve their strategies based on the environment’s feedback.

• Instead of returning a single-actor network, the well-trained multiple-actor networks

are returned, providing zone-specific actions for each zone in the building.

It is essential to highlight that the MADDPG algorithm employs 2M+2 networks (with
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M being the total number of zones) compared to the four neural networks used in single-

agent DDPG. This increase in the number of networks leads to longer training times for the

MADDPG algorithm compared to DDPG, as will be demonstrated in subsection 3.3.1.

To learn in the multi-agent environment better, we utilized Cyclical Learning Rates

(CLR)193 to enhance neural network training in MADDPG. CLR dynamically adjusts the

learning rate during training, allowing it to increase and decrease within a single run. By

cycling between upper and lower bounds, the network explores a wider range of learning

rates, improving performance and convergence. CLR benefits neural network training by

preventing instabilities and escaping saddle points. It facilitates faster traversal across the

loss landscape, leading to better solutions. Therefore, implementing CLR in MADDPG opti-

mizes the networks’ generalization and optimization capabilities, while dynamic learning rate

adjustment improves parameter space exploration, resulting in superior model performance.

3.3 Experiment and Case Studies

This section evaluates the proposed MADDPG-based HVAC control in a five-zone single-

floor commercial building modeled in EnergyPlus. The building includes one interior and

four exterior zones, with windows on all facades and glass doors on the north and south.

A variable air volume HVAC system with direct expansion cooling and gas heating serves

all zones (see Table 3.6). One year of 15-minute interval weather data from Tampa, Florida

(Figure 3.10), and a Time-of-Use pricing scheme from PG&E (EToU-E6) are used to reflect

realistic environmental and economic conditions. We compare three strategies: (1) rule-based

control using only outdoor temperature, (2) single-agent DDPG with occupant behavior, and

(3) the proposed MADDPG with zone-specific control. This setup allows us to assess the

benefits of multi-agent coordination and human-aware control in reducing energy costs and

enhancing comfort.
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Table 3.6: HVAC parameters

Feature Parameters Setting
General High-Speed/Low-Speed Sensible Heat Ratio 0.75

Nominal Capacity (W) 3500
Cooling Rated Cooling COP (W/W) 3.0

Internal Static Air Pressure (Pa) 450
Heating Burner Efficiency 0.98

Nominal Capacity (W) 3500
Fan Total Efficiency 0.7
Pressure Rise (Pa) 600

Fan Maximum Flow Rate (m3/s) 3.0
Power Minimum Flow Fraction 0.25
Motor Efficiency 0.9
Motor In Air-stream Fraction 1.0

Simulation Setup

A single-floor rectangular building with five zones (containing one interior and four ex-

terior zones) is used to simulate the practical building, which features windows on all four

facades and glass doors on the south and north facades. The HVAC system incorporates

a packaged variable air volume system with direct expansion cooling coils and gas heating

coils, serving the five zones. The HVAC parameters are listed in Table 3.6. For the simula-

tion, the one-year weather dataset of Tempa, Florida, USA, is employed, providing detailed

measurements at 15-minute intervals. This dataset includes all needs for the external state,

as shown in Figure 3.10. Time-of-Use (ToU) electricity tariff chosen is the Pacific Gas &

Electric EToU-E6, which consists of three price levels: the base, shoulder, and peak prices,

represented by white, light grey, and grey colors, respectively, with unit costs of $0.244/kWh,

$0.32/kWh, and $0.436/kWh in Figure 3.12. Note that the current validation in this study

utilizes EnergyPlus as the whole-building simulator. The MADDPG algorithm is imple-

mented in Python 3.8.10 with BCVTB serving as the interface. The computational platform

used for the experiments is a PC equipped with an Intel(R) Core(TM) i7-4790 CPU and 8

GB RAM with Windows Subsystem for Linux (WSL) Version 2.

To clearly show the efficacy of the proposed approach, we compare the proposed MAD-

DPG with 1) a single-agent DDPG counterpart (control with occupant behavior) and 2) a

93



Figure 3.10: One-year Tampa weather profile

Table 3.7: MADDPG network information

Actor Network # of Neurals Activation
Input Input(shape=(# of state))

Hidden 1 Dense(128, 256) Relu
Hidden 2 Dense(256, 512) Relu
Output Dense(128, # of action) Sigmoid

Critic Network # of Neurals Activation
State Input Input(shape=(# of state))
State Hidden Dense(256, 256) Relu
State Output Dense(256, 256) Relu
Action Input Input(shape=(# of action))
Action Output Dense(256, 64) Relu
Concatenate Concatenate([State Output, Action Out-

put])
Hidden 1 Dense(Concatenate, 512) Relu
Hidden 2 Dense(512,256) Relu
Output Dense(1)

rule-based control scheme (control without occupant behavior), which is discussed in194;195.

The rule-based control highlights its reliance on outside temperature for HVAC electricity

cost reduction in a whole-year hourly time step simulation. This method optimizes electricity

cost by allowing slightly wider temperature ranges while ensuring occupant comfort which

is deployed in realistic buildings.
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Figure 3.11: Average episode reward during training of DDPG and MADDPG

Result

This subsection presents the simulation results for three compared methods: Rule-based

method (from194, DDPG (from17) and MADDPG (from Algorithm 1)), all applied to the

testbed of a 5-zone building with 15 minutes time interval simulation model. The neural

network information, including input, hidden, and output layers for actor and critic networks,

is shown in Table 3.7. Table 3.8 displays the total training time for DDPG and MADDPG,

along with the single-run execution times for the rule-based method, DDPG, and MADDPG.

It is important to note that the rule-based method does not utilize any deep neural network

for computation, making it significantly faster in execution time compared to the learning-

based approaches. The single-run execution time refers to the time taken for a one-time

decision-making process. Specifically, DDPG takes 5 hours to train and 6.25 ms for one-time

decision-making, while MADDPG takes 32 hours (5.4 times longer than DDPG) for training

and 29.17 ms (3.66 times longer than DDPG) for one-time decision-making. Additionally,

the reward function plot (Figure 3.11) displays the training rewards for the episodes. It is

evident that MADDPG exhibits better reward returns after approximately 25 episodes of

training compared to DDPG. It is important to note that MADDPG takes longer to train

compared to DDPG due to the presence of more neural networks. However, this extended

training time leads to higher reward returns after the training process.
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Table 3.8: Training and execution time comparison

Item Rule-based DDPG MADDPG
Training time N/A 5 hr 32 hr

Single-run execution
time

0.01 ms 6.25 ms 29.17 ms

In the following, we present the simulation results for three days, encompassing occu-

pant behavior, decision results for all zones, and the whole building’s electricity cost with

average PMV-PPD. Figure 3.12 provides a visualization of the three-day simulation of oc-

cupant behavior, illustrating fluctuations in metabolic rate, occupant presence, and clothing

adjustments across all zones. The base price, shoulder price, and peak price are visually rep-

resented in white, light grey, and grey colors, respectively. It’s essential to emphasize that

our simulation environment is grounded in stochastic behavior modeling rather than a fixed

schedule. This deliberate choice allows us to accurately capture the significant variability in

occupant thermal comfort experiences over time. Furthermore, our approach offers flexibility

in adjusting stochastic modeling parameters to align with real-world scenarios, leveraging

insights from historical datasets196. It’s worth noting that in our modeling, we assume that

clothing adjustments play a relatively minor role in the overall variations. Detailed sched-

ules for clothing behavior, metabolic rate, and occupant presence are elaborated upon in

subsection 2.2 for a more comprehensive understanding.

Figure 3.13 compares decision results, including heating and cooling setpoints of HVAC,

for the three methods, along with room and outside temperatures. The weather dataset con-

tains a wealth of information, with the outside temperature being the major factor affecting

the room temperature. In the rule-based simulations, the control range (between heating

and cooling setpoints) is narrow, as it solely considers the outside temperature for the con-

trol strategy. In addition, the heating and cooling set points for our rule-based method

are derived from [63,64], in which high cooling and heating set points are observed in the

early morning. Therefore, the rule-based method is typically less adaptive than DDPG and

MADDPG which considers occupant behavior due to limited control range. As a result, the

room temperature is controlled within this range without considering occupant behavior. In
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Figure 3.12: Three-day behavior simulation result for all zones (base, shoulder, and peak
prices are represented by white, light grey, and grey)

contrast, both DDPG and MADDPG show a wider range of temperature control as they

take into account the occupant’s behavior. Specifically, DDPG cools the zone once on Day 1

around 4 pm and requires no control on Day 2, while on Day 3, it cools the zone from 9 am to

6 pm. On the other hand, MADDPG adapts to the outside environment on Day 1 and Day

2. On Day 3, it maintains climate control from 9 am to 6 pm but undergoes a two-hour shift

from the grey area (high electricity price) to the white area (based price). Furthermore, there

are two pre-heating phase on Day 1 around 8 am and Day 3 from about 5 am to 8 am to raise

the zone temperature due to its base price period, leading to lower electricity costs while

ensuring similar thermal comfort levels. The decisions made by MADDPG demonstrate a

more adaptive and cost-effective approach, taking into account both the outside environment

and occupant behavior, resulting in better energy efficiency and comfort management. Fig-

ure 3.14 presents a visual representation of the three-day simulation results for Zones 2 to 5,

offering insights into the strategies employed by the three methods. It’s worth noting that

the single-agent method demonstrates consistent actions across all zones, while MADDPG

exhibits adaptive actions tailored to each zone’s unique requirements. Importantly, MAD-

DPG effectively avoids peak ToU hours, as evidenced by its morning actions around 7 am
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Figure 3.13: Results of Zone 1 over a three-day period, with the Rule-based method (top),
DDPG (middle), and MADDPG (bottom). The red line represents heating setpoints, the
blue line indicates cooling setpoints, the black line represents the zone’s average temperature,
and the green dashed line represents the PMV-PPD value, while the light blue line depicts
the outside temperature.

or 8 am, leading to cost savings. Additionally, MADDPG maintains a high level of thermal

comfort, as reflected in the lower PMV-PPD values compared to the single-agent method.

Figure 3.15 illustrates the evaluation metrics for the three methods, including HVAC

whole building cost and average PMV-PPD in the five zones. As expected, the rule-based

method incurs the highest electricity cost due to its narrow control climate range, which

limits zone temperatures and leads to increased electricity consumption. This highlights the

crucial importance of considering occupant behavior in the simulation. Regarding thermal

comfort, the PMV-PPD values for the first two days are similar across all methods. However,

on the last day, both the rule-based and MADDPG methods control the temperature at 25
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(a) Zone 2 (b) Zone 3

(c) Zone 4 (d) Zone 5

Figure 3.14: Results of Zone 2, 3, 4, and 5 over a three-day period. The red line represents
heating setpoints, the blue line indicates cooling setpoints, the black line represents the zone’s
average temperature, and the green dashed line represents the PMV-PPD value, while the
light blue line depicts the outside temperature.
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Figure 3.15: Three days simulation of electricity cost and thermal comfort result (PMV-
PPD) for the whole building.

oC, while DDPG maintains it at 24 oC. This slight difference in temperature control results

in varied performance in thermal comfort, as evident in the PMV-PPD results. Notably,

the pre-heating on the last day contributes to higher electricity costs in MADDPG but

provides more comfortable thermal control compared to DDPG. The findings underscore

the significance of incorporating occupant behavior into the simulation. By accounting for

occupant preferences and adjusting temperature settings accordingly, MADDPG optimizes

both electricity costs and thermal comfort, offering a more adaptive and efficient HVAC

control strategy for the building. This approach provides a more personalized and responsive

solution that takes into account occupant comfort while achieving energy savings.

