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Abstract 

Occupant behaviour impact is under-recognized in the design and operation of buildings. 

Conventional approaches address thermal comfort and energy efficiency typically relying on 

rule-based and schedule-based systems. This study combines innovative dynamic methods 

and shifts focus on occupant behaviour and its impact on building conditions, thermal comfort, 

and energy efficiency. A framework is introduced to simulate building occupant behaviours and 

thus provide decision making support tools for low carbon communities while prioritising 

occupant comfort and satisfaction. The primary objectives include advancing scholarly 

understanding in building energy efficiency and indoor environmental quality, in the context of 

occupant-centric and regulated interventions and adjustments. Optimisation towards thermal 

comfort maximisation and energy consumption minimisation supports the base for an 

occupant-centric decision support system. In the interest of achieving the aforementioned 

goals, we employ a methodology, which comprises of (i) building energy simulations 

(EnergyPlus), (ii) occupant actions modelling, (iii) Python simulation coupling, (iv) machine 

learning (ReLU-based Artificial Neural Networks) and (v) mixed integer optimisation 

techniques. The optimisation techniques applied, utilise the concept of the “rolling horizon”, in 

order to determine strategies of (sub)optimal behaviours of a singular occupant over time.  

Outcomes include a comprehensive understanding of the intricate interplay between occupant 

thermal comfort adjustment actions, building thermal conditions, and building energy 

consumption under exposure to location specific weather conditions.  
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1. Introduction 

1.1. Research Problem 

The heightened focus on energy and climate concerns, both in public discourse and academic 

research, reflects growing awareness of the risks posed to human and natural systems due to 

escalating greenhouse gas (GHG) emissions stemming from increased primary energy 

consumption (EC) [1]. This includes increasing severity and frequency of extreme weather 

across the globe such as heat and cold waves, flash floods and tropical cyclones [2]. Over the 

past decade, there has been a notable increase in EC, with approximately one-third attributed 

to the building sector. For instance, buildings in the United Kingdom account for 39% of energy 

usage compared to other European nations, slightly exceeding the average EC of 37% [3]. 

The operational phase of a building's life cycle accounts for over 80% of its EC [4]. Therefore, 

while buildings serve as essential facilities meeting human needs and offering numerous 

societal advantages, they have also exerted detrimental effects on the environment in recent 

decades [5]. As a results, minimum performance standards and building energy codes are 

expanding and becoming stricter worldwide, while the adoption of efficient and renewable 

building technologies is gaining momentum. However, the building sector requires faster 

transformations to align with the Net Zero Emissions by 2050 (NZE) Scenario. The current 

decade is critical for implementing the necessary measures to meet the objectives of having 

all new buildings and 20% of the existing building stock ready for zero-carbon emissions by 

2030 [6]. To ensure a global transition to a low-carbon future, accelerating the transformation 

to energy-saving practices in the building industry is crucial [7]. Annual EC shows a rising trend 

toward greater energy demand [8]. Efforts to reduce EC in buildings have focused on energy-

efficient building systems. To enhance energy performance in buildings, the installation of 

efficient energy systems should be complemented by suitable operational and management 

tactics. However, the anticipated decline in energy use per capita in buildings has not been 

realised [9]. Furthermore, recent studies in the United Kingdom suggest that for various 

reasons, over 40% of the population is reluctant to purchase and adopt energy-saving 

technologies [10]. Additionally, through monitoring building EC, scholars have observed a 

significant disparity between predicted and actual energy usage by occupants [11]. Research 

has been conducted to investigate how the actual presence of occupants affects building 

energy usage [12]. Accurately predicting the impact of occupants on EC requires more than 

just considering the number of occupants in the building. Incorporating realistic occupancy 

information could enhance the accuracy of energy prediction [13]. Previous experimental 

studies have validated the effectiveness of occupant behavioural efficiency, with 

improvements ranging from 4% to 30%. Compared to retrofitting existing buildings, 
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behavioural education emerges as an efficient and cost-effective method. However, current 

categorisations of behavioural energy styles, such as "austerity," "standard," and "wasteful," 

are overly generalised. These vague descriptions are inadequate for effectively categorizing 

behavioural energy styles and incorporating behavioural impacts into building energy 

prediction [4]. The clear importance of achieving energy efficiency is clear, though it should 

not arrive at the expense of indoor environmental quality (IEQ). Four primary components—

thermal comfort (TC), indoor air quality (IAQ), sound, and visual comfort—along with emotional 

and psychological needs, are essential for determining IEQ. Studies indicate that poor IEQ 

can lead to illnesses and negatively impact employee or occupant well-being and productivity. 

Among these factors, TC significantly influences occupants' comfort and productivity [14]. 

Therefore, it is essential to achieve the optimum occupant behaviour that results in maximum 

building energy efficiency while preserving and considering IEQ and specifically TC. 

1.2. Energy Efficiency in Buildings 

An energy-efficient building provides a suitable living environment while minimising energy 

usage and waste, thereby maximising energy preservation [15]. The energy efficiency of a 

building is fundamentally determined by the rate of energy loss through its physical envelope 

and the effectiveness of energy utilisation to meet occupants' needs and comfort. These two 

aspects are intricately linked, as the design and structure of a building, in conjunction with 

local weather conditions, strongly influence the choice and efficiency of energy systems. 

Therefore, any initiatives aimed at enhancing building energy efficiency necessitate a 

comprehensive consideration of both factors [16]. According to the International Energy 

Agency - Energy in the Buildings and Communities Program (IEA-EBC) Annex 53, EC in 

buildings is affected by six factors: (1) climatic conditions, (2) building structure, (3) energy 

and service systems within the building, (4) interior design specifications, (5) building operation 

and maintenance practices, and (6) occupant behaviours [17]. 
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Figure 1. Key factors influencing accurate building Energy Prediction [17] 

1.3. Thermal Comfort in Buildings 

Thermal comfort, a subjective assessment of satisfaction with the thermal environment, hinges 

on an individual's perception and satisfaction regarding the ambient environment, often 

characterized by a sensation of neutrality without perspiration. Achieving optimal TC within 

buildings necessitates a holistic approach, considering factors such as the building's 

geographical location, internal activities, architectural design, and IAQ. The commonly 

employed method for evaluating TC is the Predicted Mean Vote (PMV) technique, initially 

introduced by Fanger in the 1970s, which operates on the principle of a constant state model. 

PMV values are derived from the aggregated thermal sensation responses of a large sample 

population habituated to specific environmental conditions. To accurately quantify PMV, six 

variables influencing TC must be computed: air temperature, humidity, air velocity, mean 

radiant temperature, occupants' metabolic rate, and fabric insulation (CLO value). These 

factors (Figure 2) encompass both environmental parameters and personal characteristics 

essential for an objective assessment of TC [18] [19]. Figure 3 depicts the evolution of the 

PMV modelling techniques and recommendations throughout the years, according to the 

International Organisation for Standardisation (ISO), the American Society of Heating, 

Refrigeration and Air-Conditioning Engineers (ASHRAE) and European Standards (EN). The 

TC scale quantifying thermal sensation by utilizing the PMV is shown in Table 1 [20]. 

Overall
building

performance

Operation &
maintenance

Building 
energy and 

services

Building 
Envelope

Indoor design

Climate

Occupant
Behaviour



 

 

16 

 

 

Figure 2. Variables influencing thermal comfort acquired from [21]. 

 

Figure 3. PMV timeline adapted from [22]. 

Table 1. ASHRAE PMV Thermal sensation scale [20]. 

PMV INDEX Thermal sensation 

-3 Cold 

-2 Cool 
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-1 Slightly cool 

0 Neutral 

1 Slightly warm 

2 Warm 

3 Hot 

1.4. Occupant Behaviour in Buildings 

The term of occupant behaviour (OB) encompasses various phenomena related to how 

building occupants react to factors influenced by the building's physical attributes, indoor and 

outdoor environmental conditions, projected state of building systems, time of day, as well as 

their individual characteristics and physiological, psychological, social, and stochastic factors. 

In particular, environmental and time-related factors may play a crucial role on the behaviours 

of inhabitants [23]. OBs are often characterised by energy-related actions, such as managing 

systems and appliances like Heating, ventilation, and air conditioning (HVAC), windows, 

blinds, and lighting. Recent research underscores the significant role of OB in decreasing 

building EC [11]. 

1.5. Building Energy Modelling 

Building energy modelling (BEM) and prediction are fundamental to major use cases. It is 

utilised in various architectural and engineering applications to enhance building efficiency 

and performance. Architects use BEM to design energy-efficient structures, balancing initial 

construction costs with operational energy expenses, often reducing both. In HVAC design, 

BEM assists mechanical engineers in creating systems that efficiently meet thermal demands 

and in testing control strategies. For building performance rating, BEM evaluates a building's 

inherent efficiency, aiding in code compliance, green certifications, and financial incentives. 

Additionally, BEM supports the development of energy codes and large-scale energy-

efficiency programs through building stock analysis for organisations like utilities and local 

governments [24]. Existing models can be classified as purely physics-based (white box) 

models, purely data-driven (black box) models, and hybrid models that combine elements of 

both (grey box models) [25].  

1.5.1. Physics-based Models 

White-box models, also known as physics-based models, are grounded in fundamental 

principles of physics and engineering. They intricately replicate the energy dynamics of 

buildings by accounting for the physical behaviours of different components and systems. A 
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BEM program inputs detailed descriptions of a building, including its geometry, construction 

materials, lighting, HVAC, refrigeration, water heating, and renewable energy systems, as well 

as their component efficiencies and control strategies. It also incorporates information on the 

building’s usage and operation, including schedules for occupancy, lighting, plug loads, and 

thermostat settings [26]. By integrating these inputs with local weather data, a BEM program 

uses physics-based equations to calculate thermal loads, how systems respond to those 

loads, and the resulting EC. Notable examples of white-box modelling tools include 

EenergyPlusTM, TRNSYS, and IDA-ICE. These platforms enable detailed and accurate 

simulations of building energy performance, offering insights into how various elements 

interact and influence overall efficiency [27] (Figure 4). 

 

Figure 4. General data flow of building energy simulation models acquired from [26]. 

1.5.2. Data-driven Models 

Black-box models rely on empirical and data-driven methodologies, often incorporating 

machine learning algorithms and statistical techniques. These models leverage historical data 

to forecast building energy consumption and behaviour. Prominent examples of black-box 

tools include Support Vector Machines, Random Forest, and Artificial Neural Networks (ANNs) 

[28] (see 1.5.2.1). Statistical and ML models are utilised to directly capture the relationship 

between building EC and operational data. These models require on-site measurements 

collected over a specific period to train them, enabling accurate predictions of building 

performance under varying conditions. Black-box models tend to be easy to build and 

computationally efficient [25]. These methodologies excel at capturing complex relationships 

within the data but may lack the transparency of white-box models due to their reliance on 

computational methods rather than explicit physical principles [27]. 
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1.5.2.1. Artificial Neural Networks 

Neural networks a subcategory of black-box models, are designed to mimic the human brain, 

replicating the way real neurons communicate. The objective of simulating the human brain in 

a neural network is to create a machine learning model capable of performing tasks that are 

difficult for traditional computing methods. The human brain excels at processing vast amounts 

of information, recognising patterns, and making decisions processes input data, applies 

weights, incorporates a bias, and generates an output, based on incomplete or ambiguous 

data. A neural network is composed of layers of nodes, which include an input layer, one or 

more hidden layers, and an output layer. Each node is interconnected and has an associated 

weight and threshold value. When a node's output surpasses its threshold, it activates and 

sends data to the next layer in the network. 

Two essential processes are fundamental to the operation of a neural network, each playing 

a distinct yet interconnected role. Forward propagation involves processing data to generate 

an output, while back propagation focuses on learning from errors to enhance the network's 

accuracy. 

Neural networks can be classified based on their learning type: supervised learning, 

unsupervised learning. Supervised learning involves the machine learning from labelled 

datasets under supervision, where the model makes predictions based on the known 

outcomes. In contrast, unsupervised learning allows the machine to learn from data that is 

neither classified nor labelled, enabling the algorithm to work without supervision. Here, the 

device aims to categorise unstructured information based on similarities, patterns, and 

differences [29]. 

A Feed-Forward Neural Network (Figure 5) is the most common type of neural network, where 

information flows in a single direction—from the input layer, through various hidden layers, 

and finally to the output layer. This network acts as a gateway to larger neural networks, 

processing input data through multiple layers of artificial neurons. 
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Figure 5. Feedforward Neural Network acquired from [29] 

1.5.3. Hybrid Models 

Hybrid or grey-box modelling strategies merge aspects of both physical and data-driven 

prediction models, aiming to capitalise on the strengths of each while mitigating their 

drawbacks. In grey-box models, certain internal parameters and equations retain physical 

interpretability. Moreover, grey-box models often demonstrate superior performance when 

compared to both black-box and white-box models [30]. 

1.6. Optimisation 

Optimisation plays a pivotal role in process integration, exerting substantial influence by 

selecting the most advantageous solution from a range of possible options. Evaluation of 

solution quality is conducted through an objective function, typically aimed at either minimising 

or maximising a specific criterion such as cost. This quest for the optimal solution takes place 

within the framework of a system model and associated constraints. In essence, optimisation 

seeks to improve the value of a defined function, referred to as the objective function, while 

satisfying a multitude of constraints, including both equality and inequality constraints [31]. 

1.6.1. Convex Optimisation and Linear Programming 

Convex optimisation is a subfield of optimisation that focuses on minimising convex functions 

over convex sets. Many convex optimisation problems can be solved in polynomial time. This 

area has wide applications, benefiting from the effectiveness of approximation methods. 

Recent advancements in computing and optimisation algorithms have made solving convex 

programming problems almost as straightforward as linear programming (LP) [32]. LP is a 
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mathematical technique used to optimise a linear objective function while adhering to 

constraints that are expressed as linear equalities and inequalities. LP can effectively manage 

a substantial number of continuous variables and constraints, delivering precise solutions. By 

employing Branch-and-Bound (B&B) methods, it can be adapted into mixed-integer LP to 

incorporate integer variables. The formulation of LP necessitates a clear definition of the 

optimisation problem, and the objective function must be assessed using linear models. When 

using LP to optimise energy-flexible systems, the models often need to be simplified [33].  

1.6.2. Mixed integer Linear 

A mixed integer linear programming (MILP) problem is an optimisation task involving a linear 

objective function and linear constraints, incorporating both integer and continuous decision 

variables [34]. MILP, operates as a search-based algorithm commonly referred to as B&B. 

This method swiftly explores numerous potential scenarios, samples, or situations to identify 

the optimal solution that optimises the objective function. Notably, MILP accommodates both 

the continuous and discrete characteristics of controlled and manipulated variables, while 

adhering to stringent constraints, including hard constraints (e.g., lower and upper bounds) 

and soft constraints (e.g., targets) [35]. 

1.6.3. Mixed integer Non-Linear 

Mixed-integer non-linear programming (MINLP) is a mathematical optimisation approach that 

deals with non-linearities in both objective functions and constraints [34]. Regarding its 

solution, the B&B algorithm becomes too computationally expensive to implement. Thus, an 

alternative solution approach, comprises problem decomposition strategies like Generalized 

Benders decomposition (GBD) or Outer approximation (OA). Both algorithms are effective for 

solving MINLP problems due to their ability to handle nonlinearity and integer variables by 

breaking the problem into smaller, more manageable sub-problems, namely into NLP 

problems and MILP problems. GBD primarily focuses on decomposing utilising Lagrange 

multipliers to generate Benders cuts for tightening the MILP solution space. OA utilises outer 

approximations (linear or piecewise linear) to iteratively refine the feasible region of the MINLP 

problem. The NLP problems define the upper bound and MILP problems define the lower 

bound of the MINLP problem. During the algorithm the gap between the upper and lower 

bounds is checked. If the gap is within a predefined tolerance, the algorithm converges, 

indicating that the optimal solution has been found. If the gap is still large, the process iterates, 

refining the bounds. The possible convexity of the NLP subproblem, ensures that the solutions 

found in each iteration are globally optimal, leading to more reliable convergence to the global 

optimum of the original problem [36]. 
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1.6.4. Multi-objective 

Multi-objective optimisation (MOO), also known as multi-objective programming, is a branch 

of multiple-criteria decision-making that deals with mathematical optimisation problems that 

includes multiple objective functions that must be optimised at the same time [37]. MOO has 

risen as the preferred methodology for addressing sustainability challenges. Typically, the 

outcome of MOO models manifests as a collection of Pareto optima, symbolising optimal 

trade-offs among specified criteria. However, selecting the ultimate Pareto solution from this 

set for practical implementation presents a formidable challenge, especially in scenarios 

involving multiple criteria and decision-makers. [38]. 

1.6.5. Pareto Planes 

Pareto optimality stands as a fundamental concept within optimisation. In single objective 

optimisation problems, the Pareto optimal solution is unique as the focus is on the decision 

variable space. However, MOO as mentioned above, expands upon this theory by enabling 

the simultaneous optimisation of multiple objectives. The MOO is considered as a 

mathematical process looking for a set of alternatives that represents the Pareto optimal 

solution. Thus, in brief, the Pareto optimal solution comprises a set of 'non-inferior' feasible 

solutions in the objective space defining a boundary beyond which none of the objectives can 

be improved without sacrificing at least one of the other objectives [39].  

 

Figure 6. Pareto optimal solutions diagram acquired from [40]. 

1.6.6. Rolling Horizon 

The term rolling horizon is used to indicate that in a time-dependent model, iterative solving 

occurs, and the planning interval progresses forward in time with each step of solution. At each 
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time step, decisions are made based on the current state of the system and the available 

information, without the need to consider the entire future horizon. As time progresses, the 

horizon shifts forward by one discretisation time-interval, and the optimisation process is re-

executed to update decisions based on the latest information. Then, just the decision variable 

values obtained for the next discrete time instant are used, and the procedure is repeated 

successively [41]. 

 

Figure 7. A typical rolling horizon approach acquired from [41]. 

1.7. Objectives of the Study 

The overarching goal of this study is the development of an occupant-centric decision support 

methodology for the built environment, which shifts the focus to OB and its impact on EC and 

TC. This study aims to underscore and investigate the critical role of OB in influencing building 

energy performance and TC, addressing a significant gap in current research. To achieve this, 

the study will create a novel optimisation framework that integrates physics-based and data-

driven models, providing a comprehensive tool for simulating and optimising the interplay 

between OB, building indoor conditions, and EC. 

Employing cutting-edge dynamic modelling techniques, the study seeks to accurately predict 

and optimise occupant interactions with building systems on a timestep scale. Another key 

objective is to develop and validate a methodology that balances the dual goals of minimising 

EC and maximising occupant TC through multi-objective optimisation and Pareto analysis. 

The study aims to map the dynamics between occupant actions, building conditions, and EC, 

and utilise that map, to develop strategies for optimal OB that are adapted to location-specific 

weather conditions. To account for location specific weather, the framework is applied to a 
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validated specific case study building model, underlining its potential effectiveness on real-

world applications, thereby providing actionable insights and decision-making support for 

stakeholders.  

1.8. Scope and Limitations 

The scope of this study encompasses the analysis of OB in residential buildings and its impact 

on energy efficiency and TC. The research will focus on developing a methodology that can 

optimise building energy performance, and occupant comfort, by considering data on 

occupant actions, building conditions, and external weather conditions. The study will include 

the use of building energy simulations, machine learning techniques, and mixed-integer 

optimisation methods to achieve its objectives. 

However, the study incorporates several assumptions and simplifications in its models, such 

as constant metabolic rates and predefined clothing insulation values for occupants, which 

may not fully capture real-world variations and complexities. The findings and validations are 

specific to the case study building (Leaf House, see section 4.1) and may not be directly 

transferable to other buildings with different designs and systems. Implementing advanced 

dynamic modelling and optimisation techniques requires significant computational resources, 

which may limit the scalability and applicability of the approach to larger or more complex 

buildings. Finally, while the study aims to model and optimise OB, the inherent variability and 

unpredictability of human actions pose ongoing challenges in consistently achieving optimal 

energy efficiency and TC. 

1.9. Organisation of the Thesis 

The rest of the Thesis is structured as follows: Section 2 provides insight into the State of the 

Art regarding the thesis’ topic, Section 3 presents the software tools used and the methodology 

followed in this study. Section 4 discusses the case study and Section 5 presents the results. 

Finally, Section 6 provides some concluding remarks and discusses further research 

pathways.  



 

 

25 

 

2. State of the Art 

The optimisation of OB in the built environment is crucial for enhancing energy efficiency and 

improving occupant comfort. With buildings accounting for a significant portion of global EC, 

optimising how occupants interact with building systems can lead to substantial energy 

savings and a more sustainable environment. This state-of-the-art review delves into the role 

of OB, and the impacts of these behaviours on building energy performance, the 

advancements in computational intelligence (CI), control techniques, and data-driven HVAC 

optimisation approaches, illustrated through relevant case studies. 

2.1. Occupant Behaviour, building energy performance and comfort 

Occupancy refers to the presence and activities of occupants within a building. It 

encompasses the number of occupants, their arrival and departure times, duration of stay, and 

spatial distribution within the building. Accurate occupancy data is essential for realistic EC 

predictions, as the number of occupants and their behaviour significantly influence the use of 

HVAC systems, lighting, and other energy-consuming devices [4]. The presence of occupants 

in a building is dynamic and varies over time. Traditional static occupancy models, such as 

those in ASHRAE standards, often fail to capture this variability, leading to discrepancies in 

EC predictions. Advanced methods, including deep learning and Agent-Based Modelling 

(ABM) methods, have been developed to improve the accuracy of occupancy data by 

incorporating real-time and historical data [42], [43]. Realistic occupancy data includes spatial 

and temporal dimensions of occupant presence. Spatial data involves the location and 

movement of occupants within the building, while temporal data includes the timing and 

duration of occupancy events [44]. This data is crucial for understanding occupancy patterns 

and their impact on energy usage.  

Occupants interact with various building systems, including HVAC, lighting, electrical 

appliances, and windows. These interactions significantly affect building EC. Occupant 

interactions with HVAC systems include adjusting thermostats, opening or closing windows, 

adjusting shading devices, and using personal heating or cooling devices. Studies have shown 

that incorporating realistic occupancy and behaviour data into HVAC control strategies can 

lead to substantial energy savings [45]. OB related to lighting involves turning lights on or off, 

adjusting brightness, and using daylight. The use of electrical appliances by occupants varies 

widely and can be influenced by individual preferences and habits. Window opening behaviour 

affects both natural ventilation and HVAC performance. While this behaviour is less common 

in centrally air-conditioned buildings, it can have a significant impact on EC in naturally 

ventilated buildings [46]. 
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Behavioural efficiency refers to changes in OB that lead to reduced EC [47]. It emphasises 

increasing occupant awareness and encouraging energy-efficient practices through 

educational interventions and feedback mechanisms. Providing feedback to occupants about 

their energy usage is one of the most effective ways to promote behavioural efficiency. 

Feedback can be delivered through various means, including smart meters, mobile 

applications, and in-home displays, to help occupants identify inefficient behaviours and make 

informed decisions about energy use. The adoption of smart technologies, such as automated 

control systems, CI optimisation systems, and Internet of Things (IoT) devices, can enhance 

behavioural efficiency by providing real-time data and enabling automated responses to 

occupancy and usage patterns. However, the awareness and acceptance of these 

technologies among occupants need to be increased to realise their full potential [48]. Figure 

8 shows how Occupancy, Interactions, and Behavioural efficiency, as mentioned above, affect 

Building Energy Performance. 

 

Figure 8. Occupant impact on Building Energy Consumption adjusted from [4]. 

Various modelling methods are used to simulate the impact of OB on building EC. Agent-

Based Modelling, simulates interactions between occupants and their environment, capturing 

the complexities and uncertainties of occupant behaviour. It is particularly useful for modelling 

individual and group behaviours within buildings. Stochastic modelling accounts for the 

random nature of occupant behaviour, predicting long-term and short-term occupancy patterns 

and their impacts on energy use. Data mining techniques analyse large datasets to identify 

patterns and correlations in OB. This approach is valuable for understanding long-term 

behaviour trends and their implications for EC. Statistical analysis, including regression 

analysis and surveys, questionnaires is used to quantify the relationships between OB and 
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energy use. This method helps identify key factors influencing EC and predict behaviour 

patterns [45], [46], [49]. 

Integrating occupancy and occupant behaviour models into building energy simulations is 

crucial for improving prediction accuracy. Several studies have focused on developing 

dynamic occupancy schedules and individualised behaviour models to better represent the 

diversity and complexity of OB in simulations [46]. In [50], [51] the Drivers, Needs, Actions, 

and Systems framework, which standardises the definition of OBs was developed. Drivers are 

environmental factors that motivate occupants to meet physical, physiological, or 

psychological needs. These needs encompass both physical and non-physical requirements 

essential for occupant satisfaction with their environment. Actions refer to the interactions or 

activities occupants undertake to achieve environmental comfort. Systems are the equipment 

or mechanisms within the building that occupants interact with to maintain or restore their 

environmental comfort. This framework can be integrated into an obXML schema to effectively 

differentiate realistic occupant presence data. The obXML (Figure 9) is an XML (eXtensible 

Markup Language) schema designed to standardise the representation and exchange of OB 

models for building performance simulation.  

 

Figure 9. Overview of the obXML schema acquired from [46]. 
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Cross-disciplinary research in energy and social sciences is essential for comprehending OB 

and attaining low-energy buildings, as the human aspect of building EC cannot be fully 

understood through a single discipline, given that human-building interactions typically involve 

both technological and social factors [52]. In [11] study presented an interdisciplinary 

framework, drawing on theories and insights from both energy and social sciences, to explore 

interactions between building occupants and their environments in various office settings and 

cultural contexts. The interdisciplinary framework proposed, incorporates psychological 

aspects of behaviour, individual motivational drivers, societal norms, and group interactions. 

This framework leverages multidisciplinary knowledge from social sciences and data science.  

2.2. Methods and Techniques used in HVAC control and optimisation 

Computational intelligence (CI) and control techniques have revolutionised the optimisation of 

HVAC systems by providing advanced methods to enhance energy efficiency and occupant 

comfort. These techniques encompass a range of methodologies, including Artificial Neural 

Networks (ANN), Genetic Algorithms (GA), Fuzzy Logic, Multi-Agent Systems (MAS), Model 

predictive control (MPC) and hybrid approaches that combine multiple CI techniques for 

superior performance [53], [54]. 