An interesting finding is that the single-agent DDPG demonstrates a nearly identical

control action for all zones, as depicted in Figure 3.16. The control pattern remains consistent

over the time horizon, with a relaxation of the control range during nights and a narrowing

of the range during daytime. However, a crucial limitation of this approach is that it uses

similar temperature setpoints for all zones, therefore covering each other plot line in the

top (rule-based) and middle (DDPG) in Figure 3.16, which does not reflect the actual real-

world conditions in the simulations. Figure 3.17 displays the decision distribution over one
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Figure 3.16: One-month control patterns of HVAC for all zones

month of simulation. It becomes evident that MADDPG provides more options in terms of

temperature settings, while DDPG and rule-based control exhibit a more limited range of

options in the simulation results. This phenomenon indicates that MADDPG employs a more

detailed and zone-specific control strategy, while DDPG applies the similar control approach

to all five zones. Consequently, DDPG fails to capture the distinct differences between zones

within the building, resulting in different simulation outcomes. This observation highlights

the advantage of using MADDPG, which allows for more personalized and adaptive control

strategies for each zone, leading to enhanced performance and efficiency in the overall HVAC

management within the building.

To comprehensively represent the simulation results at the long-term level, one-year

worth of weather data was employed in this study from the Tampa dataset from January 1

to December 31. Table 3.9 presents a one-year comparison of the three methods, showcasing

101



Figure 3.17: One-month HVAC decisions histogram comparison of whole building

the average daily electricity cost ($/day) and average PMV-PPD across all five zones during

the year-long simulation. The rule-based control approach exhibits the highest electricity cost

but maintains the best thermal comfort levels. However, this advantage in thermal comfort

comes at the cost of overlooking occupant behavior, as the rule-based control solely relies on

outside temperature, leading to non-optimal energy usage. In contrast, MADDPG stands

out with exceptional performance, achieving the lowest electricity cost, which is 51.09% lower

than the rule-based control and 4.36% lower than DDPG. Importantly, MADDPG not only

excels in cost-efficiency but also enhances thermal comfort levels compared to DDPG. Its

capacity to strike a harmonious balance between cost-effectiveness and occupant comfort

positions it as a highly promising and superior choice for HVAC control in buildings.

Table 3.9: One-year comparison between different methods

Item Rule-based DDPG MADDPG
Average Daily Electricity Cost

($ / Day)
216.77 110.83 106.02

Avg. PMV-PPD (%) 10.36 11.43 10.39

MADDPG achieves this through a multi-agent control strategy, which takes into account

the unique thermal transfer characteristics and occupant behaviors in different zones. The

control strategy, as in DDPG, would not capture these differences and result in suboptimal

multi-zone thermal control, as shown in Figure 3.17. MADDPG’s incorporation of multi-

102



agent techniques, training the agents to cooperate and coordinate within the environment,

leads to better results in this study. The approach effectively optimizes both electricity

cost and thermal comfort, demonstrating its superiority over the rule-based and single-agent

DDPGmethods. The consideration of occupant behavior and zone-specific thermal dynamics

in MADDPG results in more adaptive and efficient HVAC control, offering a more desirable

outcome for building occupants and energy management.

3.3.1 Discussion

The findings from the figures and table in this study highlight the effectiveness of

the MADDPG approach in multi-zone HVAC control. MADDPG operates by making pre-

emptive decisions to avoid peak ToC price periods while ensuring consistent thermal comfort.

Its capability to customize HVAC setpoints individually for different zones, as opposed to

applying uniform actions across all zones, significantly enhances its ability to reduce electric-

ity costs compared to the rule-based approach. Furthermore, MADDPG exhibits superior

thermal comfort performance when contrasted with the single-agent DDPG method. In ad-

dition, over the course of one year, MADDPG consistently outperformed the single-agent

DDPG methods in terms of average daily electricity cost, while maintaining superior thermal

comfort levels compared to DDPG, striking a balance between cost reduction and occupant

satisfaction. This improved performance is attributed to MADDPG’s ability to adaptively

design HVAC setpoints based on zone-specific characteristics and occupant behaviors, effec-

tively utilizing multi-agent techniques to optimize both electricity cost and thermal comfort.

Regarding the issues of similar actions for all zones in DDPG, we realize that during the

training phase, all agents participate in centralized learning, sharing a global value function

that captures interactions and dependencies between agents and the environment. However,

this collective approach does not distinguish individual agents, treating those agents as a

unified entity. Consequently, the shared knowledge acquired through single-agent DDPG

tends to result in similar actions among agents, particularly when they face similar envi-

ronmental conditions such as a testbed of multi-zone HVAC building. However, MADDPG
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is tailored for multi-agent environments, which facilitates communication and coordination

among multiple agents, enabling them to learn distinct policies and make varied decisions

based on observations and other agents’ actions.

This study serves as a proof of concept for applying MADRL to multi-zone thermal

control while considering dynamic occupant behavior. One of the critical avenues for future

research is the validation of this approach in real-world environments. The validation pro-

cess entails several essential steps to ensure the algorithm’s practicality and effectiveness in

realistic scenarios. Firstly, it involves establishing the necessary hardware and software in-

frastructure, gathering real-world data, including occupant behavior and weather variations,

and constructing a simulation model for virtual testing using the EnergyPlus simulator. Fol-

lowing this, the MADDPG algorithm undergoes offline training before its implementation

within a realistic building system. Continuous system operation over an extended period

facilitates ongoing performance monitoring of MADDPG, including model calibration for

building models and parameter updates based on user feedback. Finally, tracking electric-

ity consumption and occupant comfort, followed by comprehensive data analysis, evaluates

MADDPG’s performance compared to baseline approaches in realistic buildings.

3.4 Summary

This chapter first validates the influence of dynamic occupant clothing behavior on

building energy management through HVAC control optimization. Building on this, we

present a multi-zone HVAC energy management strategy utilizing the Multi-Agent Deep

Deterministic Policy Gradient (MADDPG) algorithm. This approach aims to minimize

electricity costs while maintaining thermal comfort across individual zones. By capturing

zone-specific thermal dynamics and dynamic occupant behavior, the MADDPG framework

demonstrates superior performance compared to rule-based control and single-agent DDPG

methods.

Simulation results reveal that MADDPG consistently achieves the best trade-off between
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energy efficiency and occupant comfort, adapting intelligently to variations in external en-

vironmental conditions and internal occupant behavior. The multi-agent structure enables

personalized, zone-level control, fostering greater flexibility and responsiveness in HVAC op-

erations. Over a year-long simulation, the proposed method not only delivers the lowest

electricity cost but also maintains high levels of occupant satisfaction. Furthermore, the

integration of stochastic occupant modeling into the control logic highlights the potential for

more realistic and adaptive building energy management systems. Future work will advance

in two key directions:

Enhanced Occupant Behavior Sensing: We aim to develop and deploy a compre-

hensive sensing infrastructure capable of capturing detailed, real-time occupant behavior.

This includes using camera-based computer vision techniques to classify occupant activi-

ties such as sitting, standing, walking, working, or being idle, and integrating sensors or

image-based inference to estimate clothing insulation levels (e.g., layers, garment type, or

insulation estimates). These high-resolution inputs will allow the energy management sys-

tem to adaptively optimize HVAC control in response to dynamic, individualized comfort

needs.

Edge AI for Real-time Building Control: We plan to leverage the NVIDIA Edge

Computing platform (e.g., NVIDIA Jetson series) for on-device training and inference of

machine learning models. These platforms support online learning capabilities that allow

ML models—especially on-policy reinforcement learning agents—to continuously adapt using

streaming data from the building environment. This approach supports low-latency, privacy-

preserving, and robust control decisions, enabling truly intelligent and autonomous energy

management systems in real-world deployments.

105



Chapter 4

Machine Learning in

Food-Energy-Water Nexus Energy

Management

Having discussed energy management within power systems and buildings in previous

chapters, this chapter focuses on agriculture—a sector fundamental to human existence,

ensuring food security and underpinning global population sustainability. Agriculture not

only directly supports human life but also significantly impacts the economic stability and

national security of all nations. Thus, efficient energy management in agricultural systems

is critically important, particularly considering the sector’s substantial consumption of re-

sources and energy.

However, agricultural energy management presents unique complexities and challenges

due to diverse operational demands, fluctuating environmental conditions, and the intri-

cate interdependencies within agricultural systems. The Food-Energy-Water (FEW) Nexus

encapsulates these interdependencies, highlighting the critical interactions between food

production, energy consumption, and water resource management. To align with global

sustainability goals, it is essential to adopt integrated and efficient approaches within this
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nexus, promoting the use of renewable resources and reducing environmental footprints. One

promising pathway towards sustainable agricultural energy management is through the inte-

gration of green ammonia production. Green ammonia serves a dual purpose: it is essential

as a sustainable fertilizer to support crop yields, and it acts as a highly efficient energy

carrier, particularly in renewable energy systems. Despite its potential, effective and fea-

sible planning and operational strategies for integrating green ammonia production within

agricultural energy systems remain largely unexplored.

To address these gaps and the inherent complexity within the FEW Nexus, this chap-

ter introduces a novel approach leveraging Deep Reinforcement Learning (DRL). The pro-

posed DRL framework intelligently manages resources, optimizes renewable energy usage,

and strategically integrates green ammonia production to enhance farm sustainability, effi-

ciency, and profitability.

In this context, the key contributions of this chapter are summarized as follows:

• We propose a comprehensive planning methodology for the integrated design and op-

timal sizing of renewable energy systems combined with green ammonia production

within the FEW Nexus. This addresses a significant knowledge gap and provides

foundational insights for future sustainable agricultural energy system planning.

• We develop an innovative DRL-based farm energy management framework that simul-

taneously optimizes renewable energy deployment, green ammonia production, and

resource allocation strategies. The framework ensures economic efficiency, environ-

mental sustainability, and resilience in local agricultural systems, offering practical

solutions to complex FEW Nexus challenges.
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4.1 Planning Energy Systems for Farm-Scale Ammo-

nia Production

In the transition toward sustainable agriculture, farms have emerged as eco-friendly

pioneers, harnessing clean hybrid wind and solar systems to improve farm performance.

A concern in this paradigm is the effective sizing of renewable energy systems to ensure

optimal energy use within budget considerations. This research focuses on optimizing re-

newable energy sizing in small-scale ammonia production to meet specific farm demands and

enhance local resilience, emphasizing the interplay between environmental and economic fac-

tors. These findings promise increased energy efficiency and sustainability in this innovative

agricultural sector.

Depletion of water resources, climate change impacts, and food market challenges pose

significant threats to local agricultural economies and global food supplies197. The adoption

of locally harnessed renewable energy within the agricultural sector emerges as a promising

solution to fortify local economies and global food production and reduce carbon emissions

linked to global warming, all while adhering to stringent budget considerations. This under-

scores the urgency of exploring renewable energy’s potential in meeting agricultural needs,

with a specific focus on small-scale ammonia production, water supply, and water treat-

ment101. Fossil fuel-based large-scale ammonia production has seen wild price swings ($400

to $1600 in 2022), and increasing global demand is expected198. Local green ammonia pro-

vides a stable cost, if sometimes more expensive, alternative to large-scale fossil fuel-based

ammonia. As a way to decarbonize agriculture within strict capital budget limitations, in-

stalling renewable energy systems on farms serves as a potentially promising solution within

the food-energy-water nexus.

Farm Hybrid Renewable Energy Systems (HRESs) (Fig. 4.1) could form a vital part

of the larger power distribution network and could be pivotal for achieving sustainable lo-

cal farms. The system considered in this work integrates solar, wind, and battery facilities

within the farm infrastructure. Its seamless connection to the power grid enables bidirec-
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Figure 4.1: Illustration of farm hybrid renewable energy system.

tional electricity exchange, significantly enhancing the farm’s overall energy resilience. While

renewable energy integration has made notable strides in residential and industrial contexts

in recent years, the specific needs of farm energy systems have been somewhat overlooked

in the existing literature. Moreover, the existing body of work explores the optimization

of renewable energy across diverse contexts. Reference199 underscores the benefits of ap-

pliance scheduling and demand response strategies, emphasizing their potential to enhance

cost-effectiveness and reliability in local farms with dairy systems. Reference200 explores

cost-effective HRES tailored to regional agricultural needs through the hybrid optimization

of multiple renewables. Reference201 explores cost-effective renewable energy solutions, with

a particular emphasis on demand management in farm drip irrigation systems with pumps.

It is worth noting, however, that these studies predominantly center around electricity con-

siderations, overlooking the crucial aspect of ammonia production, which holds significance

in agricultural practices within local farms. In addition, considering that financial resources

are often constrained for many agricultural operations, it becomes imperative to incorporate

this constraint into the optimization and analysis processes.