Figure 10. Classification diagram depicting computational intelligence techniques acquired from [54]. 

Artificial Neural Networks (ANNs) as mentioned in section 1.5.2.1 are inspired by the human 

brain's neural structure and are widely used for predictive control in HVAC systems. ANNs can 

model complex, nonlinear relationships between various parameters, such as indoor 

temperature, humidity, and EC, enabling more accurate predictions and efficient control 

strategies. In [55] a neural network (NN)-based optimisation method that integrated NN 
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techniques with model-based predictions was developed. The study aimed to determine 

optimal set-points for a variable air volume system. Two distinct zones were considered: one 

where cooling load was primarily influenced by internal gains and another where outdoor air 

conditions had a predominant impact on cooling load. Results demonstrated that both the 

night setback strategy (operation of HVAC at less energy-demanding setpoints during the 

night) and the ANN control effectively maintained indoor air temperature within desired limits. 

However, the ANN-based approach achieved lower energy costs compared to the night reset 

strategy. The ANN controller increased fan energy usage by leveraging colder outdoor 

temperatures in the morning to pre-cool the building. Simulation comparisons with 

conventional night reset operations indicated that the ANN controller achieved up to 

approximately 19% energy savings [55]. 

Particle Swarm Optimisation (PSO) is a method inspired by the social behaviour of birds 

flocking or fish schooling. It is used for optimising complex functions by iteratively improving 

candidate solutions with regard to a given measure of quality. In the context of HVAC systems, 

PSO can be employed to find the optimal settings of building control parameters that minimise 

EC while maximising occupant comfort. By simulating a population of potential solutions 

(particles) that explore the search space, PSO adjusts the positions of these particles based 

on their own experiences and those of their neighbours. This collaborative search process 

allows PSO to efficiently converge towards the optimal solution. In [56], a study combining the 

EnergyPlusTM simulation program with a hybrid optimisation algorithm that integrated Particle 

Swarm Optimization (PSO) with the Hooke-Jeeves method to determine the optimal settings 

for a chilled water system was conducted. The PSO component was used to address the local 

search optimisation problem, though it exhibited a slow convergence rate and inefficiencies in 

the search process. To mitigate these issues, PSO was paired with the Hooke-Jeeves 

algorithm. The study implemented two strategies to highlight the robustness of the hybrid 

approach. In the first strategy, constant optimal chilled and cooling water temperatures were 

set as the set-points, while in the second strategy, these set-points were allowed to vary over 

time. The simulation results for four summer and four winter days indicated that EC decreased 

by 9.4% during the summer and 11.1% during the winter compared to conventional settings. 
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Figure 11. Flow chart depicting Particle Swarm Optimisation acquired from [54]. 

Genetic Algorithms (GAs) are metaheuristic algorithms. They are optimisation techniques 

based on the principles of natural selection and genetics. GAs are particularly effective in 

finding optimal solutions for complex problems by iteratively evolving a population of candidate 

solutions through selection, crossover, and mutation. In [57] a multi-objective genetic algorithm 

(MOGA) approach aimed at balancing energy cost and thermal discomfort was proposed. 

Their study simulated a single-zone HVAC system comprising heating and cooling coils, a fan, 

and a heat exchanger over a three-day period. Various constraints were applied to coil design, 

system capacity, and fan performance to optimise system operation. Results from the MOGA 

were compared against those from a single-objective optimisation approach, showing that the 

single-objective optimiser outperformed the MOGA, as expected. 

 

Figure 12. Flow chart of a genetic algorithm optimisation acquired from [54]. 
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Fuzzy logic systems are designed to handle uncertainty and imprecision, making them ideal 

for controlling HVAC systems in environments with fluctuating occupancy and external 

conditions. Fuzzy logic controllers use linguistic variables and a set of rules to make decisions, 

offering a flexible approach to HVAC control. In [58], a control scheme based on fuzzy logic to 

regulate temperature and humidity in an occupied space using a central air conditioning unit 

was introduced. The fuzzy logic controller determined adjustments based on deviations 

between actual and desired temperature and humidity levels. The effectiveness of this scheme 

was evaluated in two laboratory spaces sharing the same air handling unit (AHU). The results 

indicated that the fuzzy logic controller not only reduced EC but also proved straightforward to 

implement [58]. 

 

Figure 13. Schema of a fuzzy logic controller acquired from [54]. 

Multi-Agent Systems (MAS) involve multiple interacting agents, each responsible for specific 

aspects of HVAC control, such as temperature regulation, airflow, and humidity control. MAS 

can enhance the coordination and efficiency of HVAC systems by distributing control tasks 

among specialised agents. 

 

Figure 14. Multi-agent system for building applications acquired from [54].  
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In [59] a multi-agent control system for a multi-zone building, consisting of three types of 

agents: central, zone, and local was implemented. They incorporated a particle swarm 

optimizer within the central agent to determine the optimal solution for achieving the highest 

overall comfort level throughout the building. In [60] an ARTMAP-based multi-agent Building 

Management System was introduced. ARTMAP, a type of ANN, enables incremental learning, 

mimicking human memory and learning processes without forgetting previously learned 

information. ARTMAP's ability to perform classification and prediction simultaneously makes 

it superior for agent adaptation compared to traditional methods like ANN and fuzzy logic. This 

system was applied to the UCLan Samuel Lindow Building, which utilises a ground source 

heat pump and a gas-fired boiler for heating (GSHP). The existing MAS Building management 

system was underperforming and couldn't fully exploit the GSHP's capabilities. The authors 

added a layer of mediator agents between the source and user agents to better categorise the 

energy sources. Simulations showed promising results, with the ARTMAP-based MAS and 

additional mediator layer outperforming the existing MAS-based Building management 

system. 

Model Predictive Control (MPC) is a well-established method for constrained control, gaining 

significant attention from researchers in the context of building and active component control. 

MPC integrates feedback control principles with numerical optimisation. By leveraging 

predictions of future disturbances (such as internal gains and weather) and given requirements 

(such as comfort ranges), MPC can anticipate a building's energy needs and optimise its 

thermal behaviour based on defined control goals. Constraints are directly incorporated into 

the optimisation problem, which is solved at each sampling step [61]. Accurately accounting 

for user comfort can not only ensure proper room conditions but also reduce energy costs. 

This can be achieved by closing the control loop based on user feedback instead of a fixed 

temperature setpoint. A Learning-Based MPC approach, utilising user feedback via a 

smartphone app, is proposed in [62]. This adaptive control method estimates the desired 

temperature at different times of the day based on simple feedback like "too cold" or "too hot." 

Experimental results indicate that this approach maintains user comfort throughout the day 

without needing explicit temperature set points or times. Although [58] focuses on feedback 

from a single user, it is suggested that the approach could be extended to include multiple 

users 
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Figure 15. Schematic of model predictive control for buildings acquired from [63]. 

Hybrid CI techniques combine various CI methodologies to leverage their strengths and 

mitigate their weaknesses. These approaches can offer more robust and effective solutions 

for HVAC optimisation. In [64] an analytical model of an HVAC system was developed and an 

intelligent controller based on a Fuzzy Supervised Neuro-Control approach was implemented. 

This controller comprised two main components: neuro-control and fuzzy logic control. The 

neuro-controller, which was a single-layer ANN, was responsible for generating the volumetric 

airflow rate and the water flow rate of the chiller/heater. To address the issue of saturation, a 

Mamdani-type fuzzy logic controller was introduced to supervise the neuro-controller. The 

fuzzy logic controller would activate to supervise and adjust the neuro-controller whenever it 

approached saturation, ensuring stable and efficient system operation. In [65] a multi-objective 

PSO to achieve an optimal balance between energy efficiency and occupant comfort was 

applied. They introduced a multi-agent control system comprising two main types of agents: a 

central coordinator agent and local controller agents. The central coordinator agent 

collaborated with the optimizer to ensure that TC for occupants met the desired standards. 

The local controller agents were responsible for regulating temperature, illuminance, and CO2 

concentration within the building. However, the study did not provide detailed information 

about the building's performance. 

2.3. Future directions for optimisation of occupant behaviour towards energy 

efficiency and thermal comfort in buildings 

The advancements in optimising OB for energy efficiency and TC in buildings highlight several 

critical research avenues. Firstly, developing universal HVAC optimisation approaches 

adaptable to diverse atmospheric weather conditions, building types, and locations is 

essential. This includes evaluating the performance of machine learning methods, model 

predictive control schemes, and optimisation algorithms. Particularly promising is the 

integration of neural networks, MPC-based controls, and genetic algorithms  or particle swarm 

optimisers [54]. 
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Ensemble learning methods, combining diverse base learners such as NNs, show potential 

for robust HVAC system modelling. Moreover, integrating electricity price dynamics into HVAC 

modelling and optimisation frameworks remains an underexplored area, crucial for balancing 

energy savings with operational costs [53]. 

Emerging building trends like nearly Zero Energy Buildings (nZEB) and modern construction 

materials necessitate novel, adaptable HVAC modelling, control, and optimisation 

approaches. The role of HVAC systems in demand response (DR) within smart grids, 

especially considering renewable energy sources (RES), requires further investigation. This 

involves understanding the dynamic interactions between RES and HVAC systems to develop 

efficient modelling and control strategies [66].  

Furthermore, integrating real-time feedback mechanisms into HVAC control systems holds 

promise for dynamically adjusting environmental conditions based on occupant presence and 

comfort feedback. This adaptive approach can enhance both comfort and energy efficiency by 

responding proactively to changing occupancy patterns and individual comfort requirements 

[67]. 

Human-centred design principles, including user-centred interfaces and personalised comfort 

settings, should guide the development of next-generation HVAC systems. This involves 

leveraging IoT technologies and cloud computing for real-time, adaptive control that enhances 

both comfort satisfaction and energy efficiency [45]. 

Advanced data acquisition techniques for big energy data analysis offer opportunities to 

enhance building energy performance through realistic and timely data utilisation and model 

validation. Standardising behavioural models and categorising behavioural energy impacts 

across different building types are imperative for assessing and improving behavioural 

performance effectively [53], [49] . 

Furthermore, addressing empirical gaps at larger city scales and understanding OB in socio-

economic and policy contexts are crucial for effective building energy efficiency strategies. 

Practical validation of HVAC optimisation strategies on commercial systems in real-time 

environments is essential to confirm scalability and effectiveness [45]. 

Ultimately, advancing occupant TC research requires interdisciplinary collaboration between 

building scientists, psychologists, and data scientists. By integrating human-centred 

approaches with cutting-edge technologies, future HVAC systems can achieve optimal TC 

conditions while minimising EC in diverse building environments [46].  
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3. Methodology 

3.1. Software tools 

EnergyPlusTM (E+) is a computer program that simulates building thermal loads under 

exposure to location specific weather conditions over a pre-specified time period and 

calculates energy use and related metrics. The existing E+ Python Application Programming 

Interfaces (APIs) allow for configuration, simulation, and data retrieval during simulation, at a 

sub hourly timestep scale. Furthermore, the Python Scikit-learn and Keras libraries are utilised 

to preprocess the E+ simulation output files and build and train an ANN based off of the E+ 

Building Model simulation data [68]. The Python Optimisation Modeling Objects (Pyomo) 

software assists in recasting the ANN into an Approximate Building Model (AM) and supports 

the formulation of multi-objective Mixed Integer Quadratic Programming (MIQP) Rolling 

Horizon (RH) optimisation problems. The optimisation problem is solved using the Gurobi 

solver, a state-of-the-art optimisation tool designed from the ground up to exploit modern 

architectures and multi-core processors. 

3.1.1. Energy Plus 

The EnergyPlusTM (E+) is a computer program that is a comprehensive software tool utilised 

by engineers, architects, and researchers to simulate EC and water usage in buildings. The 

development of EnergyPlus began in 1996 with funding from the United States Department of 

Energy (DoE) in partnership with the National Renewable Energy Laboratory (NREL) and 

several National Laboratories, including Berkeley Lab and Oak Ridge. It was first released in 

2001 and has since undergone continuous updates. E+ integrates comprehensive building 

physics algorithms covering heat transfer (radiation, convection, and conduction), air and 

moisture movement, light distribution, and water flow. This enables the modelling of diverse 

building and mechanical system setups and scenarios. It boasts advanced simulation 

capabilities like sub hourly time steps, simultaneous resolution of zone conditions and HVAC 

system actions, a modular HVAC framework, and a runtime scripting language for 

customisable control strategies. Moreover, E+, is recognised for USGBC LEED certification. 

LEED (Leadership in Energy and Environmental Design) is the world's most widely used green 

building rating system [23]. Along with OpenStudio, E+ is part of BTO’s (Building Technologies 

Office) BEM program portfolio. An API has been developed to allow access to internal E+ 

functionality and open up the possibility for new workflow opportunities around E+, An API has 

been created to provide access to the internal functionalities of E+, opening up new 

possibilities for workflow enhancements. Initially, a C API was developed to expose the 

underlying C++ functions, followed by the creation of Python bindings to further enhance 
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accessibility. The resulting Python APIs for EnergyPlus enable configuration, simulation, and 

data retrieval throughout the simulation process, utilising a subhourly timestep scale [69].  

3.1.2. Keras and scikit-learn 

TensorFlow is a versatile and scalable software library designed for numerical computations 

utilising dataflow graphs. It empowers users to effectively develop, train, and deploy neural 

network and other Machine Learning (ML) models for production environments. The 

underlying algorithms of TensorFlow are predominantly implemented in optimised C++ and 

Compute Unified Device Architecture (CUDA), facilitating parallel computing on NVIDIA 

graphics processing units (GPUs). Moreover, TensorFlow offers APIs in multiple languages, 

with the Python API being the most comprehensive and reliable option [70]. Keras, developed 

by Francois Chollet [68], is a high-level deep learning framework and TensorFlow API for 

Python, that can be built on top of TensorFlow. Its primary advantage lies in its user-friendly 

yet efficient high-level APIs, which save time and facilitate rapid prototyping of ideas. By 

abstracting away complexities, Keras simplifies the implementation of TensorFlow principles, 

eliminating the need for boilerplate code when creating deep learning models. Its success is 

attributed to its flexibility and ease of use, offering access to specialised libraries while 

leveraging the strengths of the TensorFlow ecosystem [71]. 

Python’s Scikit-Learn is one of the most popular ML libraries. It is built on Python libraries 

NumPy, SciPy, and Matplotlib. The library is well-documented, open source, commercially 

usable, and a great vehicle to get started with machine learning. It is also very reliable and 

well-maintained, and its vast collection of algorithms can be easily incorporated into projects. 

Scikit-Learn is focused on modelling data rather than loading, manipulating, visualising, and 

summarising data. For such activities, other libraries such as NumPy, pandas, Matplotlib, and 

seaborn are chosen. The Scikit-Learn library is imported into a Python script as sklearn [72].   

3.1.3. Pyomo 

Pyomo, the Python Optimization Modeling Objects software, facilitates the creation and 

examination of mathematical models for intricate optimisation scenarios. This functionality is 

often linked with Algebraic Modelling Languages (AMLs), which enable the representation and 

scrutiny of mathematical models using a high-level language. While many AMLs utilise 

proprietary modelling languages, Pyomo’s modelling objects are embedded within Python, a 

full-featured high-level programming language that contains a rich set of supporting libraries. 

Pyomo has garnered recognition, receiving awards from both the R&D100 organisation and 

the Institute for Operations Research and the Management Sciences Computing Society 

(INFORMS). Pyomo support scripting with model objects, which facilitates the custom analysis 
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of complex problems in an object-oriented approach. Additionally, there are packages of 

Pyomo that define interfaces to solvers like CPLEX and Gurobi [73]. 

3.1.4. Gurobi Optimizer 

The GurobiTM Optimizer, developed by Gurobi Optimization, LLC, serves as a prescriptive 

analytics platform and decision-making technology. Widely known as "Gurobi," it functions as 

a solver, employing mathematical optimisation techniques to compute solutions to various 

problems. Gurobi was established in 2008 by Dr. Zonghao Gu, Dr. Edward Rothberg, and Dr. 

Robert Bixby, who derived the name by merging the initial letters of their last names. Gurobi 

is renowned for its capabilities in various optimisation domains, including linear programming 

(LP), quadratic programming (QP), quadratically constrained programming (QCP), mixed-

integer linear programming (MILP), mixed-integer quadratic programming (MIQP), and mixed-

integer quadratically constrained programming (MIQCP) [74]. The Gurobi Optimizer is written 

in C, and it is available, on all computing platforms and accessible from several programming 

languages including Python. Standard independent modelling systems including Pyomo (see 

section 3.1.3) can be used to define and to model problems. 

 

 

Figure 16. Gurobi Client API [74]. 
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3.2. Methods 

The above-mentioned software tools are utilised to implement the sequence of methods as 

shown in Figure 17. Weather data is fed into E+ to provide location specific weather conditions. 

E+, through python coupling and configuration allows for the random application and 

simulation of modelled single OB actions. The resulting dataset, obtained through the black 

box (E+ building simulation software), is then utilised to create a hybrid building energy model 

by applying ML modelling through ANN utilisation. To solve occupant centric Optimisation 

problems, the ML model is exactly reformulated into a piecewise linearised AM. Therefore, in 

the end, by utilising the AM structure, optimal occupant actions, and therefore OB profiles, can 

be derived by directly feeding thermal zone (TZ) conditions, occupant conditions and weather 

data into a well-defined optimisation problem. 

 

Figure 17.  Summary of the methodology. 

3.2.1. Building Energy Model exposed to Occupant Actions 

In E+ software, building TZs and potential single occupant adaptive TC behaviours are 

simulated with a 30-minute timestep. Throughout the simulation, the TZ experiences annual 

OWC (Outdoor Weather Conditions), while occupant actions are randomly applied at a half-

hourly frequency. One or more occupant actions can be applied concurrently. This allows for 

the simultaneous consideration of both (a) OWC and OBs on the building's thermal conditions 

and subsequent (b) EC, while transitioning from timestep t to t+1. Most occupant actions are 

represented using E+ components that can be configured, controlled, and monitored via the 

E+ Python API to generate dynamically adjustable schedules for (i) blind state, (ii) window, 

and (iv) HVAC operation. Notably, an additional occupant action, the adaptation of (v) 

occupant clothing insulation does not necessitate modelling within E+. 

(i) Window Blind operation is modelled using the E+ “Window Shading Control” component. 

Exterior blinds reduce the amount of solar radiation entering through the window, into the 

thermal zone of interest (Figure 18). Blinds are either retracted (no window coverage) or 

activated (glazed window coverage), through a control mechanism allowing on demand blind 

usage behaviour simulation. 
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Figure 18. Exterior window shading control representation acquired from E+ Input Output Reference. 

(ii) Window operation is modelled using the E+ “Ventilation by Wind and Stack with Open 

Area” component. The ventilation air flow rate is a function of wind speed and thermal stack 

effect (Figure 19), along with the area of the opening being modelled. The natural ventilation 

flow rate can be controlled, thus allowing to simulate opening or closing the window on 

demand. 

 

Figure 19. Open Stack Phenomenon depiction, leading to natural ventilation acquired from [75]. 
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(iii) To simulate HVAC operation the E+ “Packaged Terminal Heat Pump (PTHP)” component 

is used. The compound object consists of an outdoor air mixer, direct expansion (DX) cooling 

coil, DX heating coil, supply air fan, and a supplemental heating coil. The HVAC power switch 

{ON, OFF} and the heating/cooling thermostat can all be configured dynamically allowing to 

model PTHP operation on demand. 

 

Figure 20. Schematic of a packaged terminal heat pump acquired from E+ Input Output Reference 
[69]. 

The amount of thermal insulation/ clothing (𝑐𝑙𝑜) worn by a person has a significant impact on 

its TC. It is acceptable to define a complete clothing ensemble using a combination of the 

garments (Table 13). (iv) Occupant clothing is thus allowed to receive any given 𝑐𝑙𝑜 value in 

rational bounds. Furthermore, in the adaption of the occupant clothing value action, there is 

no need to use any E+ component, as the application of different clothing values does not 

impact the TZ indoor conditions, but only the TC sensation of the occupants themselves. 

Therefore, it will be treated separately as a decision variable regarding the optimisation 

towards occupant TC (see section 3.2.4.3.1). 

3.2.2. Machine Learning  

3.2.2.1. Thermal Zone Artificial Neural Network 

The dataset obtained from the E+ simulation consists of sequential information regarding the 

OWCs, the building thermal conditions, and the applied occupant actions. First, the dataset is 

pre-processed to examine correlations between occupant actions and building conditions that 
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affect TC, and EC and then the E+ variables that best capture the above dynamics on 

consecutive time steps, i.e. from 𝑡 → 𝑡 + 1 are retrieved.  Afterwards, an ANN is built and 

trained on the derived variables of interest to allow for single timestep prediction: 𝑦𝑡 =

𝑓(𝐶𝑡, 𝑊𝑡 , 𝐴𝑡), where 𝐶: TZ conditions, 𝑊: OWC, 𝐴:  actions as mentioned in 3.2.1. We define: 

𝑦𝑡 =  𝐶𝑡+1, therefore: 𝐶𝑡+1 = 𝑓(𝐶𝑡, 𝑊𝑡 , 𝐴𝑡). In plain words, the TZ conditions in the next time 

step, is approximated via ML as a function of the variables in Table 2 at the current timestep. 

Note, regarding 𝐶, relative humidity is obtained from the E+ simulation output file but is 

converted to air vapor pressure for ANN training purposes, Annex II, Figure 53. 

Normalisation is applied based on the minimum and maximum values of the dataset. In an 

ANN, the activation function is a vital component in determining the output of a neural network. 

It introduces non-linearity into the network, enabling it to recognise intricate patterns in the 

data. Essentially, the activation function receives the weighted sum of inputs and applies a 

non-linear transformation to it before passing it on to the next layer of the network. The rectified 

linear unit (ReLU) activation function in the ANN nodes is employed as 𝑦 = 𝑚𝑎𝑥{0, 𝐺𝑥 + 𝑏} to 

discern non-linear data relationships and facilitate piecewise linearisation of system dynamics 

[76]. The above formulation implies that the value of an output y can either be positive and 

equal to 𝐺𝑥 + 𝑏 or 0, where 𝐺 and 𝑏 are the weights and biases of the ANN. 

 

Figure 21. Representation of ReLU activation function. 

Hyperparameter tuning of the ANN is conducted via Bayesian Optimisation. K-Fold Validation 

is employed to enhance model generalisation. Early stopping is implemented to prevent 
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overtraining and mitigate overfitting of the model. The resulting ReLU based ANN 

approximates the original non-linear model with only piece-wise linear functions, thus creating 

a trade-off between complexity reduction and accuracy. 

Table 2. Thermal Zone Artificial Neural Network Variables 

Variable Symbol Variable name 

𝑊𝑡 

Site Outdoor Air-Dry Bulb Temperature, Site Outdoor Air Dewpoint 

Temperature, Site Outdoor Air Relative Humidity, Site Outdoor Air 

Barometric Pressure, Site Wind Speed, Site Wind Direction, Site 

Diffuse Solar Radiation Rate Per Area, Site Direct Solar Radiation 

Rate Per Area, Site Horizontal Infrared Radiation Rate Per Area, Site 

Solar Altitude Angle. 

𝐴𝑡 
Window schedule, Blind schedule, PTHP operation schedule, Heating 

schedule thermostat value, Cooling schedule thermostat value. 

𝐶𝑡 

Zone Mean Air Temperature (T), Zone Air Vapor Pressure (P), Zone 

Mean Radiant Temperature (Tr), Zone Packaged Terminal Heat Pump 

Electricity Rate (EP, see section 3.2.4.3.2). 

3.2.3. Approximate Model 

Complex physics-based models like E+ (section 1.5.1, section 3.1.1), or nonlinear black-box 

models, like ANNs (section 1.5.2.1) are typically not solvable through linear programming (LP) 

(section 1.6.1), as Neural networks are nonlinear and nonconvex functions. Recent studies 

have demonstrated that neural networks with rectified linear units (ReLU), can be precisely 

reformulated as a mixed-integer linear program (MILP) [77], [78]. This transformation converts 

the nonlinear behaviour into piecewise linear segments. Therefore, in this case, the ReLU 

activation functions allow to exactly reformulate the ANN AM into a Mixed Integer Optimisation 

Program. Importing and utilising the weights and biases from the trained ANN model allows 

integration of the ANN into optimisation problems, albeit with added complexity from managing 

binary variables. The binary variables in the linear reformulation contribute to modelling the 

control-flow statements of the ReLU function. Specifically, the max {⋅} operator present in the 

ReLU activation function is exactly reformulated via the use of binary variables (𝑦 ∈ {0,1}) and 

auxiliary continuous variables (𝑥 ∈ ℝ) as follows in Equation (1).  
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𝑥𝑘 =  max {0, 𝐺𝑘  𝑥𝑘−1 + 𝑏𝑘} ⇒ 

𝑥𝑘,𝑝
𝑎𝑢𝑥 + 𝑥𝑘,𝑛

𝑎𝑢𝑥 = 𝐺𝑘  𝑥𝑘−1 + 𝑏𝑘 

(1) 

 

−(1 − 𝑦)𝑀 ≤ 𝐺𝑘  𝑥𝑘−1 + 𝑏𝑘 ≤ 𝑦𝑀 

0 ≤ 𝑥𝑘,𝑝
𝑎𝑢𝑥 ≤ 𝑦𝑀 

−(1 − 𝑦)𝑀 ≤ 𝑥𝑘,𝑛
𝑎𝑢𝑥 ≤ 0 

Where, 𝑥𝑘: output of current ANN layer 𝑘, 𝑥𝑘−1: output of the previous layer, 𝐺𝑘: matrix of 

weights for layer 𝑘, 𝑏𝑘: the vector of biases for layer 𝑘, 𝑥𝑘,𝑝
𝑎𝑢𝑥, 𝑥𝑘,𝑛

𝑎𝑢𝑥: auxiliary positive and 

negative values of 𝐺𝑘  𝑥𝑘−1 + 𝑏𝑘, 𝑀: large scalar value. 

As depicted in Table 3, in both cases the resulting  𝑥𝑘,𝑝
𝑎𝑢𝑥 value is modelling the output of the 

ReLU activation functions. 

Table 3. Use of binary 𝑦 to model Equation (1). 