The contribution of this subsection lies in the effective, economical sizing of HRESs for

small-scale ammonia production, aligning renewable energy with farm-specific demands. By

considering farm energy usage, it shows energy utilization, emphasizing the interplay between

ammonia production, water resources, and energy demand. The study’s insights enhance

HRES planning while adhering to strict HRES capital budget limitations and ultimately
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improving energy efficiency and reducing carbon emissions within the agriculture sector. The

simulations reveal significant cost savings in farm electricity consumption, with renewable

energy integration resulting in a remarkable reduction in electricity costs compared to farms

solely reliant on power grid resources over a 15-year simulation period.

4.1.1 Modeling Farm-scale Ammonia Production

We propose a model developed in the Stella Architect software202 that uses graph theory

and considers energy, small-scale ammonia, farm, and water systems illustrated in Fig. 4.2,

which shows the interrelationship among the components1. The figure is the abstraction of

a multilayer network mapped to a single-layer graph. Each module in the system is shown

with a node, and edges identify the interaction among modules. Furthermore, there are

different types of interactions in the system. Each type of interaction is illustrated with a

different color. For example, interactions between the farm energy system (microgrid) and

other systems are depicted by color-coded links. The hubs of electricity, water, ammonia,

and farms are represented by orange, blue, yellow, and green colors, respectively. The black

and pink links symbolize energy transfers in/out with electricity hubs. In contrast, the water

module exclusively interacts with the ammonia and farm modules, illustrated by the distinct

blue links denoting the flow of water. This color scheme provides a clear visualization of

interdependencies and allows for the assessment of how a failure or disruption in one module

may impact others in the system203.

In this model, electricity is generated with a combination of solar panels and wind

turbines and consumed in other modules. The largest consumer in the model is the ammonia

module. The water module uses electricity to pump water from wells and surface water,

while the farm module mostly uses electricity for irrigation. The ammonia module204 is

dependent on the farm energy and water modules to produce ammonia, while the water

module depends on the farming demand and ammonia demand. The amount of electricity

and water consumed in the ammonia module is fixed and depends on the capacity of the

ammonia production, while the electricity usage is periodic in the farm module and increases
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Figure 4.2: A food-energy-water abstract model in the Stella Software1. No. PV panels and
No. Turbines determine the PV capacity and wind capacity.

Figure 4.3: Flowchart of the proposed framework.

during the irrigation seasons. Therefore, the electricity consumption is also periodic in the

water module. We use Stella for our simulation environment, which has the capability of

simulating discrete and continuous models.
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4.1.2 Problem Formulation of Planning in Farm Energy

In this subsection, we delve into formulating the problems and the mathematical ap-

proaches employed to address each model. The objective function is

min
PV Cap,WindCap,BatteryCap

(
T∑
t=0

Ototal
t

(1 + r)yr
) (4.1)

where PV Cap,WindCap, BatteryCap are installed capacity of solar energy, wind energy, and

battery storage; the total electricity cost, Ototal
t , for the sizing renewable energy problem in

the farm.

Ototal
t = CCt=0 +OCt + PCt +GCt −RECyr (4.2)

In the given equations, the time index t operates on an hourly scale, while the parame-

ter yr counts in yearly intervals, with yr incrementing by 1 for every 8760 hours over time

horizon T . Equation (4.1) incorporates the discount rate r. Equation (4.2) features sev-

eral components, including CC (capital cost), OC (operation and maintenance cost), PC

(penalty cost for system imbalances), and GC (cost associated with electricity exchange be-

tween the farm and grid). Additionally, the equation includes REC, representing renewable

energy certificates, which are considered an annual reward for renewable energy. As such,

REC is subtracted from the total electricity cost. The capital cost calculation is as follows:

CCt=0 = CCPV ∗ PV Cap + CCWind ∗WindCap

+ CCBESS ∗BESSCap

(4.3)

CCt=0 ≤ Budget (4.4)

PV Cap × lPV +WindCap × lW ≤ Land (4.5)

where CCt=0 represents the initial capital cost incurred at the time of establishing the HRES

on the farm. This encompasses expenses related to setting up the PV solar, wind, and

battery energy storage system (BESS) denoted as CCPV , CCWind, and CCBESS in $/kW,
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respectively. Furthermore, we consider the installed capacities (in kW for PV and wind,

kWh for battery) of these systems: PV Cap, WindCap, and BESSCap. To ensure financial

feasibility and adhere to HRES budget considerations, Equation (4.4) is introduced. This

constraint reflects the investment of staying within HRES budget expectations, as some farm

stakeholders typically possess limited financial resources for renewable energy. Equation (4.5)

imposes restrictions on the land space allocated for the HRES installation within the farm.

Here, lPV and lW denote the coefficients reflecting space requirements for the hybrid energy

system (in m2/kW). The rest of the components of total electricity cost are as follows:

OCt = OmPV
yr ∗ PV Cap +OmWind

yr ∗WindCap

+OmBESS
yr ∗BESSCap

(4.6)

where OCt is the operation and maintenance cost for the hybrid energy system at time t.

Parameters OmPV
yr and OmWind

yr are operation and maintenance unit costs ($/kW/yr) each

year for PV solar, wind, and OmBESS
yr is for battery systems ($/kWh/yr), respectively.

RECyr = (

i={PV,Wind}∑
i

yrend∑
t=yrbegin

P i
t )× urec (4.7)

In Equation (4.7), we show the incorporation of renewable energy certificates (RECs)

into our framework. RECs are valuable, tradable commodities that symbolize both the

environmental and renewable attributes of the MWh of electricity produced from a renewable

energy source. Specifically, Equation (4.7) illustrates a situation where renewable energy

generation exceeds the local farm’s energy demand, resulting in surplus electricity being

sold back to the grid. An assumption is that the farm’s owner sells annually. Within this

equation, several variables come into play: P i
t signifies the renewable energy generation (kW)

from source i at time t, and urec stands for the unit price associated with RECs, contributing
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to the extra revenue from renewable energy within the framework.

GCt =

{
PG2F
t × ubuy

t , if P grid
t > 0

P F2G
t × usell

t , if P grid
t < 0

(4.8)

Equation (4.8) delineates the grid cost, GCt, implications associated with the exchange

of electricity between the power grid and the farm. In this context, PG2F
t refers to the power

(kW) transferred from the grid to the farm at time t, signifying a power purchase action. The

variable ubuy
t represents the unit price ($/kW) of purchased electricity during this exchange.

Conversely, P F2G
t represents the power (kW) transferred from the farm to the grid at time t,

reflecting a power selling action, while usell
t denotes the unit revenue ($/kW) obtained from

selling excess electricity back to the grid. We conservatively assume the price of power sold

back to the grid is 10% of the purchase price from the grid. This equation captures the

dynamics of power exchange and its associated costs within the framework.

Equation (4.9) shows the penalty cost, PCt, caused by the unbalanced system, i.e.,

oversupply or power shortage, where cpc is the unit price ($/kW) for the penalty. Here,

Dtotal
t is the total electricity demand at time t.

PCt = |Dtotal
t −

i={PV,Wind,BESS,Grid}∑
i

P i
t | × cpc (4.9)

Next, charging and discharging constraints regulate the farm battery behavior in Equa-

tions (4.11) and (4.10), where P
dis

t and P
ch

t represent the maximum discharge and charge

rates, respectively. These constraints ensure that the battery’s charge and discharge rates do

not exceed their limits. Parameters Disch and Char are the maximum discharging/charging

rates in the battery but are also limited by the headroom of state of charge (SOC) or the

remaining energy in the battery.

P
dis

t = min(Disch, SOCt) (4.10)
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P
ch

t = min(Char,BESSCap − SOCt) (4.11)

Bflag
t =

{
discharge, if Dtotal

t ≥ (P PV
t + PWind

t )

charge, if Dtotal
t < (P PV

t + PWind
t )

(4.12)

Here, Bflag
t determines whether the battery should be in a charge or discharge state,

depending on the relationship between the total energy demand and the combined energy

generation from PV and wind sources.

PBESS
t =

{ min(P
dis

t , |Dtotal
t − PWind

t − P PV
t |),

if Bflag
t = discharge

−min(P
ch

t , |PWind
t + P PV

t −Dtotal
t |),

if Bflag
t = charge

(4.13)

Then, Equation (4.13) indicates the battery’s power in charging or discharging. Variable

PBESS
t represents the power aggregation of the battery. It is determined based on whether

the battery should be in a charge (with a “-” sign) or discharge (with a “+” sign) state and

ensures the battery’s power output aligns with the energy demand.

P̂Grid
t = Dtotal

t −Dslack
t − P PV

t − PWind
t − PBESS

t (4.14)

The grid power characteristic is defined in Equation (4.14), where P̂Grid
t represents the

expected power exchanged with the grid, and Dslack is the slack variable in the energy

balance equation. It is calculated as the difference between the total energy demand and the

combined energy generation from PV, wind, and the battery.

P grid
t =

{
min(PG2F , |P̂Grid

t |), if P̂ grid
t > 0

−min(PF2G, |P̂Grid
t |), if P̂ grid

t < 0
(4.15)

Equation (4.15) serves as an upper bound for power exchange during grid interaction.

Specifically, their values are determined within limits set by PG2F and PF2G to ensure bound-
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Table 4.1: Renewable Energy Parameters

Technology PV Wind BESS
Capital cost $1220/kW $1015/kW $500/kWh)

O&M cost (per year) $35/kW $45/kW $35/kWh
Land requirement 28 m2/kW 240 m2/kW -

aries in the exchange between the two entities, from grid to farm and from farm to grid,

respectively.

Together, Equations (4.1)-(4.15) establish the objective function, constraints, and vari-

ables integral to the optimization problem for sizing renewable energy and battery systems,

taking into account cost considerations, balance requirements, and grid interactions. Fig-

ure 4.3 shows the flowchart of the proposed budget-considering approach in the farm-based

HRES sizing problem. Weather data, technology cost, budget, and price information are

inputs to the framework. To address this optimization challenge, the study employs the

differential evolution algorithm as the chosen optimization tool205.

4.1.3 Preliminary Results

Simulation Setup

The simulation setup parameters, as shown in Table 4.1, encompass capital cost and

decision range of PV, wind, and battery capacity. These parameters are sourced from the

commercial technology NREL Annual Technology Baseline (ATB)206. The battery parame-

ters are derived from reference207.

The electricity pricing model utilized in this analysis is a Time-of-Use (ToU) structure.

We assume the selling price to the grid is set at 10% of the purchase price. The ToU pricing

is from Pacific Gas & Electric (PG&E) rate EToU-E6 includes three tiers: a Base level

priced at $0.244/kWh, Peak A at $0.32/kWh, and Peak B at $0.436/kWh. Peak A rates

are applicable during hours 11-13, 20, and 21, while Peak B rates are in effect from hours

14-19, and Base rates are at all other times. Additionally, the study assumes a REC price

of $30/MWh. Furthermore, it is based on the assumption that five acres of land space are
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available for the installation of renewable energy systems on the farm. The assumption of

land space per power is listed in Table 4.1. The parameters for ammonia and water are

sourced from reference208, in which the ammonia plant requires 410 kW, and the water

system requires 25 kW when running.

Simulation Results

The simulation results uniquely address the challenge of sizing renewable energy for

small-scale ammonia production (We assume 1 ton per day (TPD) in this case study.) To

assess the effectiveness of our budget-constrained approach, we have designed several sce-

narios:

• Baseline: this case serves as a reference scenario, simulating a farm relying solely

on electricity from the grid. It showcases the avoided energy cost, environment, and

sustainability benefits without renewable energy integration.

• Ten scenarios that span HRES capital budgets from $100k to 1 million with HRES op-

timization: these scenarios evaluate this method’s effectiveness for optimizing HRESs

in farm energy systems, emphasizing the reduction of grid electricity dependence. Note

that budget allocation is the portion of the overall budget that is set aside for HRES

capital investments.

Table 4.2 provides a cost comparison across various HRES budget scenarios for implementing

an HRES for small-scale ammonia production. In the Baseline (no HRES budget allocation)

scenario, where the farm relies solely on grid electricity, the total cost over 15 years amounts

to approximately $2.48M (million). Subsequent HRES capital budget scenarios ranging

from $100k to $1M demonstrate the effectiveness of the proposed HRES optimization. As

the HRES capital budget increases, cost savings become evident. For instance, with a $100k

HRES budget, the total cost drops to about $2.13M, which reduces the total cost 13%

compared to the Baseline scenario, achieved through the installation of 50 kW of PV, 40 kW

of wind, and no battery. As HRES budgets grow, the farm invests in larger PV and wind

systems, along with battery storage, leading to substantial cost reductions. Moreover, with
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Table 4.2: Comparison of HRES sizing between scenarios with 1 TPD ammonia plant (“Cap.”
is Capacity; “Total Cost” is defined in Eq. (4.2))

Allocated
Budget for
HRES

Total Cost PV Cap. Wind Cap. Battery Cap.
($) (kW) (kW) (kWh)

Baseline ($ 0) 2.48M 0 0 0
$ 100k 2.13M 50 40 0
$ 200k 1.86M 120 60 10
$ 300k 1.64M 230 50 10
$ 400k 1.45M 340 40 10
$ 500k 1.24M 450 30 10
$ 600k 1.13M 550 20 30
$ 700k 1.04M 630 10 40
$ 800k 975k 720 0 90
$ 900k 975k 720 0 90
$ 1M 975k 720 0 90

Figure 4.4: Illustration of farms with 1 TPD ammonia plant with its budget allocation for
HRES and impact on total energy costs.

HRES budgets ranging from $800k to $1M, the total electricity cost remains constant at

approximately $975k for 15 years. These scenarios allocate the HRES budget to install 720

kW of PV capacity and a 90 kWh battery. However, scenarios with $900k and $1M HRES

budgets did not invest their entire allocation.

Figure 4.4 illustrates the dynamic changes caused by various HRES budget allocations

in the components of the total cost. As the HRES capital budget increases, there is a notice-
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able decrease in electricity purchased from the grid, denoted as “Grid cost.” It’s important

to emphasize that the cost associated with electricity purchases plays a dominant role in

the total cost throughout the 15-year simulation for small-scale ammonia production farms.

In addition, beyond a $680k HRES budget, the capital cost remains fixed, signifying max-

imal land space utilization (five acres). Therefore, further investment doesn’t reduce the

total energy cost. These scenarios underscore the significant cost-effectiveness and sustain-

ability advantages achieved by optimizing HRESs for small-scale ammonia production while

adhering to HRES budget considerations.

4.1.4 Preliminary Summary

This section offers a unique view of optimizing renewable energy system sizing for small-

scale ammonia production. It prioritizes alignment with farm-specific needs and strict HRES

budget considerations. Considering farm energy usage with Stella architecture models en-

hances both the dynamics and connections between various modules in the farm. The sim-

ulations highlight substantial cost savings, emphasizing the advantages of renewable energy

integration in farming, with maximum cost reduction achieved within budget constraints.

Results showed that $100k investment in an HRES can reduce approximately 13% of elec-

tricity costs in 15 years.

4.2 Deep Reinforcement Learning based Farm Energy

Management Considering Ammonia Generation

After solving the planning problem in this complex system, the next step is designing

an effective operation strategy in this system, which is proposed in this section.

Addressing long-term weather trends adaptation in agriculture requires a cumulative

impact from individual farm-level decisions, which are often shaped by public policies like

subsidies, taxes, and regulations, as well as corporate policies such as pricing strategies and
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supply chain alternatives. However, effective adaptation also depends on improved analysis of

innovative approaches to ensure meaningful outcomes rather than failed initiatives. Building

on recent advancements in reinforcement learning, renewable energy integration, and local

ammonia production, this study aims to bridge existing gaps in sustainable farm energy

management within the Food-Energy-Water (FEW) Nexus.

While prior research has demonstrated the potential of renewable energy and reinforce-

ment learning (RL) techniques to enhance efficiency and reduce emissions, few studies have

introduced a unified framework that simultaneously integrates energy generation, resource

management, and sustainability at the individual farm level—particularly incorporating lo-

cal ammonia production as a clean energy carrier. To address this gap, we propose a novel

framework for farm energy management that leverages renewable energy sources, ammonia

production, and Deep Reinforcement Learning (DRL) within the Food-Energy-Water (FEW)

Nexus. This framework optimizes resource allocation while enhancing the sustainability and

economic viability of agricultural systems. We develop and implement DRL-based algorithms

to assess their effectiveness in improving farm operational efficiency, optimizing resource uti-

lization (irrigation and nitrogen application), and maximizing economic returns. Our results

demonstrate that DRL-driven approaches outperform traditional decision-making strategies

by enhancing energy efficiency and reducing costs, thereby supporting more sustainable agri-

cultural practices.

4.2.1 Modeling of the single farm within the FEW Nexus

Efficient resource management in agriculture is critical for ensuring sustainability within

the Food-Energy-Water (FEW) Nexus. Renewable energy sources alone cannot provide a

continuous and stable supply due to their intermittent nature, requiring an optimized energy

storage and management framework. Additionally, ammonia, traditionally produced using

fossil fuels, can serve as an energy carrier if integrated into farm energy systems. The

proposed models in this section aim to address these challenges by integrating renewable

energy, ammonia production, irrigation management, and crop modeling into a cohesive
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Figure 4.5: (a) Illustration of FEW nexus in an individual farm. (b) DQN-enabled decision-
making architecture integrated into farm management.
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decision-making framework. This approach enhances operational efficiency while ensuring

economic and environmental sustainability. Farming systems operate at the intersection of

resource constraints, economic pressures, solar needs, and environmental imperatives, making

their modeling within the FEW Nexus essential. Efficient resource allocation, renewable

energy integration, and sustainable management practices are crucial for addressing the

challenges of long-term weather trends, resource scarcity, and increasing food demands. To

effectively model the FEW nexus at the individual farm level, we propose a FEWture-DRL

framework that captures the interdependencies among energy generation, and consumption.

This framework is divided into two major components: the energy model and the farm model

as shown in Figure 4.5 (a).

In this system, ammonia production is facilitated through a community-owned ammonia

plant. The plant is shared within the community; however, farmers must supply their

own energy to generate ammonia, as the plant only provides the production infrastructure.

Figure 4.5 (a) illustrates the interaction between various modules, including renewable energy

sources (solar and wind), energy storage (battery), irrigation systems, and the community

ammonia plant. The farm is allowed to draw power from both local renewable sources and the

external grid while using the energy to manage crop production and ammonia production,

ensuring efficient use of resources within the FEW nexus. The specifics of energy, water,

ammonia and agriculture modeling are described next:

Energy Model

The energy model is composed of renewable energy generation, storage, grid interaction,

and balance and curtailment components, which are defined in the following four subsections.

This integrated framework ensures the farm’s energy demands are met.

Renewable Energy Generation Model

The renewable energy generation model quantifies the energy contributions from so-

lar and wind resources, which are critical for powering the farm’s operations. The energy
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generated from these sources can be represented by the following equations:

Esolar = Capsolar × ηpv ×
Isolar
Istc
× tsun (4.16)

Ewind = Capwind × ηwind(vwind)× twind (4.17)

where Esolar and Ewind represent the energy generated from solar and wind, respectively,

in kWh. Capsolar and Capwind are the installed capacities of the photovoltaic and wind

systems, respectively, in kilowatts (kW). Isolar is the solar irradiance in watts per square

meter (W/m²), Istc is the standard test condition irradiance, typically 1000 W/m², and

ηpv is the efficiency of the photovoltaic panels. The ratio Isolar
Istc

is used to adjust the energy

output according to the actual solar irradiance relative to standard conditions, and tsun is

the duration of effective sunlight in hours. For wind energy, vwind represents the wind speed

in meters per second (m/s), ηwind(vwind) is the efficiency of the wind turbine depending

on wind speed, and twind is the duration of wind availability in hours. Figure 4.6 shows

the relationship between wind speed and the corresponding wind power output.The data

indicates that the farm can expect significant power contributions from wind when wind

speeds are within the range.

Figure 4.6: Wind Power Output Generation Vs Wind Speed
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Energy Storage

The energy storage system serves as a buffer, enabling the farm to manage temporal

mismatches between renewable energy generation and demand. It is modeled as a 4-hour

battery system, which supports efficient energy use across various farm operations.

Echarge = max(min(Ewind + Esolar − Eload, Smax − S,
Smax

4
), 0) (4.18)

Edischarge = max(min(Eload − Esolar − Ewind, S,
Smax

4
), 0) (4.19)

S = Sprevious + Echarge − Edischarge (4.20)

where Echarge and Edischarge refers to charging and discharging the energy storage system,

respectively. S is the current stored energy in kWh, and Smax is the maximum storage

capacity in kWh. The function max(·, 0) ensures that no negative values occur when the

demand exceeds the renewable energy generation. This equation describes how the state of

charge S of the energy storage system is updated over time. The current state of charge

S is calculated by taking the previous state of charge Sprevious, adding the energy that has

been charged into the system Echarge, and subtracting the energy that has been discharged

Edischarge.

In addition, the energy storage system is modeled as a 4-hour battery, meaning it is

designed to discharge its full capacity continuously over a four-hour period. This duration is

chosen based on typical farm energy demand cycles, ensuring that stored renewable energy

can be utilized during peak operation hours, such as irrigation and ammonia production. A

4-hour battery system provides flexibility to bridge the gap between intermittent renewable

energy generation and real-time farm energy consumption.
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Grid Interaction

The grid interaction component ensures energy reliability by allowing the farm to import

energy when renewable sources and storage are insufficient. The equations are as follows:

Egrid = max(Eload − Esolar − Ewind − Edischarge, Ēgrid) (4.21)

where Egrid is the energy drawn from the grid in kWh, when Ēgrid is the upper boundary of

the imported energy from the grid.

Energy Balance and Curtailment

Energy balance and curtailment ensure that the supply meets the farm’s demand while

efficiently managing any surplus through curtailment, which is governed by:

Ecurt = max(Esolar + Ewind − Eload − Echarge, 0) (4.22)

The energy balance is:

∆Eimb =
∣∣Esolar + Ewind + Edischarge + Ēgrid − Eload − Echarge

∣∣ (4.23)

where ∆Eimb denotes the energy imbalance in kWh. Eload is the total energy demand of

the farm, while Ecurt in kWh represents curtailed energy when generation exceeds demand.

The energy balance equation ensures that all energy generated and stored is fully utilized

or curtailed, enforcing ∆Eimb =0. Any surplus energy beyond storage and load capacity is

curtailed, while deficits are met through grid imports.

Irrigation Energy Model

Irrigation requires energy for water collection and distribution. The irrigation energy

demand is modeled as:
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Eirr = ηirr × airr (4.24)

where Eirr is the energy required for irrigation in kWh, airr is the amount of irrigation in

centimeters (cm*hectare), and ηirr is the conversion factor from cm-ha to kWh for irrigation.

Other aspects of water use for irrigation and the relatively tiny amount of water required for

ammonia production (about 0.06% for corn) are discussed by209–211. In addition, the water

model is in the following section 4.2.1.

Ammonia Generation Model

Ammonia serves as a vital nitrogen fertilizer for crop growth. In FEWture-DRL, the

ammonia generation model provides a framework for assessing the energy demands associated

with producing ammonia for fertilizer, a critical component of agricultural productivity211;212.

The energy required for ammonia production is substantial and the only aspect of ammonia

production considered in FEWture-DRL. The energy demand is modeled as:

ENH3 = ηNH3 × aNH3 (4.25)

where ENH3 is the energy required for ammonia generation in kWh, aNH3 is the mass of

ammonia produced in kilograms (kg), and ηNH3 is the specific energy consumption in kWh

per kg of ammonia produced.

Agriculture and Soil Model

The agriculture model integrates crop growth simulations with environmental factors

such as nitrogen and water limitations. This approach helps optimize resource use and en-

hance crop productivity. Specifically, this study employs the World Food Studies (WOFOST)

model, integrated within the Python Crop Simulation Environment (PCSE) framework, the

Soil Nitrogen module for Organic and Mineral Nitrogen (SNOMIN) as the simulation en-
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gine2. The SNOMIN module in WOFOST introduces an advanced approach for modeling

both nitrogen and water limitations on crop growth, thereby enhancing the accuracy of crop

simulations.