Case 𝑦  𝑥𝑘,𝑝
𝑎𝑢𝑥 𝑥𝑘,𝑛

𝑎𝑢𝑥 𝐺𝑘  𝑥𝑘−1 + 𝑏𝑘 

A 0 0 −𝑀 ≤ 𝑥𝑘,𝑛
𝑎𝑢𝑥 ≤ 0 𝑥𝑘,𝑛

𝑎𝑢𝑥 

B 1 𝟎 ≤ 𝒙𝒌,𝒑
𝒂𝒖𝒙 ≤ 𝑴 0 𝑥𝑘,𝑝

𝑎𝑢𝑥 

In the case of the TZ ANN, Equation (1) models a single time step of the dynamic simulation. 

In the case of the Predicted Mean Vote ANN (PMV ANN) (section 3.2.4.3.1), Equation (1)  

models a single TC index state, utilising the outputs derived from the reformulated TZ ANN 

into TZ AM (see section 3.2.4.3.1). 

A RH concept (see section 1.6.6) is applied for the entire time horizon of interest, solely by 

utilising the surrogate TZ, PMV ANN models. 

3.2.4. Optimisation  

The TZ ANN reformulation into a MILP, the quadratic terms of the optimisation objective 

(section 3.2.4.3, Equation (4)) function, and the RH approach result in a MIQP RH optimisation 

problem with linear constraints. As MIQP is a subcategory of MINLP, the Gurobi solver (see 

section 3.1.4), utilises methods based on the approaches mentioned in 1.6.3 . The resulting 

MIQP RH optimisation problem based on the TZ ANN considers building physics as 

constraints, accounts for OWC as uncertainties, tries to identify the (sub)optimal adaptive TC 

actions towards TC maximisation and EC minimisation (section 3.2.4.3, Equation (4)).  The 

Parameters include the outdoor weather parameters that are fed into the optimisation problem 

from the E+ weather file as disturbance, the initial state TZ conditions, and the metabolic rate 

of the occupant. 



 

 

44 

 

3.2.4.1. Variable Bounds 

The decision variables that comprise the adaptive TC actions in the optimisation problem are 

clothing insulation, window state, blind state adjustment and HVAC system control as 

described in section 3.2.1, and are bounded between specific values. More specifically, the 

occupant clothing variable is a real, continuous bounded variable. The window operation 

action is modelled with a binary decision variable taking values between 0 and 1 signifying the 

closed and the open window state respectively. Similarly, the blind usage is also modelled with 

a binary variable, 0 signifying no blind use and 1, full blind use. On the other hand, to model 

HVAC-PTHP operation, two decision variables are used. The first one, 𝑦𝑂𝑃, is binary and 

states the operation of the PTHP unit 0: OFF and 1: ON. The second PTHP decision variable 

𝑥𝑆𝑃 is continuous and states the zone temperature thermostat setpoint. The setpoint variable 

 is real, continuous, bounded between  [xSP
min, xSP

max]  →  [17,27] when the system is running, 

representing the setpoint temperature in oC. In the case of non-operation (𝑦𝑂𝑃 = 0) the 

setpoint variable assumes a value 𝑑 outside the aforementioned bounds (𝑥𝑆𝑃 = 𝑑). Further 

auxiliary binary and continuous variables are utilised in the definition of the different applied 

constraints as described below. All variables, parameters are normalised throughout the 

definition, parametrisation, and solution of the optimisation problem, due to the training 

procedure of both ANN models (TZ ANN, PMV ANN) where the scikit-learn [72] MinMaxScaler 

is utilised. Therefore, all variables, binary and continuous and all parameters in the MIQP RH 

optimisation problem are bounden between 0 and 1. Exceptions are the auxiliary variables 

𝑥𝑘,𝑛
𝑎𝑢𝑥 mentioned in 3.2.3 that support the modelling of the negative outputs of the ReLU 

function. 

3.2.4.2. Constraints 

The MIQP RH Optimisation Problem at hand, is subject to multiple constraints, including i) TZ 

ANN reformulation into ANN TZ AM that models dynamics between building physics, OWC 

and occupant actions, ii) PMV ANN reformulation into ANN PMV AM that models the 

calculation of occupant TC sensation, iii) correctly configured operation of PTHP system within 

desired bounds, iv) rate-of change limitation of PTHP system thermostat temperature setpoint 

value. 

Equation (1) models i) and ii) as explained in sections 3.2.3, and 3.2.4.3.1 respectively. 

Equation (2) models iii), the operation of the PTHP system utilising 𝑦𝑂𝑃 and 𝑥𝑆𝑃 as mentioned 

in section 3.2.4.1. 
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(1 − 𝑦𝑂𝑃 )𝑑 + 𝑦𝑂𝑃 xSP
min ≤ 𝑥𝑆𝑃 ≤  (1 − 𝑦𝑂𝑃 )𝑑 +  𝑦𝑂𝑃 xSP

max (2) 

Investigating the above constraint (Equation (2), Table 4) in regard to the use of the binary 

variable 𝑦𝑂𝑃  it is clear that when 𝑦𝑂𝑃 = 0, 𝑥𝑆𝑃 is given the out of bounds (𝑥𝑆𝑃 = 𝑑), in contrast 

to when 𝑦𝑂𝑃 = 1 and thus 𝑥𝑆𝑃 can receive values between the temperature thermostat bounds. 

Table 4. Use of binary 𝑦𝑂𝑃 to model Equation (2).  

Case 𝑦𝑂𝑃  𝑥𝑆𝑃 

A 0 𝑑 ≤ 𝑥𝑆𝑃 ≤  𝑑 → 𝑥𝑆𝑃 = 𝑑 

B 1 𝑦𝑂𝑃 xSP
min ≤ 𝑥𝑆𝑃 ≤ 𝑦𝑂𝑃 xSP

max 

Furthermore Equation (3) models iv). To ensure smooth and gradual adjustments in the HVAC 

system's operation, a rate-of-change constraint is imposed on the thermostat setpoint 𝑥𝑆𝑃 

value. This constraint limits the magnitude of changes allowed between consecutive time 

steps, 𝛥𝑥𝑆𝑃, promoting stability, and minimising abrupt fluctuations, i.e. |𝛥𝑥𝑆𝑃| ≤  𝛥xSP
max. 

Furthermore, this rate-of-change constraint must only be implemented when the PTHP system 

is in operation for consecutive timesteps in order to not hinder its ON/OFF switching. This is 

mathematically expressed as follows assisted via the use of the binary variable 𝑦𝑝 ∈ {0,1}.  

𝛥𝑥𝑆𝑃 = 𝑥𝑆𝑃,𝑡 − 𝑥𝑆𝑃,𝑡−1 

(3) 

 

−𝛭 (1 − 𝑦
𝑝

) − 𝛥𝑥SP
max ≤ 𝛥𝑥𝑆𝑃 ≤ 𝑀 (1 − 𝑦

𝑝
) + 𝛥𝑥SP

max
 

𝑦𝑝 ≤  𝑦
𝑂𝑃,𝑡−1 

 

𝑦𝑝 ≤  𝑦
𝑂𝑃,𝑡 

 

𝑦𝑝 ≥ −𝑀(1 − 𝑦
𝑂𝑃,𝑡−1 

) − 𝑀(1 − 𝑦
𝑂𝑃,𝑡 

) + 1 

Investigating the above constraint (Equation (3),Table 5) in regard to the use of the binary 

variables it is clear that 𝑦𝑝 models the multiplication of 𝑦𝑂𝑃,𝑡  and 𝑦𝑂𝑃,𝑡−1 . Thus, only when the 

PTHP system is enabled for consecutive timesteps (𝑦𝑝 = 1), 𝛥𝑥𝑆𝑃 is bounded. In all other 

cases 𝛥𝑥𝑆𝑃 remains unbounded in order to allow ON/OFF switching in PTHP operation (𝑦𝑂𝑃 =

0 → 𝑥𝑆𝑃 = d). 
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Table 5. Use of binaries 𝑦𝑂𝑃,𝑡 , 𝑦𝑂𝑃,𝑡−1  ,𝑦𝑝 to model Equation (3). 

Case 𝑦𝑂𝑃,𝑡  𝑦𝑂𝑃,𝑡−1  𝑦𝑝 𝛥𝑥𝑆𝑃 

A 0 0 0 −𝛭 − 𝛥𝑥SP
max

≤ 𝛥𝑥𝑆𝑃 ≤ 𝑀 + 𝛥𝑥SP
max

 

B 0 1 0 −𝛭 − 𝛥𝑥SP
max

≤ 𝛥𝑥𝑆𝑃 ≤ 𝑀 + 𝛥𝑥SP
max

 

C 1 0 0 −𝛭 − 𝛥𝑥SP
max

≤ 𝛥𝑥𝑆𝑃 ≤ 𝑀 + 𝛥𝑥SP
max

 

D 1 1 1 −𝛥𝑥SP
max

≤ 𝛥𝑥𝑆𝑃 ≤ +𝛥𝑥SP
max

 

Convexity of Constraints: Under the hypothesis that, the binary variables are either fixed or 

relaxed (i.e. can assume values between 0 and 1), the constraints are convex because they 

are linear functions of the variables [36]. 

3.2.4.3. Objective function 

Over a specific time horizon, the MIQP RH optimisation problem intends to maximise the 

occupant TC and minimise the PTHP EC. Furthermore, a stabilisation term is incorporated in 

the objective function. This term aims to minimise variations or fluctuations in the operational 

status {ON/OFF} of the HVAC-PTHP system by imposing a cost. The penalty term is 

introduced in the objective function to discourage high frequency of transitions between the 

PTHP system's ON and OFF states, thereby incentivising smoother and more stable 

operation. When 𝑦𝑂𝑃 = 0 → 𝑥𝑆𝑃 = 𝑑.  Thus when exactly one of 𝑥𝑆𝑃,𝑡 , 𝑥𝑆𝑃,𝑡−1 is 𝑑 then 𝛥𝑥𝑆𝑃
2 

receives relatively high values. Therefore 𝛥𝑥𝑆𝑃
2 comprises the penalty term (see section 

3.2.4.2). The below Equation (4) presents the optimisation problem. 

     Min
𝑥𝑘,𝑦

 ∑ {𝑄𝑅[ 𝑎 (𝑃𝑀𝑉𝑖)2 + (1 − 𝑎) 𝐸𝑃𝑖
2] +  𝑅𝛥𝑥𝑆𝑃

2 } 𝐻
𝑖=0   

(4) 

 

     s.t. 
Equation (1), 

Equation (2),  

Equation (3),  

Applied for the entire time horizon 

 𝑦 ∈ {0,1}𝑛 

                𝑥𝑘 ∈ ℝ𝑚 

Where: H: length of time horizon, 𝑃𝑀𝑉𝑖: deviation of PMV TC term from its optimum desired 

value (see Equation (5) below), 𝐸𝑃𝑖: PTHP electric power, (direct output of the TZ AM), (𝑄𝑅, 𝑅): 

weighting coefficients between the primary objectives and the penalty term objective, 𝑎: 

weighting parameter. Notably,  𝛼 is the trade-off parameter between TC and EC. By prioritising 
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either, and deriving an optimal action/behaviour, different values of 𝑎 define different OB 

profiles. 

To account for inherent discrepancies between the original E+ model and the ANN AM, a 

correction term is incorporated to penalise deviations between predicted and actual outcomes 

for the TC index. As a result, the 𝑃𝑀𝑉𝑖 mentioned in Equation (4) is structured as follows. 

      𝐶𝑇 =  𝑃𝑀𝑉0
𝑐𝑎𝑙𝑐 − 𝑃𝑀𝑉0

𝑝𝑟𝑒𝑑
                                                          (5) 

 𝑃𝑀𝑉𝑖 = 𝑃𝑀𝑉𝑖
𝑝𝑟𝑒𝑑

+ 𝐶𝑇 

Where, 𝐶𝑇: the correction term, 𝑃𝑀𝑉0
𝑐𝑎𝑙𝑐:  the actual PMV value at the current timestep, as 

calculated through the ISO script (see Annex I , Figure 53), 𝑃𝑀𝑉0
𝑝𝑟𝑒𝑑

: the PMV value predicted 

through the Approximate PMV model (PMV AM) (section 3.2.4.3.1).  

To retrieve the decision variables utilising the RH concept we strive to minimise the sum 

towards our objectives over 𝑖 horizon timesteps. This is accomplished by updating the thermal 

zone’s initial state condition parameters at each subsequent horizon timestep, as predicted 

through the derived TZ AM from the previous horizon [41].  

Convexity of objective function: Under the hypothesis that, the binary variables are either fixed 

or relaxed (i.e. can assume values between 0 and 1), the objective function is convex 

semidefinite because, by construction, the eigenvalues of the involved variables are either 

positive or zero [36].  

3.2.4.3.1. Thermal Comfort ANN index 

A very clear limitation of PMV regarding its usage in the design of controllers is that there 

exists no explicit function of the six variables affecting TC. Calculation of PMV requires the 

utilisation of an iterative algorithm, which poses a challenge for the deterministic optimisation 

of model-based controllers [79]. Therefore, an explicit input-output relationship as the one 

mentioned in section 3.2.4 is necessary.  In order to tackle the above limitation, and to align 

the components of the methods used in this framework, the TC PMV model utilised in the 

objective function of the above-defined optimisation problem is derived based on the flowchart 

in Figure 22.  
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Figure 22. PMV Approximate Model derivation methodology. 

First, random values of the PMV calculation input parameters are generated. Notably, most 

input parameters, which depend, and characterise the TZ conditions are inputs and outputs of 

the TZ ANN (Table 2). Subsequently, the values of all random input parameters, are within the 

bounds derived by the initial E+ black-box simulation for the case specific TZ of interest. 