Nitrogen limitation in SNOMIN is represented by accounting for the dynamic interac-

tions of soil nitrogen in both organic and mineral forms. Key processes modeled include

mineralization, where organic nitrogen is converted into inorganic forms of ammonium, such

as ammonium nitrate that can be absorbed by plants, and nitrogen immobilization and its as-

similation by soil microorganisms. The foregoing determines the amount of available nitrogen

to crops and is influenced by factors such as soil temperature, moisture, and carbon content.

When soil nitrogen levels fall below a critical threshold, crop growth is constrained due to in-

adequate protein synthesis and chlorophyll formation. Additionally, SNOMIN incorporates

the vertical movement of nitrogen across different soil layers, enabling a better understanding

of how the root access to nutrients changes over time based on rainfall, irrigation practices,

and root development. This dynamic representation of nitrogen behavior allows SNOMIN

to capture the complex factors influencing nitrogen availability, ultimately contributing to

more accurate crop growth simulations. The implications of nitrogen dynamics on plant pro-

ductivity are maintained by the SNOMIN model3, relevant to FEWtures-DRL are described

in the following section.

Nitrogen Balance for Fertilizer in SNOMIN

The nitrogen balance model in SNOMIN ensures a representation of nitrogen dynamics

in the soil, contributing to improved estimation of crop yield under varying conditions. The

nitrogen balance is expressed through the following equation, which ensures the conservation

of ammonium nitrogen (NH4) across each soil layer during a given time step:

NH4balance = NH4initial − NH4final +RNH4AM +RNH4IN +RNH4MIN

+RNH4DEPOS −RNH4NITR −RNH4OUT −RNH4UP

(4.26)

127



where NH4balance represents the ammonium nitrogen mass balance for the soil layer, which

should be close to zero to satisfy the principle of mass conservation. NH4initial is the initial

amount of ammonium nitrogen (NH4-N) present in the soil layer at the beginning of the

time step, and NH4final is the final amount at the end of the time step, both expressed in

kg N m−2. The term RNH4AM represents the rate of ammonium nitrogen application (kg

NH4-N m−2 day−1), which accounts for ammonium added to the soil from external sources

such as fertilizers. RNH4IN is the rate of inflow of ammonium nitrogen from adjacent soil

layers, representing the nitrogen moving into the soil layer from neighboring layers, while

RNH4MIN denotes the net rate of mineralization, which is the conversion of organic nitrogen

into ammonium through biological processes. RNH4DEPOS refers to the rate of ammonium de-

position from sources like precipitation, which can enhance nitrogen availability. Conversely,

RNH4NITR is the rate of nitrification, representing the conversion of ammonium into nitrate

by soil microorganisms, thereby reducing the amount of available ammonium. RNH4OUT is

the rate of outflow of ammonium nitrogen to adjacent soil layers, indicating the movement of

ammonium out of the current soil layer into surrounding layers. Finally, RNH4UP is the rate

of ammonium uptake by plant roots, which represents the amount of ammonium nitrogen

absorbed by plants from the soil. The nitrogen balance equation takes into account all these

processes—application, inflow, outflow, deposition, mineralization, nitrification, and root

uptake—to ensure that the ammonium nitrogen in each soil layer is balanced accurately

over time.

Water Balance for Irrigation in SNOMIN

For modeling water limitation2, SNOMIN implements a Multi-Layer Water Balance

(MLWB), an enhancement over the simpler single-layer balance used in earlier WOFOST

versions. The multi-layer approach enables the model to assess water availability across

various soil horizons, providing insights into the water accessible to crop roots at different

growth stages. Water limitation occurs when the soil moisture content in the root zone falls

below the level required to meet the crop’s evapotranspiration needs, leading to reductions
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in photosynthesis and other growth processes. The MLWB in SNOMIN also helps simu-

late the impact of water stress on nitrogen uptake, since water availability directly affects

nutrient mobility within the soil profile. By considering nitrogen and water limitations in-

teractively, SNOMIN provides a comprehensive representation of how environmental factors

impact crop productivity, highlighting the critical importance of managing both water and

nutrient resources to achieve optimal growth.

Rin = min(Rin, PRE, F lowtop) (4.27)

Rin, PRE = Rrain + airr + SS (4.28)

The infiltration rate (Rin) in the multi-layer water balance is influenced by both rainfall

and irrigation, as well as the soil’s capacity to absorb water. It is calculated as the minimum

of the potential infiltration rate (Rin, PRE) and the maximum downward flow at the top

boundary of the soil profile (Flowtop). The potential infiltration rate (Rin, PRE) includes

contributions from rainfall (Rrain), irrigation (airr), and surface storage (SS)—representing

the amount of water that has accumulated on the soil surface. The infiltration rate is

constrained by Flowtop, which is the maximum rate at which water can move downward from

the soil surface based on soil properties such as conductivity and capacity. This equation

ensures that the amount of water infiltrating the soil is physically realistic, accounting for

both the amount of water added through irrigation and rainfall, and the soil’s ability to

absorb this water.

4.2.2 Approach of FEWture-DRL Framework

The FEWture-DRL framework is composed of spaces for observations, actions, reward

functions, and economics. Specifically, the agent is a reinforcement learning model responsi-

ble for making sequential decisions regarding irrigation and nitrogen application to optimize

129



farm operations. The state represents the set of information available to the agent at each

time step in the simulation. The agent does not have access to the entire time series of states

in advance. Instead, it operates in a Markov Decision Process (MDP) framework, where it

only observes the current state at each time step and makes decisions accordingly. As the

optimization progresses, the agent builds knowledge based on past interactions through the

experience replay mechanism, but it does not have foresight into future states beyond what

is inherently available in the given step of the simulation. This structure ensures that the

FEWture-DRL framework integrates decision-making for sustainable farm energy manage-

ment.

Table 4.3: Observation Space (State Variables)

Variable Definition Unit (Time Step: Daily)

DAY Current day of the growing season Day

DVS Crop development stage -

WSO Weight of storage organ (crop yield) kg

SM Soil moisture content %

RFTRA Root fractional transpiration -

RMINT Root mineral nitrogen uptake kg

RIRR Irrigation amount applied cm

TRA Transpiration rate mm/day

NAVAIL Available nitrogen in soil kg/ha

Ndemand Crop nitrogen demand kg/ha

Grid Exchange Power exchanged with the grid kWh

Energy Storage Stored energy level in battery kWh

Energy Demand Total farm energy demand kWh

Wind Generation Wind power generation kWh

Solar Generation Solar power generation kWh

IRRAD Solar irradiance W/m²
TMIN Minimum daily temperature °C
TMAX Maximum daily temperature °C
WIND Wind speed m/s

RAIN Rainfall mm

Observation Space

The observation space in this environment provides the agent with key information about

the crop, soil, water, energy, and weather dynamics that affect farm management. The state

consists of 19 variables, which include agricultural parameters, energy-related variables, and
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weather data as shown in Table 4.3. These variables provide the necessary environmental

context for energy generation and crop growth.

Action Space

The agent is tasked with controlling two action spaces: the amount of irrigation and the

amount of nitrogen applied to the crop. The irrigation amount, measured in centimeters,

ranges from 0 to 0.6 cm with 0.1 cm incremental, over the planting period (we assume the

irrigation decision is applied around noon in the day). The nitrogen application amount,

measured in kg/ha, ranges from 0 to 3.5 kg/ha with 0.5 kg/ha incremental step as shown in

Table 4.4. These actions directly influence crop growth, water usage, nitrogen uptake, and

energy consumption, which are critical for optimizing farm operations. This setup allows the

agent to explore different combinations of irrigation and nitrogen application rates in each

timestep.

Table 4.4: Action Space and Reward Function

Category Variable Unit (Time Step: Daily) Action Boundaries

Action Space
Irrigation cm [0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6]
Nitrogen Application kg/ha [0, 0.5, 1.0, 1.5, 2.0, 2.5, 3.0, 3.5]

Reward Function and Economics

The reward function is designed to balance the objectives of maximizing crop yield and

minimizing operational costs, including irrigation, nitrogen application, and energy usage.

The reward is calculated as crop revenue minus the total production cost.

Revenue is determined by the crop area, yield, and crop price. Here, crop yield ∆Ycrop

is represented by the weight of the storage organ (WSO) per unit area, expressed in kg ha−1

(kilograms per hectare). This unit is widely used in agricultural research to quantify crop

productivity. The revenue equation integrates these factors and is expressed as:

Revenue = ∆Ycrop × pcrop (4.29)
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where crop yield ∆Ycrop is the mass of the storage organ changed at the end of each step

simulation, and crop price pcrop is a constant reflecting the market value. Costs are composed

of three main components. First, the irrigation cost is proportional to the amount of water

applied during each step. Second, energy cost is incurred when energy is drawn from the

grid to support irrigation or nitrogen generation, which also includes the energy required for

ammonia production. Note that the ammonia plant is community-owned and farmers supply

only energy, so the cost of ammonia is inherently captured within the energy cost. Finally,

a penalty is applied for power imbalance, which arises when the farm’s energy supply from

renewable sources does not match the demand. The total cost (Costtotal) is composed of

three main components: irrigation cost (Cirrigation), energy cost (Cenergy), and imbalance cost

(Cimbalance):

Costtotal = Cirrigation + Cenergy + Cimbalance (4.30)

The irrigation cost is calculated by multiplying the unit cost of irrigation water (pirrigation)

by the energy used for irrigation (EIRR). The energy cost is determined by the product of

the electricity price (pelec) and the energy imported from the grid (Egrid).

Cirrigation = pirrigation × EIRR (4.31)

Cenergy = pelec × Egrid (4.32)

Cimbalance = ppenalty ×∆Eimb (4.33)

The imbalance cost arises when the farm’s energy demand exceeds the available sup-

ply from renewable sources and storage, and the maximum allowable grid import (Ēgrid)

is reached. It is computed by multiplying the penalty price (we assume the penalty price
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is much higher than the regular electricity price) for imbalance (ppenalty) with the energy

imbalance (∆Eimb). Since the farm integrates renewable energy sources, energy production

may not always match demand in real time. If surplus energy cannot be stored or used

efficiently, it is curtailed, while deficits require grid imports. The imbalance cost incentivizes

the agent to optimize energy usage, minimize reliance on the grid, and ensure efficient re-

source allocation. The reward function is then given by the difference between revenue and

production cost:

Reward = Revenue− Costtotal (4.34)

If the crop has been harvested, the reward reflects the overall net profit after the entire

growing season. Otherwise, it represents the operational efficiency up to the current timestep.

The reward structure incentivizes the agent to manage both water and nitrogen efficiently

while minimizing energy dependence on external sources.

Temporal Dynamics and Decision Process

The simulation operates on a daily time step, ensuring consistent updates across all

state, action, and reward variables. Each day, the agent observes the environment based

only on past and present data, without access to future states or predictive insights. The

agent makes daily decisions on irrigation and nitrogen application, dynamically responding

to changes in soil moisture, crop development, and weather conditions.

This study assumes a one-hectare planting area dedicated to potato cultivation through-

out the growing season. The model does not account for crop selection, intercropping, or

crop rotation. All reported values are standardized per hectare: irrigation depth is measured

in centimeters, nitrogen application in kilograms, energy use in kilowatt-hours, and economic

factors in dollars. While the daily decision-making framework results in a high-dimensional

action space, reinforcement learning efficiently navigates this complexity to optimize long-

term farm performance. At the end of the growing season, the cumulative reward is calcu-
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lated based on farm profitability, resource efficiency, and energy consumption, incentivizing

sustainable and cost-effective decision-making.