Clothing, metabolic rate and air velocity which are not output variables of TZ ANN, are 

assigned rational bounds. These values are fed into a python script (Annex II, Figure 53) which 

has been refactored from the initial BASIC program provided in ISO 7730, 2005 [80]. 

The dataset obtained that includes both the PMV parameters and the resulting PMV values is 

utilised to train an ANN that allows the prediction of the PMV value based on the thermal zone 

condition at the current timestep. Thus,  𝑃𝑀𝑉𝑡 = 𝑓(𝑇𝑍𝑡 , 𝑂𝑡), where 𝑇𝑍𝑡: thermal zone 

conditions and 𝑂𝑡: occupant conditions.  In plain words, the TC index 𝑃𝑀𝑉𝑡 of the occupant in 

the current time step is approximated via ML as a function of the input variables shown in 

Table 6. 

Table 6. Predicted Mean Vote ANN Input Variables 

Variable Dependence Variable Names 

Thermal Zone conditions Relative air velocity, Air Temperature, Mean radiant 

temperature, Water vapour pressure 

Occupant conditions Metabolic rate, Occupant clothing 
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The TZ ANN (section 3.2.2.1) is trained to predict TZ condition variables (Table 2) of the next 

timestep. This way, through the reformulation of both the TZ ANN, and the PMV ANN, into the 

optimisation problem, the resulting AM is able to predict the occupant PMV of the next timestep 

and incorporate TC maximisation (by minimising the PMV value deviation from 0, see Table 

1), as one of the objectives of the optimisation function in Equation (4). 

3.2.4.3.2. Energy Consumption 

The variable to measure EC, is the E+ output variable “Zone Packaged Terminal Heat Pump 

Electricity Rate”. This E+ output field represents the rate of electricity consumption for the 

PTHP, measured in Watts. It includes the electricity used by the compressor (including the 

crankcase heater), fans (both indoor supply air fan and condenser fan), and the supplemental 

electric heating coil. This value is calculated for each PTHP system timestep during simulation, 

and the results are averaged for the reported timestep. 

The TZ ANN in section 3.2.2.1 is trained to forecast this output variable (Table 2) for the next 

timestep. By transforming the ANN into an optimisation problem, the TZ AM model can predict 

EC of the next timestep and include its minimisation as one of the objectives of the optimisation 

function. 
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4. Case Study 

4.1. Building 

The building envelope of Leaf House, situated in Angeli di Rosora in the province of Marche 

and owned by the Loccioni Group, comprises external walls with a total thermal transmittance 

(U-value) of 0.41 𝑊/(𝑚2K)  and windows with a U-value of 1.1 𝑊/(𝑚2K) . Leaf House serves 

as a research and innovation hub across various sectors, including energy and the 

environment, with its E+ Building energy model validated in [81]. The specific TZ being 

examined is a small office located on the 2nd floor of the building, facing west. This TZ covers 

an area of 9.16 𝑚2  and a volume of 24.74 𝑚3, featuring a west-facing external window with 

a U-value of 1.1 𝑊/(𝑚2K) and an area of 2.40 𝑚2. As part of this case study, the thermal zone 

is equipped with a HVAC system, namely a PTHP, with a Heating Coefficient of Performance 

(COP) of 5 and a Cooling COP of 3, which has been automatically sized using a Typical 

Meteorological Year (TMY) derived design days file for the region of interest, prior to this study. 

During the simulation of the thermal zone, the 𝑥𝑆𝑃 thermostat temperature setpoint can receive 

values between [17,27], when in operation, and 𝛥𝑥𝑆𝑃 as defined in 3.2.4 can receive values 

within [0,3]. It is assumed that one building occupant is present in the TZ with a constant 

metabolic rate of 1 𝑚𝑒𝑡. The sum of nominal internal heat gains accounts to 11.5 𝑊/𝑚2 

including lighting and electricity load. The occupant clothing insulation can vary between 

[0,1.5] (1 𝑐𝑙𝑜 =  0.155 𝐾𝑚2/𝑊). Indoor air velocity in regard to occupant thermal sensation 

calculation is set to 0.2 𝑚/𝑠 as E+ cannot calculate this variable. Further information regrading 

the simulation set up of the TZ for this specific case study can be found in the Appendix. 

 

Figure 23. Leaf House Energy Model (OpenStudio graphic interface –Thermal zone shown in yellow). 
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Figure 24. Leaf House Building as depicted in Google Maps Street View 

Table 7. External wall thermal and physical characteristics 

Description Thickness 
Thermal 

Conductivity 
Density U-Value 

Inside to Outside 𝑐𝑚 𝑊/𝑚𝛫 𝑘𝑔/𝑚3 𝑊/𝑚2𝛫 

Gypsum mortar for 

plasters 

2.00 0.29 600 14.29 

Porotron Block 30.00 0.21 950 0.70 

Polysterine-Rofix EPS 

100 

18.00 0.036 93 0.2 

Plastic Plaster coat 0.50 0.30 1300 100 

4.2. Weather 

For E+ simulations, a standard weather format input file, known as EPW, is required. This 

format, initially developed for use with E+ and Energy System Research Unit (ESP-r) 

simulation programs, has become widely adopted by various building simulation tools. 

Weather information for the case study building is represented using Ancona, Italy as the 

location due to its geographical proximity, and its corresponding TMY as the simulation 

weather input. The EPW weather file operates on an hourly timestep and includes variables 

for various weather parameters (see Table 9). 
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To introduce uncertainty into the weather files’ variable, random deviations from the actual 

TMY values are incorporated at each hourly timestep (Figure 25). Note, dew point temperature 

can be directly calculated from the relative humidity and dry-bulb temperature [82].  

𝑊𝑣𝑑𝑒𝑣 = 𝑊𝑣𝑖𝑛𝑖𝑡  + (−1)𝑟{0,1}𝑟. 𝑢𝑓𝑚(0, 𝑄𝑢𝑎𝑛𝑡𝑖𝑙𝑒.95(𝑆)), where (6) 

                 𝑆 = {|𝑊𝑣𝑖𝑛𝑖𝑡,𝑠,𝑡+1 −  𝑊𝑣𝑖𝑛𝑖𝑡,𝑠,𝑡| },  

                 ∀ 𝑠 𝜖{𝑠𝑝𝑟𝑖𝑛𝑔, 𝑠𝑢𝑚𝑚𝑒𝑟, 𝑎𝑢𝑡𝑢𝑚𝑛, 𝑤𝑖𝑛𝑡𝑒𝑟}  

                 ∀ 𝑡 𝜖(min (𝑡𝑠), max (𝑡𝑠) − 1)   

Where, 𝑊𝑣𝑖𝑛𝑖𝑡: initial Weather Variable (𝑊𝑣) value, 𝑊𝑣𝑑𝑒𝑣: deviated 𝑊𝑣 value, 𝑆: the 

distribution of the differences between the same 𝑊𝑣𝑖𝑛𝑖𝑡  for consecutive timesteps. The 

quantile value is seasonal and refers to S. Next,  𝑟: random number generator ( {0,1} → 0 or 1,

𝑢𝑓𝑚 → uniform distribution between [lower bound, upper bound) ). If the updated 𝑊𝑣𝑑𝑒𝑣 of 

the initial weather variable distribution, subceeds or exceeds the minimum or the maximum 

seasonal value, respectively, then it receives that exact minimum or maximum value. Equation 

(6) is performed for each 𝑊𝑣 in Table 9. 

 

Figure 25. Example of processing of weather input variable (Dry-Bulb Temperature) 

This resulting weather file is fed into the black-box E+ simulation, as part of the hybrid 

methodology described in 3.2, where the TZ ANN is built and trained to be finally reformulated 

and utilised in the optimisation problem. 

Table 8. Season Date Ranges. 

Season Start Date End Date 

Spring Mar 21 Jun 20 

Summer Jun 21 Sep 22 
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Autumn Sep 23 Dec 20 

Winter Dec 21 Mar 20 

 

Table 9. Outdoor weather Variables and respective seasonal calculated deviations. 

Outdoor Weather Variable - Season Spring Summer Autumn Winter 

Dry Bulb Temperature (oC) 1.4 1.2 1.4 1.7 

Dew Point Temperature (oC) 1.8 2.9 1.74 2.8 

Relative Humidity (%) 9 11 9 14 

Atmospheric Station Pressure (𝑃𝑎) 31.8 51 72.8 87.65 

Horizontal Infrared Radiation Intensity 

(𝑊ℎ/𝑚2) 

17 12 20 21 

Direct Normal Radiation (𝑊ℎ/𝑚2) 230 240 231.4 214.3 

Diffuse Horizontal Radiation (𝑊ℎ/𝑚2) 58 46 43 46 

Wind Direction (𝑑𝑒𝑔𝑟𝑒𝑒𝑠) 142 240.6 133.4 301 

Wind Speed (𝑚/𝑠) 2.1 1.2 1.5 2 

Opaque Sky Cover (𝑡𝑒𝑛𝑡ℎ𝑠 𝑜𝑓 𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒) 2 7 3 6 

 

  



 

 

54 

 

5. Results 

5.1. Thermal Zone Artificial Neural Network 

5.1.1. Correlation analysis 

As mentioned in the methods section, to comprehend the impact of the actions on the case 

study building TZ conditions (section 3.2.1), a correlation analysis was performed. A stable 

weather file was created by using the fixed median value of each weather variable given in 

the Ancona TMY weather file, throughout a whole year. The TZ was then exposed to this stable 

weather file while a single random action was implemented for a maximum of 4 timesteps (2 

hours). The window and blind state are alternated between 0 and 1. The PTHP thermostat is 

alternated between being activated and deactivated. When enabled, the PTHP thermostat 

temperature value is set to 21oC. In the figures below each of the occupant actions’ impact on 

the TZ conditions is examined over a one-month period. Because a stable weather file is used, 

the month of choice determines the solar angle and altitude characteristics as calculated 

internally by E+, and their subsequent impact on the TZ conditions. Specifically, January was 

chosen because it is the month during which the most radiation is measured to be transmitted 

through the TZ window. Throughout the year, the impact of the occupant actions on the TZ, 

create dynamics for the TZ ANN to be trained upon.  
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Figure 26. Example of Occupant Actions' impact on thermal zone conditions. Blind impact is only 
examined when there exists outdoor direct solar radiation. 

Examining the Pearson correlation coefficients of the Heatmaps Figure 26, it is visible that 

moving from 𝑡 → 𝑡 + 1, when the thermostat temperature value is increased to 21oC, the Zone 

Mean Temperature also increases to a significant extend. This is a result of the low 

temperatures in the stable weather file. Therefore, zone heating is modelled. When the window 

is opened and its state changes from 0: closed to 1: open, the Zone Mean Temperature 

decreases significantly, the Zone Radiant Temperature decreases slightly. The Zone Air Vapor 

pressure increases.  Regarding the blind action, in January, it impacts the thermal zone 

conditions to a lesser extent. The blind impact was examined only when direct solar radiation 

(part of the OWCs), is measured positive on the TZ of interest. During that time periods, 

seemingly, Zone Radiant Temperature decreases slightly when the blinds are applied (Blind 

state = 1.0). 

 

Figure 27. Example of simultaneous Occupant Actions’ (Window and PTHP) impact on thermal zone 
conditions.  

Because of the contradicting impact of the Window action and the PTHP action on the Mean 

Zone temperature, another stable weather simulation was implemented, during which both 

actions are applied simultaneously, again for a maximum period of 4 timesteps. As a result 

(Figure 27), it is obvious that during January, the window action, and its impact on the TZ 

conditions also due to the OWC, overpowers the impact of the PTHP heating attempt. 

Therefore, the Zone Mean Temperature still decreases when both actions are applied, though 

to a proportionally slighter extent. 

5.1.2. Action impact analysis results – ANN preprocessing 

To further investigate the impact of the adaptive TC occupant actions on the TZ indoor 

conditions on timestep scale a randomly chosen 2-day duration is examined. Specifically, the 
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range 10/01 –11/01 is chosen. The actions are applied separately on the TZ as explained in 

5.1.1. As mentioned earlier, the OWC resulting from the simulation itself, do not remain 

completely stable because in E+, the building location and its date-dependent exposure to the 

sun, are of considerable importance. 

In Figure 28, the TZ conditions are depicted when no occupant actions are applied to the TZ 

throughout the 2-day period, for them to be compared with the cases when the  occupant 

actions are actually applied to the TZ (Figure 29, Figure 30, Figure 31) 

 

Figure 28. Thermal Zone conditions when no actions are implemented. 

 

Figure 29. Impact of PTHP actions on thermal zone conditions (10/01 – 11/01). 

Regarding the PTHP action, as observed in Figure 29, in this specific duration, it is obvious 

that once the PTHP is activated and the thermostat is set to the value of 21oC, the Zone Mean 

Air Temperature (T) is increasing up until that thermostat value. Similarly, the Zone Radiant 

Temperature (Tr) increases significantly when the thermostat is activated. On the contrary 
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Zone Air Vapor Pressure (P) seems to be decreasing every time the heating is activated. 

Following the deactivation of the PTHP system, T decreases gradually, as does Tr (the two 

peaks are a result of the solar radiation angle during that time of the day) while P increases. 