DQN Algorithm for Farm Energy Management

The FEWture-DRL framework applies the Deep Q-Network (DQN) algorithm16;111 to

optimize energy management in a farm setting, considering key factors such as irrigation

energy use and ammonia production. This framework captures the interactions between re-

newable energy sources, energy storage, and agricultural processes to enhance sustainability

and operational efficiency. This study expands on this FEW Nexus by incorporating the

DQN-based decision-making process, as Figure 4.5 (b) highlights the DQN agent, which is

employed to efficiently manage energy resources and farm operations by selecting optimal

actions based on predefined discrete action spaces. DQN is well-suited for this task as it

effectively handles environments with discrete decision variables, such as varying irrigation

levels and nitrogen applications. By learning from past experiences, the DQN algorithm

enhances farm sustainability by balancing energy consumption, resource allocation, and eco-

nomic performance.
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Algorithm 2 DQN Algorithm for FEWture-DRL

1: Initialize action-value function Qθ(s, a) with random weights θ; Initialize target action-value

function Q̂θ(s, a) with weights θ′ ← θ; Initialize replay buffer B with size N

2: Set exploration parameters: exploration rate ϵ, decay factor ϵdecay, and minimum ϵmin

3: for each episode do

4: Reset environment and observe initial state s0

5: for each time step t within the episode do

6: With probability ϵ, select a random action at

7: Otherwise, select at = argmaxaQθ(st, a)

8: Execute action at in the environment, observe next state st+1 and reward rt

9: Store transition (st, at, rt, st+1) in replay buffer B

10: if replay buffer is sufficiently populated then

11: Sample a minibatch of transitions (si, ai, ri, si+1) from B

12: Compute the target for each transition:

yi = ri + γmax
a′

Q̂θ(si+1, a
′)

13: Update Q-network by minimizing the loss:

L(θ) =
1

|B|
∑
i

(yi −Qθ(si, ai))
2

14: Perform a gradient descent step to update the Q-network parameters θ

15: Every C steps, update the target network:

θ′ ← θ

16: end if

17: Update ϵ← max(ϵmin, ϵ× ϵdecay)

18: end for

19: End episode when a terminal state is reached

20: end for
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The Algorithm 1 (DQN) algorithm approximates the optimal action-value function

Qθ(s, a) using a neural network, selecting actions via ϵ-greedy exploration to balance ex-

ploitation and exploration. The experience replay buffer stabilizes training by reducing

temporal correlations. DQN was chosen for its high sample efficiency and suitability for

discrete action spaces. For comparison, we also applied the Advantage Actor-Critic (A2C)

algorithm213. Unlike DQN, A2C is an on-policy method, updating its policy with newly

collected experiences but lacking experience replay, leading to lower sample efficiency and

potential learning instability. This difference explains why DQN outperformed A2C in our

simulations, particularly in optimizing irrigation and nitrogen application, where long-term

reward optimization is crucial.

4.3 Experiment and Case Studies

In this section, we provide the key parameters influencing the simulation of the farm

environment and renewable energy. In addition, comprehensive simulation results reflect the

effectiveness of DRL in farm energy management.

4.3.1 Simulation Setup

This section shows the farm parameters, weather data and other parameters we deployed

in this research. Figure 4.7 presents an overview of the weather data used during the farm

environment simulation. This includes various climatic parameters such as temperature,

solar radiation, and wind speed, which are key inputs for crop growth models and renewable

energy production estimation. The weather data is representative of typical seasonal vari-

ations, which helps assess the feasibility of integrating renewable energy resources into the

farm’s operations.

Table 4.5 provides detailed information on the crop start and end dates, defining the

crop growth period used in the simulation. Additionally, the soil parameters for a four-layer

profile are essential for modeling water and nutrient dynamics in the WOFOST model. These
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Figure 4.7: Weather data illustration for one year of daily data

parameters, sourced from example simulations in the PCSE documentation3, are crucial in

representing realistic soil-water-plant interactions for crop growth modeling.

To evaluate the effectiveness of the proposed DQN-based farm energy management

framework, two rule-based control (RBC) strategies, with no applied optimization, are in-

troduced as benchmarks for comparison:

• No Irrigation, No Fertilizer (NINF): This strategy represents an extremely resource-

conservative scenario where neither irrigation nor fertilizer is applied. It relies entirely

on natural environmental conditions and is used as a lower-bound benchmark to assess

the benefits of more active farm management strategies.

• Full Irrigation, Full Fertilizer (FIFF): This strategy represents a resource-intensive

endpoint, where irrigation and fertilizer are applied at their maximum levels. It serves

to illustrate the upper bound of input use and potential yield.

Table 4.6 summarizes the cost parameters used in the simulation, focusing on operational

expenses rather than capital costs. These parameters play a crucial role in evaluating the
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Crop Start Date Crop End Date
April 21, 2020 October 24, 2020

Parameter Values
Soil Properties and Hydraulic Parameters

Permanent Wilting Point 4.2
Field Capacity 2.0
Surface Conductivity (cm/day) 75.0

Data for Soil – Four Layers
Layer Thickness (cm) [25, 15, 20, 60]
CN Ratio SOMI [17, 25, 25, 25]
CRAIRC (Critical Air Content) [0.09, 0.09, 0.09, 0.09]
FSOMI (Fraction of Soil Organic Matter Input) [0.05, 0.02, 0.01, 0]
RHOD (Soil Bulk Density, g/cm³) [1.375, 1.576, 1.633, 1.672]
Soil pH [4.8, 4.5, 4.5, 4.7]

Table 4.5: Parameter settings for WOFOST and SNOMIN model simulation, including soil
hydraulic and organic matter properties for four soil layers. The data is sourced from example
simulations in the PCSE documentation2;3.

Parameter Value
Required energy for ammonia production (kWh/kg) 11.5214

Unit cost for irrigation (pirrigation) ($/cm/ha) 25.51215

Required energy for irrigation (kWh/cm/ha) 59.33216

Crop price (pcrop) ($/kg) 1.10217

Electricity price (pelec) ($/kWh) 0.15218

Table 4.6: Cost parameters for farm environment simulation with associated mathematical
symbols. NH3 refers to ammonia.

farm’s economic viability. By providing references for each cost component, the table ensures

transparency and reliability, enhancing the credibility of the simulation outcomes.

4.3.2 Simulation Results

This section presents the outcomes of the farm simulation using the proposed FEWture-

DRL framework. The performance of the DQN and A2C algorithms is evaluated against

two rule-based strategies: NINF and FIFF. The analysis focuses on cumulative reward, crop

yield, irrigation and nitrogen application patterns, and overall resource efficiency.

Figure 4.8 compares reward trends and crop yield across four DRL algorithms (NINF,

138



(a) Reward comparison for DRL algorithms,
i.e., DQN and A2C and Rule-based Control
(RBC), i.e., NINF and FIFF

(b) Crop yield comparison for DRL algo-
rithms and Rule-based Control (RBC)

Figure 4.8: Comparison of (a) rewards and (b) crop yield between DRL algorithms.

FIFF, A2C, and DQN). Subfigure (a) illustrates the reward progression over time, reflecting

the typical agricultural growth pattern. Initially, rewards are low as plants are in their early

stages, followed by rapid accumulation during peak growth, and eventually stabilizing as

crops mature. DQN achieves the highest rewards, showcasing its effectiveness in optimizing

resource allocation. FIFF closely follows, while A2C and NINF lag behind, indicating less

efficient management strategies.

Subfigure (b) presents cumulative crop yield (WSO) across the algorithms. The yield

follows a typical agricultural growth pattern: slow initial growth, rapid accumulation, and a

plateau as crops mature. While DQN and FIFF maintain higher yields through efficient irri-

gation and nitrogen application, A2C achieves moderate yields, and NINF, lacking resource

inputs, results in the lowest yield. The sharp increase in yields until around day 115 reflects

optimal resource allocation, after which diminishing returns set in. These results highlight

how water and fertilizer decisions impact crop growth and suggest that DQN and FIFF most

effectively optimize farm productivity.

Figure 4.9 illustrates the trends in irrigation and nitrogen application across the sim-

ulation period. In the top subplot, DQN applies irrigation at an average of 0.4 cm per

day, demonstrating its adaptive but resource-intensive strategy. FIFF, which follows a fixed
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Figure 4.9: Action comparison between algorithms

high-resource approach, consistently applies irrigation at the upper limit of 0.6 cm per day.

A2C employs a more conservative approach, with irrigation levels mostly around 0.2 cm,

while NINF does not apply irrigation, adhering to an extreme farming strategy. In the

lower subplot, DQN frequently applies nitrogen at the maximum level of 3.0 kg/ha/day, op-

timizing for yield while adjusting applications dynamically. FIFF, however, rigidly applies

the highest nitrogen level (3.5 kg/ha/day) throughout the simulation without adaptation,

making it the most resource-intensive strategy. A2C applies nitrogen more conservatively,

averaging around 1.5 kg/ha/day, while NINF applies none. These trends highlight the key

difference between rule-based strategies like FIFF, which applies maximum inputs without

optimization, and DRL-based strategies like DQN, which learn to balance efficiency and

productivity.
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Algorithm NINF FIFF A2C DQN
Total Irrigation Depth (cm) 0 101.4 42.7 58.9
Total Nitrogen Weight (kg) 0 591.5 293.0 406.3

Total Crop Yield (kg) 2962.9 12281.3 7573.2 11642.7
Total Reward ($) 3259.2 10947.4 7241.3 11352.9

Table 4.7: Summary of different farming strategies per unit area of crop land.

4.3.3 Discussion

The FEWture-DRL framework applies the DQN algorithm16? to optimize farm energy

management, considering irrigation, ammonia production, and renewable energy integration.

DQN, an off-policy method, uses experience replay to learn from past experiences, enhancing

decision-making over time. In contrast, the A2C algorithm213, an on-policy method, updates

its policy using only recent experiences, making it less sample-efficient and more sensitive to

short-term fluctuations.

Despite sharing the same objective function and farm model, these differences in learn-

ing mechanisms lead to notable performance variations. DQN outperforms A2C in crop

yield and economic return by better balancing resource application and energy efficiency.

Its off-policy learning enables recognition of delayed effects, such as the long-term impact of

nitrogen on crop yield. A2C, being on-policy, prioritizes short-term gains, resulting in more

conservative irrigation and nitrogen application, reducing costs but leading to lower yields.

Figure 4.10 presents the frequency distribution of irrigation and nitrogen levels applied by

the algorithms. The top subplot demonstrates that DQN and FIFF overwhelmingly select

the highest irrigation levels (0.4 cm and 0.6 cm, respectively), emphasizing their aggressive

resource utilization strategies. A2C applies lower irrigation levels more frequently, particu-

larly around 0.1 cm and 0.2 cm, while NINF does not apply irrigation at all. In addition,

nitrogen frequency distribution confirms DQN’s nearly consistent application of the maxi-

mum nitrogen level (3.0 kg/ha). FIFF also applies high nitrogen levels, predominantly at

3.5 kg/ha. A2C shows a broader distribution with a focus on moderate nitrogen levels (1.5

kg/ha), and NINF applies no nitrogen. These distributions further reinforce the distinct

resource allocation strategies employed by each algorithm.
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Figure 4.10: Action frequency comparison between algorithms
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Table 4.7 provides a comparative summary of different farming strategies, illustrating

the trade-offs between resource use and crop yield. The NINF scenario, which excludes

both irrigation and fertilizer, represents an extreme case of minimal input application rather

than a typical dryland farming strategy. As a result, it yields the lowest crop production

and economic return, highlighting the limitations of non-interventionist approaches under

simulated conditions. In contrast, FIFF applies maximum levels of irrigation and nitrogen,

achieving the highest yield but at the cost of intensive resource use, reflecting a resource-

intensive endpoint for agricultural practices rather than a realistic baseline.

The adaptive strategies of DQN and A2C differ significantly despite both being optimization-

based approaches. DQN consistently achieves higher crop yield and economic reward than

A2C while using only moderately more irrigation and nitrogen. This advantage stems from

DQN’s off-policy nature and use of experience replay, which allow it to learn more effec-

tively from past experiences and better capture long-term dependencies in crop responses.

In contrast, A2C, as an on-policy method, updates its policy using only the most recent in-

teractions, making it less sample-efficient and more sensitive to short-term fluctuations. As

a result, A2C tends to adopt more conservative resource use strategies. These findings sug-

gest that FEWture-DRL with DQN more accurately mimics the adaptive decision-making

of experienced farmers, offering a robust tool for sustainable farm management.