 

Figure 30. Impact of Window action on thermal zone conditions (10/01 – 11/01). 

Regarding window usage (Figure 30), when the window is opened (state = 1.0) T shows a 

substantial decrease, Tr shows a slight decrease, and P shows a slight increase. On the other 

hand, when the window is closed (state = 0.0), as expected the outcomes for each variable 

are reversed. 
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Figure 31. Impact of Blind Action on thermal zone conditions (10/01 – 11/01). 

Finally, regarding the blind usage (Figure 31) is it evident that its impact is slighter compared 

to PTHP setpoint adjustments and window usage. Both when the blinds are applied (state 1.0) 

or retracted (state 0.0), all variables do not show significant alteration. Only during from 15:00 

to 16:00, the increase in temperature is restrained. 

Throughout the analysis though, it has been detected that during the hours of the day where 

the solar radiation outdoor variables, directly impact the thermal zone due to the solar angle, 

(that changes based on the E+ timestamp), blind usage restrains the impact of OWC on the 

TZ. This restraint can be captured though the ANN. 

As mentioned before, the occupant clothing adjustments do not lead to any changes in the TZ 

indoor conditions but only affect the thermal sensation and comfort of the occupant itself. 

Therefore, there is no analysis for this specific adaptive TC actions to be examined in regard 

to its impact on the TZ. 

5.1.3. Thermal Zone Artificial Neural Network training and validation 

The architecture of the TZ ANN is described in 3.2.2.1. The TZ ANN model's hyperparameters 

were optimised using Bayesian Optimisation to balance model complexity. The neural network 

architecture consists of one hidden layer, comprising nine units, with ReLU activation functions 

applied to each node. Training utilised the Adam optimizer with a learning rate of 0.0113 and 

was performed for a maximum of 50 epochs, employing a batch size of 48 samples per 

iteration. Early stopping, with a patience of 10 epochs, was employed to prevent overfitting. 
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Results for the four output variables are summarized in Table 10 and Figure 33. Figure 33 

illustrates the simulated output from E+ compared to the approximate output prediction from 

the ANN model for a randomly chosen 48 timestep (24 hour) period. For validation and in order 

to perform extrapolation, the comparison between actual values and predicted values is 

performed utilising a dataset that includes dynamics between TZ indoor conditions, as a result 

of exposure to random TC adaptive actions and the initial, non-deviated TMY Ancona weather 

file. 

Table 10. Thermal Zone ANN prediction result metrics and standard deviation for each output 
variable. 

Metric - Variable EP Tr T P 

R2 score 0.94 0.96 0.96 0.95 

MAE score 12.96 0.82 0.92 0.55 

STD Value 97.63 5.48 5.70 3.76 

 

 

Figure 32. Artificial Neural Network Representation. 
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Figure 33. Examples of ANN prediction vs Energy Plus simulation for the 4 output variables (1 day 
duration). 

5.2. PMV Artificial Neural Network training and validation 

The architecture of the PMV ANN is described in 3.2.4.3.1. The hyperparameters for the 

training of the PMV ANN model were also suggested through BO while balancing model 

complexity. The neural network architecture comprises two hidden layers, each containing ten 

nodes, with ReLU activation functions applied to each node. Training was conducted using 
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the Adam optimizer with a learning rate of 0.0144, over a maximum of 50 epochs, and with a 

batch size of 48 samples per iteration. Early stopping was implemented, with a patience of 10 

epochs, to prevent overfitting. Results for the PMV output variable are presented in Table 11 

and Figure 34. Figure 34 illustrates the simulated output from calculated values given through 

the PMV ISO 7730 (2005) script [80], compared to the predicted output from the ANN model. 

Table 11.  PMV ANN prediction result metrics and standard deviation for PMV. 

Metric - Variable Predicted Mean Vote 

R2 score 0.99 

MAE score 0.058 

STD Value 1.93 

 

Figure 34. Example of PMV ANN prediction vs ISO PMV script calculation. 

5.3. Closed loop simulation  

A closed-loop simulation model is utilised to operate the HVAC-PTHP system and implement 

adaptive TC measures. This involves conducting simulations using E+, where optimal actions 

are determined and applied to regulate the thermal conditions of a zone at every 30-minute 

timestep through the solution of the optimisation problem. The performance of the optimisation 

process is evaluated by applying these actions over a single day, comprising 48 timesteps, for 

each season of the year. Specifically, four days representing transitional periods between 

seasons are selected for simulation. These days are chosen based on their high variation in 

OWC, as determined by the standard deviations in the original Ancona TMY weather file, 

normalised and equally weighted. Furthermore, to examine a heatwave day, specifically 

regarding the summer season, another day is chosen due to its high mean outdoor 

temperature. In each chosen day, two different values for α and subsequently two different 

OBs are examined, thus presenting the differences in occupant actions based on their 

preferences. From the objective function (4) it is obvious that higher α values prioritise TC, 
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while lower values prioritise energy saving actions. The results of the different examined 

scenarios are summarised in Table 12. 

It is worth noting that, in each of the optimisation results below, the discrepancy between the 

first and the subsequent values is observed because the simulation is initiated at the beginning 

of the day. The initial system states impact the outcome before the system is controlled 

afterwards. 

Table 12. Closed loop simulation results for specific days and α values. 

Name Date α value Mean absolute PMV Total energy 

consumption 

(𝒌𝑾𝒉) 

Spring shoulder day 23/03 0.975 0.45 0.23 

0.99 0.75 1.17 

Summer shoulder day 05/07 0.993 0.53 0 

0.9992 0.16 1.74 

Summer heatwave day 25/07 0.986 0.64 1.21 

0.9978 0.38 2.59 

Autumn shoulder day 23/11 0.97 0.92 1.01 

0.99 0.47 1.59 

Winter shoulder day 09/02 0.969 1.22 1.19 

0.99 0.55 2.29 

5.3.1. Spring shoulder day analysis (23/03) 

The spring shoulder day OWC (Figure 35) consist of relatively low and stable air-temperature 

and dewpoint temperature. Humidity is high during (00:00 – 6:00) and sinks to mid-range 

values during the day. Wind speed increases after (18:00) to reach around 8 m/s while 

pressure levels remain fairly stable. Direct and diffuse radiation, incoming from the sun follow 

the solar altitude angle pattern while horizontal infrared radiation has a mean value of 306 

𝑊/𝑚2. 
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Figure 35. Spring shoulder day (23/03) outdoor weather conditions. 

Examining the optimisation results on 23/03, firstly, when α = 0.975 (Figure 36), clothing is 

used to its maximum value throughout the day to cover for TC needs, as it does not consume 

any energy. At the beginning of the day, the setpoint temperature is deployed at just under 

20oC, then it increases slightly towards the 14:00 hour mark until the HVAC is shut down 

between 14:30 – 19:30, to save energy. At 19:30 it is turned on again to cover the needs for 

TC maximisation. When α = 0.99,  (Figure 37) the temperature setpoint is deployed a bit higher 

during (0:30-14:30) than at α = 0.975, and during the 14:30 – 19:30 period the PTHP is not 

turned off, but instead the thermostat temperature increased, and clothing is removed as the 

occupant clearly does not consider EC minimisation as its primary goal. No window or blind 

actions are implemented in either scenario. 
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Figure 36. Spring shoulder day (23/03) thermal zone conditions, occupant actions and the resulting 
thermal comfort and energy consumption, α = 0.975 
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Figure 37. Spring shoulder day (23/03) thermal zone conditions, occupant actions and the resulting 
thermal comfort and energy consumption, α = 0.99. 

5.3.2. Summer shoulder day analysis (05/07) 

During the beginning of the summer shoulder day (Figure 38), outdoor air-dry bulb 

temperature is high and close to 28oC, though it steadily decreases to below 20oC until the 

end of the day. Outdoor dewpoint temperature remains below 20oC throughout. Outdoor 

relative humidity stays at around 50% until the evening, where it peaks at 90%. During 6:00 – 

9:00, there are relatively strong south-west wind speeds reaching (10𝑚/𝑠) while pressure 

remains between 98.5-100 𝑘𝑃𝑎, increasing towards the end of the day. Horizontal infrared 

radiation has a mean value of 368.75 𝑊/𝑚2. 
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Figure 38. Summer shoulder day (05/07) outdoor weather conditions. 

During the summer shoulder day, observing the closed-loop simulation when (α = 0.993 -

Figure 39), because of its non-consumptive nature, clothing insulation, is reduced to combat 

the heat. Frequently, the window and the blinds are opened and applied throughout the day.  

When the windows are opened it is observed that the occupant is adding to its clothing 

insulation. Interestingly when α = 0.993, the PTHP is not enabled at all, as the other adaptive 

TC actions satisfy the TC objective adequately. On the other hand, when (α = 0.9992 -Figure 

40), the windows are closed and the PTHP is in operation all day. Blinds are also applied most 

timesteps of the day. The PTHP thermostat setpoint is set to 27oC for stable air-conditioning 

during the day. The clothing insulation is adjusted throughout the day to complement the air-

conditioning and obtain optimal TC values. 
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Figure 39. Summer shoulder day (05/07) thermal zone conditions, occupant actions and the resulting 
thermal comfort and energy consumption, α = 0.993 
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Figure 40. Summer shoulder day (05/07) thermal zone conditions, occupant actions and the resulting 
thermal comfort and energy consumption, α = 0.9992. 

5.3.3. Summer heatwave day analysis (25/07) 

Regarding the outdoor weather (Figure 41), the summer heatwave day is reporting the highest 

mean air-dry temperature (28oC) in the entire year. It never falls below 24oC. Between 12:00-

18:00, it reaches values above 30oC. Dewpoint temperature and relative humidity present 

similar patterns regarding their peaks and troughs, with values around the 20oC and 60% mark 

respectively. The barometric pressure remains stable, in between 99.5–99.6 𝑘𝑃𝑎 while only 

exceptionally low wind speeds are observed. The horizontal infrared radiation intensity has a 

mean value of 376.2 𝑊/𝑚2, the highest out of all the examined days. 
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Figure 41. Summer heatwave day (25/07) outdoor weather conditions. 

The analysis of the summer heatwave day optimisation outcomes, show that when α = 0.986 

(Figure 42) the PTHP system is enabled sparingly. It is enabled once at 1:00 but turned off 

again right after. Between 2:00 and 13:30, energy is saved, and the attempt to satisfy TC is 

managed through window opening and clothing adjustment actions. After 14:00, the window 

usage impact is calculated to be insufficient and thus, the window is closed, and the PTHP is 

enabled again until 18:00 (thermostat setpoint = 27oC). After 18:00 the PTHP is disabled again, 

as considering the OWC, opening the window is again considered sufficient regarding TC 

satisfaction. On the contrary, when α = 0.9978 (Figure 43), EC minimisation in considered 

less, and therefore the PTHP is enabled for longer periods during the day (1:00-11:00 and 

13:00-19:00). During these periods, often it is preferred to increment the clothing value rather 

that disable the PTHP system completely. Interestingly, in both cases (α = 0.986, α = 0.9978), 

when the PTHP system is enabled, the windows are closed and vice versa, indicating that for 

optimal operation of the PTHP system a more, stable environment is preferred. Finally, in both 

cases as well as in the summer shoulder day 5.3.2, blinds are applied to the window 
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throughout the day thus indicating that their impact on reducing the solar radiation influx and 

preserving thermal zone conditions’ stability. 

 

Figure 42. Summer heatwave day (25/07) thermal zone conditions, occupant actions and the resulting 
thermal comfort and energy consumption, α = 0.986. 
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Figure 43.. Summer heatwave day (05/07) thermal zone conditions, occupant actions and the 
resulting thermal comfort and energy consumption, α = 0.9978. 

5.3.4. Autumn shoulder day analysis (23/11) 

Regarding the OWC during the autumn shoulder day (23/11, Figure 44), air temperature 

remains at around 10oC, while dewpoint temperature decreases significantly, reaching -10oC 

at noon. Relative humidity follows the dewpoint temperature trajectories and ranges between 

(25%-78%). Between 1:00 – 7:00 strong south and south-east winds are observed reaching 

the speed of 12𝑚/𝑠, while pressure levels reach the lowest out of the 4 days (97.2 𝑘𝑃𝑎). In 

the afternoon wind speeds reduce. Throughout the day, horizontal infrared radiation has a 

mean value of 278.3 𝑊/𝑚2. 
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Figure 44. Autumn shoulder day (23/11) outdoor weather conditions. 

Observing the optimisation outcomes on 23/11, in both scenarios (α = 0.97 - Figure 45, α = 

0.99 - Figure 46 ), clothing is used to its maximum, receiving a value of 1.5 𝑐𝑙𝑜, and the PTHPs 

are enabled throughout the day. When α = 0.97, the PTHP thermostat is set below 20oC, and 

is used taking into consideration its effect on EC, as its value reaches the minimum allowed 

value (17oC), multiple times during the day. When α = 0.99, the thermostat value is always 

higher than when α = 0.97, only ever reaching below 20oC values, when outdoor radiation 

values are the highest. In general, the actions follow a similar pattern, with just the temperature 

value of the thermostat defining the trade-off between TC and EC. Blind and window actions 

are not utilized. 
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Figure 45. Autumn shoulder day (23/11) thermal zone conditions, occupant actions and the resulting 
thermal comfort and energy consumption, α = 0.97. 
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Figure 46. Autumn shoulder day (23/11) thermal zone conditions, occupant actions and the resulting 
thermal comfort and energy consumption, α = 0.99. 

5.3.5. Winter shoulder day analysis (09/02) 

During (09/02, Figure 47) outdoor air-dry temperature remains under 10oC and outdoor 

dewpoint temperature, remains below 0oC, with an observed mean value of -6oC and -2.7oC 

respectively. Again, outdoor relative humidity follows the patterns of dewpoint temperature with 

its lower values reaching 35%, during the time with high radiation. Outdoor pressure remains 

fairly stable, showing a similar value and trajectory as the outdoor pressure during the spring 

shoulder day. Strong northwest winds blow above 10𝑚/𝑠 in wind speed, are blowing after the 

14:00 hour mark. Horizontal infrared radiation has a mean value of 275.8 𝑊/𝑚2. 
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Figure 47. Winter shoulder day (09/02) outdoor weather conditions. 

During the winter shoulder day, observing the closed-loop simulation results , because of the 

harsh OWC, again in both explored scenarios (α = 0.969 - Figure 48, α = 0.99 - Figure 49), 

and because of its non-consumptive nature, clothing insulation, is utilised to the maximum 

value. Regarding, the operation of the PTHP, when α = 0.969 it is turned off twice to save 

energy, once at 1:30 (after a high 27oC thermostat value) only for a few timesteps, and once 

after 23:00 till the end of the day. In between, the PTHP is in operation with its thermostat 

values relatively stably set around the 17oC mark. In contrast, when α = 0.99, the PTHP system 

is in operation throughout the day. In the beginning of the day, higher initial thermostat values, 

above 22oC, are observed, while later on between 3:00 – 19:00 the thermostat values stabilise 

between 19oC-21oC. After 19:00, 4 peaks are observed, as the thermostat values alternate 

between 20oC and 23oC. Observing the OWC, this behaviour is probably related to the strong 

west-facing winds applied to the west facing thermal zone and window. Blinds and window 

actions are not implemented in either scenario. 
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Figure 48. Winter shoulder day (09/02) thermal zone conditions, occupant actions and the resulting 
thermal comfort and energy consumption, α = 0.969. 
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Figure 49. Winter shoulder day (09/02) thermal zone conditions, occupant actions and the resulting 
thermal comfort and energy consumption, α = 0.99. 

5.4.  Pareto Optimal Curves  

The objective functions of the optimisation problem under consideration consists of three 

terms: (i) TC maximisation, (ii) EC minimisation and (iii) HVAC operation stabilisation. As the 

closed loop simulation analysis has demonstrated, (i), (ii) contradict with each other, and 

therefore a Pareto curve is generated to depict a set of optimal results. The problem is solved 

iteratively for each of the 4 shoulder days plus the summer heatwave day, with varying values 

assigned to the parameter α of the objective function Equation (4). The α parameter represents 

the trade-off between (i) and (ii), and characterises optimal OB profiles, and their respective 

preferences. Notably α, only affects (i), (ii). The extend to which (iii) is considered, is defined 

by the ratio between the weighting coefficients 𝑄𝑅, 𝑅, (3.2.4, Equation (4)), which remains 

fixed throughout the iterative pareto curve derivation process. The Pareto curve graphs are 

produced by varying α from 0 to 1 mostly in increments of 0.001. In areas of interest, to obtain 

further insight, α is incremented by values as small as 0.0002. For each examined day the 

range of α’s is utilised that best depicts the trade-off and dynamics between (i), (ii). 

 

 



 

 

78 

 

 

Figure 50. Pareto curves for shoulder days showing the trade-off between comfort and energy use. 

During each of spring, autumn, winter shoulder day it is evident that by prioritising TC, EC is 

increasing in a non-linear fashion. Regarding the summer shoulder day though, it is evident, 

as mentioned in 5.3.2, that the non-consumptive adaptive TC actions in a lot of OB profiles 

(different α values) adequately cover the need for TC satisfaction and thus no energy is 

consumed. Only if the occupant preferences almost entirely focus on TC maximisation (Figure 

50) a shift towards EC is observed. Another day was examined, to investigate the Pareto 

curve, for extreme heat weather conditions during summer. Examining the summer heatwave 

day, it is evident that for occupants prioritising TC satisfaction (gradually higher α values), a 

gradual need for HVAC enablement and increased energy consumption is depicted Figure 51. 
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Figure 51. Pareto Curve for summer heatwave day showing trade-off between comfort and energy 
use. 
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6. Concluding Remarks and Future Work 

In conclusion, this study introduces a comprehensive framework (Figure 17) aimed at 

understanding and simulating the intricate interplay between occupant behaviour, building 

conditions, thermal comfort, and energy efficiency. By integrating innovative dynamic methods 

and focusing on interventions centred around occupants, this research significantly advances 

scholarly understanding in building energy efficiency and indoor environmental quality. 

The methodology employed integrates diverse techniques, including building energy 

simulations, occupant behaviour modelling, Python simulation coupling, machine learning 

methods, and mixed-integer optimisation. Notably, the optimisation process addresses the 

inherent challenge of balancing energy consumption minimisation with the maximisation of 

thermal comfort for the occupant, resulting in the derivation of optimised occupant behaviour 

profiles. 

Results from the closed-loop simulations (section 5.3) underscore the effectiveness of the 

framework in optimising building performance under varying outdoor and indoor environmental 

conditions, as well as occupant preferences. Analysis conducted on specific days, including 

shoulder seasons and a summer heatwave, illustrates how different occupant behaviour 

profiles (objective function weighting factors), impact thermal comfort levels and energy 

consumption. 

Moreover, the Pareto curves generated (section 5.4) through multi-objective optimisation 

provide valuable insights into the trade-offs between energy efficiency and thermal comfort. 

These curves depict how adjusting the weighting parameter, which governs the balance 

between these objectives, influences occupant behaviour profiles and overall building 

performance across different scenarios. 

In summary, this study makes a significant contribution to advancing occupant-centric 

approaches in building design and operation. By integrating considerations of occupant 

behaviour into building energy simulations and optimisation strategies, this framework offers 

decision-making support for stakeholders and communities committed to achieving low-

carbon goals. Ultimately, it facilitates the creation of healthier, more comfortable, and 

environmentally sustainable built environments. 

To advance the introduced Occupant Behaviour Optimisation framework and its application, 

several key steps could be undertaken: 
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Enhanced Thermal Comfort Modelling: Incorporating varying metabolic rate values based on 

occupant activities into the Predicted Mean Vote (PMV) calculation will provide a more detailed 

understanding of thermal comfort dynamics in relation to different levels of physical exertion 

and activity. 

Chance Constraints Optimisation: Integrating chance constraint optimisation techniques to 

maintain PMV and occupant clothing within predefined boundaries with a certain probability 

will ensure that thermal comfort and energy consumption remain within acceptable limits, 

accounting for uncertainties in occupant behaviour and environmental conditions. 

Incorporation of multiple thermal zones and multiple occupants: Considering, analysing and 

modelling the behaviour of multiple occupants within multiple thermal zones of a building to 

further investigate the dynamics between outdoor weather conditions, multiple thermal zone 

building indoor conditions, occupant movement, actions and interactions, to scale the 

framework to a more holistic approach.  

Application and validation to actual thermal zone: Deployment of the refined framework in a 

real-life thermal setting enables the validation of its performance in actual building-occupant 

dynamics scenarios. This validation process ascertains the model's accuracy and reliability in 

predicting building performance and occupant comfort under various conditions. 

Development of a User-Friendly Recommendation System: Restructuring the framework to 

create a user-friendly recommendation system will enable the provision of actionable insights 

and recommendations based on occupant behaviour analysis, building conditions, and 

environmental factors.  
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Appendix 

 

Figure 52. Vapor pressure calculation script. 
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Figure 53. Predicted Mean Vote script calculation. 
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Table 13. Garment clothing insulation acquired from [20]. 

Garment Description Clothing insulation 

(clo) 

Garment Description Clothing insulation 

(clo) 

Underwear  Dress and Skirts  

Bra 0.01 Skirt (thin) 0.14 

Panties 0.03 Skirt (thick) 0.23 

Men's briefs 0.04 
Sleeveless, scoop 

neck (thin) 
0.23 

T-shirt 0.08 

Sleeveless, scoop 

neck (thick), i.e., 

jumper 

0.27 

Half-slip 0.14 
Short-sleeve 

shirtdress (thin) 
0.29 

Long underwear 

bottoms 
0.15 

Long-sleeve 

shirtdress (thin) 
0.33 

Full slip 0.16 
Long-sleeve 

shirtdress (thick) 
0.47 

Long underwear top 0.2   

Footwear  Sweaters  

Ankle-length athletic 

socks 
0.02 

Sleeveless vest 

(thin) 
0.13 

Pantyhose/stockings 0.02 
Sleeveless vest 

(thick) 
0.22 

Sandals/thongs 0.02 Long-sleeve (thin) 0.25 

Shoes 0.02 Long-sleeve (thick) 0.36 

Slippers (quilted, 

pile lined) 
0.03   

Calf-length socks 0.03 
Suit Jackets and 

Vests 
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Knee socks (thick) 0.06 
Sleeveless vest 

(thin) 
0.1 

Boots 0.1 
Sleeveless vest 

(thick) 
0.17 

Shirts and Blouses  
Single-breasted 

(thin) 
0.36 

Sleeveless/scoop-

neck blouse 
0.12 

Single-breasted 

(thick) 
0.44 

Short-sleeve knit 

sport shirt 
0.17 

Double-breasted 

(thin) 
0.42 

Short-sleeve dress 

shirt 
0.19 

Double-breasted 

(thick) 
0.48 

Long-sleeve dress 

shirt 
0.25   

Long-sleeve flannel 

shirt 
0.34 

Sleepwear and 

Robes 
 

Long-sleeve 

sweatshirt 
0.34 

Sleeveless short 

gown (thin) 
0.18 

Trousers and 

Coveralls 
 

Sleeveless long 

gown (thin) 
0.2 

Short shorts 0.06 
Short-sleeve 

hospital gown 
0.31 

Walking shorts 0.08 
Short-sleeve short 

robe (thin) 
0.34 

Straight trousers 

(thin) 
0.15 

Short-sleeve 

pajamas (thin) 
0.42 

Straight trousers 

(thick) 
0.24 

Long-sleeve long 

gown (thick) 
0.46 

Sweatpants 0.28 
Long-sleeve short 

wrap robe (thick) 
0.48 
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Overalls 0.3 
Long-sleeve 

pajamas (thick) 
0.57 

Coveralls 0.49 
Long-sleeve long 

wrap robe (thick) 
0.69 

 

Table 14. Thermal Zone Information 

Zone Name EAST_2SMALLOFFICE 1 

North Axis (deg) 0 

Origin X-Coordinate (m) 4.41 

Origin Y-Coordinate (m) -7.68 

Origin Z-Coordinate (m) 5.37 

Centroid X-Coordinate (m) 5.81 

Centroid Y-Coordinate (m) -5.73 

Centroid Z-Coordinate (m) 6.72 

Type 1 

Zone Multiplier 1 

Zone List Multiplier 1 

Minimum X (m) 4.5 

Maximum X (m) 7.09 

Minimum Y (m) -7.58 

Maximum Y (m) -3.87 

Minimum Z (m) 5.37 
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Maximum Z (m) 8.07 

Ceiling Height (m) 2.7 

Volume (m³) 24.74 

Zone Inside Convection 

Algorithm 
TARP 

Zone Outside Convection 

Algorithm 
DOE-2 

Floor Area (m²) 9.16 

Exterior Gross Wall Area 

(m²) 
16.63 

Exterior Net Wall Area (m²) 14.23 

Exterior Window Area (m²) 2.4 

Number of Surfaces 9 

Number of SubSurfaces 1 

Number of Shading 

SubSurfaces 
0 

Part of Total Building Area Yes 
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Table 15. Thermal Zone Sizing information 

Zone Name WEST_2SMALLOFFICE 1 WEST_2SMALLOFFICE 1 

Load Type Cooling Heating 

Calc Des Load (W) 604.833 89.03931 

User Des Load (W) 695.55795 111.29913 

Calc Des Air Flow Rate (m³/s) 0.0492184 0.00402971 

User Des Air Flow Rate (m³/s) 0.0566012 0.00503714 

Design Day Name 

ANCONA ANN CLG .4% 

CONDNS DP=>MDB 

ANCONA ANN HTG 

99.6% CONDNS DB 

Date/Time of Peak 1/8/2024 17:30 1/2/2024 7:00 

Temperature at Peak (°C) 31.155 1.7 

Humidity Ratio at Peak 

(kgWater/kgDryAir) 
0.0194667 0.00434421 

Floor Area (m²) 9.1615 9.1615 

Calc Outdoor Air Flow Rate 

(m³/s) 
0 0 

Calc DOAS Heat Addition Rate 

(W) 
0 0 
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Table 16. Thermal Zone Nominal Internal Gains 

Zone Name WEST_2SMALLOFFICE 1 

Floor Area (m²) 9.16 

Interior Lighting (W/m²) 5 

Electric Load (W/m²) 6.5 

Gas Load (W/m²) 0 

Other Load (W/m²) 0 

Hot Water Eq (W/m²) 0 

Steam Equipment (W/m²) 0 

Sum Loads per Area 

(W/m²) 
11.5 

Outdoor Controlled 

Baseboard Heat 
No 

 

 