4.4 Summary

This chapter first introduces a planning framework for agricultural energy systems that

integrates local ammonia production within the FEW Nexus. Building on this foundation,

DRL algorithms—specifically, DQN and A2C—are applied to optimize farm-level energy

management. The simulations focus on achieving a balance between energy consumption,

irrigation, and nitrogen application, while simultaneously maximizing crop yield and mini-

mizing operational costs. Among the algorithms, DQN consistently demonstrated superior

performance in terms of total reward and crop yield. This can be attributed to its more
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resource-intensive approach, utilizing higher levels of irrigation and nitrogen throughout the

simulation. Compared to A2C, DQN demonstrated superior sample efficiency due to its

use of experience replay, allowing it to learn more effectively from past decisions. Addi-

tionally, A2C’s on-policy nature led to higher variance in learning, making it less stable

in optimizing farm resource allocation, whereas DQN’s off-policy learning facilitated better

decision-making over time. In terms of irrigation and nitrogen application strategies, DQN

applied the highest levels of resources, reflecting an aggressive approach to maximizing crop

growth. The frequency of resource application across the algorithms further highlighted

these differences. DQN frequently utilized high levels of both irrigation and nitrogen, while

other algorithms employed more moderate and varied levels of resource use. This difference

in strategy significantly impacted the outcomes, with DQN producing the highest crop yield

but at the cost of greater resource utilization. In conclusion, DQN emerged as the most effec-

tive algorithm for maximizing farm performance in terms of crop yield and rewards. Future

research could focus on refining DRL algorithms by incorporating sustainability constraints,

such as water conservation policies and carbon footprint reduction. Additionally, real-world

testing of these models on actual farm operations could provide deeper insights into their

feasibility and long-term benefits.
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Chapter 5

Conclusion and Future Work

This chapter concludes the dissertation by summarizing the key research findings, high-

lighting the broader impacts of this work, and suggesting several promising directions for

future research. Detailed analyses and chapter-specific conclusions can be found within their

respective sections.

5.1 Conclusion

This dissertation has investigated how advanced Machine Learning (ML) techniques can

significantly improve energy management, efficiency, and sustainability across three intercon-

nected domains: power systems, building energy management, and agricultural operations

within the Food-Energy-Water (FEW) nexus. Each study developed novel methodologies to

address critical, sector-specific challenges, demonstrating ML’s flexibility and effectiveness

in solving complex real-world problems.

Island Power Systems. To maintain grid stability in islanded power systems with high

renewable penetration, a linear regression–based frequency nadir constraint was developed

and embedded within a mixed-integer linear programming (MILP)-based Unit Commitment

(UC) model. Unlike traditional minimum inertia approaches, the proposed method explicitly
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accounts for frequency stability after the largest generation trip event. Validation with the

Maui Island grid over an extended simulation period demonstrated that the proposed model

significantly enhances frequency stability and operational reliability while only marginally

increasing generation costs. This work underscores the value of integrating data-driven con-

straints into UC scheduling, improving renewable integration and ensuring reliable operation

in low-inertia grids.

Occupant-Centric Building Energy Management. In building energy management,

a multi-agent deep reinforcement learning (MADRL) framework, based on the Multi-Agent

Deep Deterministic Policy Gradient (MADDPG), was proposed to optimize multi-zone HVAC

systems by explicitly modeling dynamic occupant behaviors, including occupancy patterns,

clothing insulation changes, and metabolic activity. EnergyPlus-based simulations demon-

strated remarkable efficiency gains, achieving up to 51.09% electricity cost savings compared

to traditional rule-based methods and outperforming single-agent DRL approaches by 4.34%,

all without compromising occupant thermal comfort. These results confirm that integrating

occupant-centric behavioral dynamics within multi-agent DRL frameworks can substantially

enhance building energy performance.

Agricultural Operations within the FEW Nexus. In the agricultural domain, the

study introduced a DRL framework to optimize agricultural resource management within

the FEW Nexus. The framework jointly manages energy consumption, irrigation schedul-

ing, and nitrogen application to enhance crop productivity while minimizing operational

costs. Two DRL algorithms—DQN and A2C—were implemented and benchmarked against

a rule-based control strategy. The results reveal that DQN, with its aggressive policy, con-

sistently maximizes crop yield through higher resource usage. This approach significantly

outperforms the rule-based baseline in terms of overall reward and adaptability to envi-

ronmental variability. These findings highlight the potential of DRL to enable intelligent,

adaptive decision-making in agricultural systems, supporting both economic performance

and environmental sustainability.
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Collectively, these three interconnected studies illustrate the transformative potential

of machine learning in advancing energy system sustainability, flexibility, and efficiency. By

providing novel data-driven methods tailored to power systems, occupant-centric building

management, and agriculture, this dissertation makes significant contributions to energy

management literature and practical applications, offering scalable solutions for the sustain-

able development of modern energy infrastructure.

5.2 Future Work

Several promising directions emerge for further investigation, extending the methodolo-

gies and insights developed in this dissertation:

• Advanced Frequency Regulation in Power Systems: Future research could in-

corporate grid-forming inverter models and virtual inertia technologies into the data-

driven frequency nadir constraint, further enhancing grid resilience and operational

fidelity in systems characterized by extremely high renewable penetrations.

• Integration of Occupant-Centric and Bioclimatic Strategies in Buildings:

Expanding upon occupant-centric DRL frameworks, future studies could integrate bio-

climatic design features and detailed human behavior analytics to create comprehensive

solutions that merge active controls with passive environmental designs, significantly

enhancing building energy efficiency and occupant comfort.

• Multi-objective Reinforcement Learning in Agriculture: Future research may

extend the DRL framework to explicitly include multiple conflicting sustainability ob-

jectives, such as reducing water use, minimizing nitrogen runoff, and decreasing green-

house gas emissions alongside economic targets. Multi-objective DRL algorithms could

help farmers navigate these complex trade-offs effectively.

• Cross-domain Integration of Energy Management: Finally, an exciting research

pathway involves cross-domain studies integrating grid operations, smart building con-
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trols, and agricultural energy management into cohesive ML-based platforms. Such

studies would offer insights into system-wide optimization and synergies across tradi-

tionally siloed sectors, further advancing energy sustainability on broader geographic

and temporal scales.

Exploring these avenues will undoubtedly enhance the impact and practical utility of the

methodologies presented here, driving forward the collective goal of sustainable, intelligent,

and integrated energy management solutions.
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Larissa Lorenz, Sarah Crosby, Bing Dong, Zixin Jiang, Yuzhen Peng, Matteo Favero,

June Young Park, Kingsley Nweye, Pedram Nojedehi, Helen Stopps, Lucile Sarran,

Connor Brackley, Katherine Bassett, Krissy Govertsen, Nicole Koczorek, Oliver Abele,

156

https://ietresearch.onlinelibrary.wiley.com/doi/abs/10.1049/gtd2.12658
https://ietresearch.onlinelibrary.wiley.com/doi/abs/10.1049/gtd2.12658
https://www.sciencedirect.com/science/article/pii/S036013231930561X
https://www.sciencedirect.com/science/article/pii/S036013231930561X


Emily Casavant, Michael Kane, Zheng O’Neill, Tao Yang, Julia Day, Brent Huchuk,

Runa T. Hellwig, and Marika Vellei. Ten questions concerning occupant-centric control

and operations. Building and Environment, page 110518, 2023. ISSN 0360-1323. doi:

https://doi.org/10.1016/j.buildenv.2023.110518. URL https://www.sciencedirect.

com/science/article/pii/S0360132323005450.

[56] Danni Wang, Clifford C. Federspiel, and Francis Rubinstein. Modeling occupancy in

single person offices. Energy and Buildings, 37:121–126, 2 2005. ISSN 0378-7788. doi:

10.1016/J.ENBUILD.2004.06.015.

[57] Christoph F. Reinhart. Lightswitch-2002: a model for manual and automated control

of electric lighting and blinds. Solar Energy, 77:15–28, 1 2004. ISSN 0038-092X. doi:

10.1016/J.SOLENER.2004.04.003.

[58] J. Page, D. Robinson, N. Morel, and J. L. Scartezzini. A generalised stochastic model

for the simulation of occupant presence. Energy and Buildings, 40:83–98, 1 2008. ISSN

0378-7788. doi: 10.1016/J.ENBUILD.2007.01.018.

[59] Laura Klein, Jun Young Kwak, Geoffrey Kavulya, Farrokh Jazizadeh, Burcin Becerik-

Gerber, Pradeep Varakantham, and Milind Tambe. Coordinating occupant behavior

for building energy and comfort management using multi-agent systems. Automation

in Construction, 22:525–536, 3 2012. ISSN 09265805. doi: 10.1016/J.AUTCON.2011.

11.012.

[60] Valentina Fabi, Rune Korsholm Andersen, and Stefano Corgnati. Verification of

stochastic behavioural models of occupants’ interactions with windows in residential

buildings. Building and Environment, 94:371–383, 12 2015. ISSN 0360-1323. doi:

10.1016/J.BUILDENV.2015.08.016.

[61] X. Liu, Y. Wu, and H. Wu. PV-EV integrated home energy management consider-

ing residential occupant behaviors. Sustainability (Switzerland), 13(24), 2021. ISSN

20711050. doi: 10.3390/su132413826.

157

https://www.sciencedirect.com/science/article/pii/S0360132323005450
https://www.sciencedirect.com/science/article/pii/S0360132323005450


[62] Xuebo Liu, Yingying Wu, Haifeng Zhang, and Hongyu Wu. Hourly occupant clothing

decisions in residential HVAC energy management. Journal of Building Engineering,

40:102708, 2021. ISSN 2352-7102. doi: https://doi.org/10.1016/j.jobe.2021.102708.

[63] Xuebo Liu, Yingying Wu, Hang Zhang, Bo Liu, Lawryn Edmonds, and Hongyu Wu.

Home energy management with clothing integrated thermal comfort and ev soc con-

cern. In 2022 IEEE Power & Energy Society General Meeting (PESGM), pages 01–05,

Denver, CO, USA, July 2022. ISBN 978-1-6654-0823-3. doi: 10.1109/PESGM48719.

2022.9917003.

[64] Derong Liu, Yancai Xu, Qinglai Wei, and Xinliang Liu. Residential energy scheduling

for variable weather solar energy based on adaptive dynamic programming. IEEE/CAA

Journal of Automatica Sinica, 5(1):36–46, 2018-01-10. doi: 10.1109/JAS.2017.7510739.

[65] Hongyu Wu, Annabelle Pratt, Prateek Munankarmi, Monte Lunacek,

Sivasathya Pradha Balamurugan, Xuebo Liu, and Paul Spitsen. Impact of model

predictive control-enabled home energy management on large-scale distribution

systems with photovoltaics. Advances in Applied Energy, 6:100094, June 2022. ISSN

2666-7924. doi: 10.1016/J.ADAPEN.2022.100094.

[66] Fengji Luo, Zhao Yang Dong, Ke Meng, Junhao Wen, Haiming Wang, and Junhua

Zhao. An operational planning framework for large-scale thermostatically controlled

load dispatch. IEEE Transactions on Industrial Informatics, 13(1):217–227, 2017. doi:

10.1109/TII.2016.2515086.

[67] Fengji Luo, Gianluca Ranzi, Can Wan, Zhao Xu, and Zhao Yang Dong. A multistage

home energy management system with residential photovoltaic penetration. IEEE

Transactions on Industrial Informatics, 15(1):116–126, 2019. doi: 10.1109/TII.2018.

2871159.

[68] Y. Liu, D. Zhang, and H. B. Gooi. Optimization strategy based on deep reinforcement

learning for home energy management. CSEE Journal of Power and Energy Systems,

158



6(3):572–582, 2020-09. ISSN 2096-0042. doi: 10.17775/CSEEJPES.2019.02890. CSEE

Journal of Power and Energy Systems.

[69] G. Barone, A. Buonomano, C. Forzano, G.F. Giuzio, A. Palombo, and G. Russo. A new

thermal comfort model based on physiological parameters for the smart design and con-

trol of energy-efficient hvac systems. Renewable and Sustainable Energy Reviews, 173:

113015, 2023. ISSN 1364-0321. doi: https://doi.org/10.1016/j.rser.2022.113015. URL

https://www.sciencedirect.com/science/article/pii/S1364032122008966.

[70] Xingwang Zhao, Yonggao Yin, Zhiqiang He, and Zhipeng Deng. State-of-the-art,

challenges and new perspectives of thermal comfort demand law for on-demand

intelligent control of heating, ventilation, and air conditioning systems. Energy

and Buildings, 295:113325, 2023. ISSN 0378-7788. doi: https://doi.org/10.1016/

j.enbuild.2023.113325. URL https://www.sciencedirect.com/science/article/

pii/S0378778823005558.

[71] Yangyang Fu, Shichao Xu, Qi Zhu, Zheng O’Neill, and Veronica Adetola. How

good are learning-based control v.s. model-based control for load shifting? investi-

gations on a single zone building energy system. Energy, 273:127073, 2023. ISSN

0360-5442. doi: https://doi.org/10.1016/j.energy.2023.127073. URL https://www.

sciencedirect.com/science/article/pii/S036054422300467X.

[72] Yujian Ye, Dawei Qiu, Huiyu Wang, Yi Tang, and Goran Strbac. Real-time au-

tonomous residential demand response management based on twin delayed deep de-

terministic policy gradient learning. Energies, 14(3):531, Jan. 2021. ISSN 1996-1073.

doi: 10.3390/EN14030531.

[73] Yan Zhang, Xuemei Bai, Franklin P. Mills, and John C.V. Pezzey. Rethinking the role

of occupant behavior in building energy performance: A review. Energy and Buildings,

172:279–294, 8 2018. ISSN 0378-7788. doi: 10.1016/J.ENBUILD.2018.05.017.

[74] A. Kathirgamanathan, E. Mangina, and D.P. Finn. Development of a soft actor critic

159

https://www.sciencedirect.com/science/article/pii/S1364032122008966
https://www.sciencedirect.com/science/article/pii/S0378778823005558
https://www.sciencedirect.com/science/article/pii/S0378778823005558
https://www.sciencedirect.com/science/article/pii/S036054422300467X
https://www.sciencedirect.com/science/article/pii/S036054422300467X


deep reinforcement learning approach for harnessing energy flexibility in a large office

building. Energy and AI, 5, 2021. doi: 10.1016/j.egyai.2021.100101.

[75] R.Z. Homod, H. Togun, A. Kadhim Hussein, F. Noraldeen Al-Mousawi, Z.M. Yaseen,

W. Al-Kouz, H.J. Abd, O.A. Alawi, M. Goodarzi, and O.A. Hussein. Dynamics analysis

of a novel hybrid deep clustering for unsupervised learning by reinforcement of multi-

agent to energy saving in intelligent buildings. Applied Energy, 313, 2022. doi: 10.

1016/j.apenergy.2022.118863.

[76] Liang Yu, Yi Sun, Zhanbo Xu, Chao Shen, Dong Yue, Tao Jiang, and Xiaohong Guan.

Multi-agent deep reinforcement learning for hvac control in commercial buildings. IEEE

Transactions on Smart Grid, 12(1):407–419, Jan. 2021. ISSN 19493061. doi: 10.1109/

TSG.2020.3011739.

[77] A. Naug, M. Quinones-Grueiro, and G. Biswas. Deep reinforcement learning control

for non-stationary building energy management. Energy and Buildings, 277, 2022. doi:

10.1016/j.enbuild.2022.112584.

[78] D. Bayer and M. Pruckner. Enhancing the performance of multi-agent reinforcement

learning for controlling hvac systems. pages 187–194, 2022. ISBN 9781665406642. doi:

10.1109/SusTech53338.2022.9794179.

[79] Zhiang Zhang and Khee Poh Lam. Practical implementation and evaluation of deep

reinforcement learning control for a radiant heating system. In Proceedings of the 5th

Conference on Systems for Built Environments, pages 148–157, Shenzen, China, Nov.

2018. ISBN 978-1-4503-5951-1. doi: 10.1145/3276774.3276775.

[80] Donald Azuatalam, Wee Lih Lee, Frits de Nijs, and Ariel Liebman. Reinforcement

learning for whole-building hvac control and demand response. Energy and AI, 2, 11

2020. ISSN 26665468. doi: 10.1016/J.EGYAI.2020.100020.

[81] Jie Li, Wei Zhang, Guanyu Gao, Yonggang Wen, Guangyu Jin, and Georgios

Christopoulos. Toward intelligent multizone thermal control with multiagent deep

160



reinforcement learning. IEEE Internet of Things Journal, 8(14):11150–11162, 2021.

doi: 10.1109/JIOT.2021.3051400.

[82] D. Coraci, S. Brandi, M.S. Piscitelli, and A. Capozzoli. Online implementation of a

soft actor-critic agent to enhance indoor temperature control and energy efficiency in

buildings. Energies, 14, 2021. doi: 10.3390/en14040997.

[83] D. Deltetto, D. Coraci, G. Pinto, M.S. Piscitelli, and A. Capozzoli. Exploring the

potentialities of deep reinforcement learning for incentive-based demand response in a

cluster of small commercial buildings. Energies, 14, 2021. doi: 10.3390/en14102933.

[84] Z. Li, Z. Sun, Q. Meng, Y. Wang, and Y. Li. Reinforcement learning of room tem-

perature set-point of thermal storage air-conditioning system with demand response.

Energy and Buildings, 259, 2022. doi: 10.1016/j.enbuild.2022.111903.

[85] Mohammad Esrafilian-Najafabadi and Fariborz Haghighat. Towards self-learning con-

trol of hvac systems with the consideration of dynamic occupancy patterns: Applica-

tion of model-free deep reinforcement learning. Building and Environment, 226:109747,

2022. ISSN 0360-1323. doi: https://doi.org/10.1016/j.buildenv.2022.109747. URL

https://www.sciencedirect.com/science/article/pii/S0360132322009775.

[86] Xing Lu, Yangyang Fu, and Zheng O’Neill. Benchmarking high performance hvac

rule-based controls with advanced intelligent controllers: A case study in a multi-zone

system in modelica. Energy and Buildings, 284:112854, 4 2023. ISSN 0378-7788. doi:

10.1016/J.ENBUILD.2023.112854.

[87] S. Qiu, Z. Li, Z. Pang, Z. Li, and Y. Tao. Multi-agent optimal control for central

chiller plants using reinforcement learning and game theory. Systems, 11, 2023. doi:

10.3390/systems11030136.

[88] Henry P. Huntington, Jennifer I. Schmidt, Philip A. Loring, Erin Whitney, Sri-

jan Aggarwal, Amanda G. Byrd, Subhabrata Dev, Aaron D. Dotson, Daisy Huang,

Barbara Johnson, Justus Karenzi, Henry J.F. Penn, Alex Anna Salmon, Daniel J.

161

https://www.sciencedirect.com/science/article/pii/S0360132322009775


Sambor, William E. Schnabel, Richard W. Wies, and Michelle Wilber. Applying

the food–energy–water nexus concept at the local scale. Nature Sustainability 2021

4:8, 4:672–679, 5 2021. ISSN 2398-9629. doi: 10.1038/s41893-021-00719-1. URL

https://www.nature.com/articles/s41893-021-00719-1.

[89] Meng Wang, Yen Wei, Xin Wang, Ruoxin Li, Shiyu Zhang, Ke Wang, Rupeng Wang,

Haixing Chang, Chengyu Wang, Nanqi Ren, and Shih-Hsin Ho. An integrated system

with functions of solar desalination, power generation and crop irrigation. Nature

Water 2023 1:8, 1:716–724, 8 2023. ISSN 2731-6084. doi: 10.1038/s44221-023-00118-0.

URL https://www.nature.com/articles/s44221-023-00118-0.

[90] Ning Ma, Yukun Zhang, Rui Zhang, Wen Zhang, and Xiaojiao Li. Comprehensive

review of food-energy-water nexus at the community scale. Journal of Cleaner Pro-

duction, 420:138311, 9 2023. ISSN 0959-6526. doi: 10.1016/J.JCLEPRO.2023.138311.

[91] Kyle Proctor, Seyed M.H. Tabatabaie, and Ganti S. Murthy. Gateway to the perspec-

tives of the food-energy-water nexus. Science of The Total Environment, 764:142852,

4 2021. ISSN 0048-9697. doi: 10.1016/J.SCITOTENV.2020.142852.

[92] Hamdi Abdi, Maryam Shahbazitabar, and Behnam Mohammadi-Ivatloo. Food,

energy and water nexus: A brief review of definitions, research, and chal-

lenges. Inventions 2020, Vol. 5, Page 56, 5:56, 11 2020. ISSN 2411-5134. doi:

10.3390/INVENTIONS5040056. URL https://www.mdpi.com/2411-5134/5/4/56/

htmhttps://www.mdpi.com/2411-5134/5/4/56.

[93] Jirapat Phetheet, Mary C. Hill, Robert W. Barron, Benjamin J. Gray, Hongyu Wu,

Vincent Amanor-Boadu, Wade Heger, Isaya Kisekka, Bill Golden, and Matthew W.

Rossi. Relating agriculture, energy, and water decisions to farm incomes and climate

projections using two freeware programs, fewcalc and dssat. Agricultural Systems, 193:

103222, 2021. ISSN 0308-521X. doi: https://doi.org/10.1016/j.agsy.2021.103222. URL

https://www.sciencedirect.com/science/article/pii/S0308521X2100175X.

[94] Jirapat Phetheet, Mary C. Hill, Robert W. Barron, Matthew W. Rossi, Vincent

162

https://www.nature.com/articles/s41893-021-00719-1
https://www.nature.com/articles/s44221-023-00118-0
https://www.mdpi.com/2411-5134/5/4/56/htm https://www.mdpi.com/2411-5134/5/4/56
https://www.mdpi.com/2411-5134/5/4/56/htm https://www.mdpi.com/2411-5134/5/4/56
https://www.sciencedirect.com/science/article/pii/S0308521X2100175X


Amanor-Boadu, Hongyu Wu, and Isaya Kisekka. Consequences of climate change

on food-energy-water systems in arid regions without agricultural adaptation, ana-

lyzed using fewcalc and dssat. Resources, Conservation and Recycling, 168:105309,

2021. ISSN 0921-3449. doi: https://doi.org/10.1016/j.resconrec.2020.105309. URL

https://www.sciencedirect.com/science/article/pii/S0921344920306248.
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Appendix A

Acronyms

Acronyms

A2C Advantage Actor-Critic

ADP approximate dynamic programming

AGC automatic generation control

ANN artificial neural network

ASHRAE American Society of Heating, Refrigerating and Air-Conditioning Engineers

BD Benders’ decomposition

BESS battery energy storage system

CN carbon-nitrogen

CoA complexity of adaption

COP coefficient of performance

CRAIRC critical air content

DNN deep neural network
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DPV distributed photovoltaic

DQN Deep Q-Network

DRL deep reinforcement learning

ED economic dispatch

EMS energy management strategy

EV electric vehicle

FEW food-energy-water

FIFF full irrigation, full fertilizer

FNC-UC frequency nadir-constrained unit commitment

GB gradient boosting

HR headroom

HVAC heating, ventilation, and air conditioning

IBR inverter-based resource

IQR interquartile range

KDNN K-D tree nearest neighbor

LR linear regression

LSTM long short-term memory

MAPE mean absolute percentage error

MDP Markov decision process

MDT minimum downtime

MIDAS multi-timescale integrated dynamic and scheduling

MILP mixed integer linear programming
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MLWB multi-layer water balance

MPC model predictive control

MPPT maximum power point tracking

MUT minimum uptime

NH3 ammonia

NINF no irrigation, no fertilizer

NREL National Renewable Energy Laboratory

PCSE Python Crop Simulation Environment

PFR primary frequency reserve

PMV predicted mean vote

PPD predicted percentage of dissatisfied

PSSE power system simulator for engineering

PV photovoltaic

PWL piecewise linear

RBC rule-based control

RHOD soil bulk density

RL reinforcement learning

RNN recurrent neural network

SNOMIN soil nitrogen module for organic and mineral nitrogen

SOC state of charge

SOMI soil organic matter input

SSBI Sobol sampling backward induction
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SVR support vector regression

ToU time-of-use

UC unit commitment

UFLS under-frequency load shedding

VRE variable renewable energy

WFH work from home

WH water heater

WOFOST World Food Studies

WSO weight of storage organ
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