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ABSTRACT 

 

IMPROVING INDOOR COMFORT THROUGH INDIRECT 

MEASUREMENT OF PHYSICAL ACTIVITY: A CASE IN 

SPORTS ENVIRONMENT  

 

 

 

Başçoban, Simay 

Master of Science, Building Science in Architecture 

Supervisor: Assist. Prof. Dr. Mehmet Koray Pekeriçli 

Co-Supervisor: Assist. Prof. Dr. Ayşem Berrin Çakmaklı 

 

 

 

April 2023, 144 pages 

 

Indoor environment conditions affect the wellness, health, productivity, happiness, 

and performance of the building's occupants. Physical activity spaces require 

specialized comfort parameters related to performed activity outcomes to achieve a 

comfortable sports process. In attempting to achieve an optimal interior comfort level 

for the average person, current building management systems use predetermined 

guidelines that depend on physical and physiological aspects. 

Floor vibrations, an indirect measurement that was intended, were recorded as 

acceleration values from the activity area utilizing smartphone-embedded sensors 

during synchronized group physical activities. The activity level periods are intended 

to be objectively estimated depending on the acceleration that was captured. The 

thesis approach is making general inferences about performing activity intensity 

within the space desired to capture depending on human-induced floor vibrations. 

Heart rate monitoring is used to detect the actual physical intensity as a validation 

for the acceleration-based approach to a rough activity intensity estimation.  
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To evaluate the relationship between floor vibrations and the degree of physical 

activity, two time series data have been analysed using wavelet-based analysis 

techniques. 

The synchronization of building management and automation systems and space-

based real-time collected occupant data may be the solution to generate comfortable 

interior physical activity environments. A foundation for efficiently monitoring 

intelligent building systems is offered by activity intensity estimation of the 

collective motion data that has been captured from performing space. 

 

Keywords: Intelligent Building, Human-Building Interaction, Floor Vibration, 

Acceleration, Physical Activity Intensity
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ÖZ 

 

İÇ MEKÂN KONFORUNUN FİZİKSEL AKTİVİTE YOĞUNLUĞUNUN 

DOLAYLI ÖLÇÜMÜ İLE İYİLEŞTİRİLMESİ: SPOR ORTAMINDA BİR 

VAKA ÇALIŞMASI   
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Tez Yöneticisi: Dr. Öğr. Üyesi Mehmet Koray Pekeriçli 

Ortak Tez Yöneticisi: Dr. Öğr. Üyesi Ayşem Berrin Çakmaklı 

 

 

Nisan 2023, 144 sayfa 

 

Yapılı çevre koşulları, bina kullanıcılarının sağlığı, üretkenliği, mutluluğu ve 

performansı için hayati öneme sahiptir. Fiziksel aktivite mekânları, konforlu bir spor 

süreci elde etmek için gerçekleştirilen aktivite sonuçlarından dolayı özel konfor 

parametreleri gerektirir. Mevcut bina yönetim sistemleri, ortalama bir insan için en 

uygun iç mekân konfor seviyesine ulaşmaya çalışırken, fiziksel ve fizyolojik 

parametrelere bağlı, önceden belirlenmiş yönergeler kullanır. 

Dolaylı bir ölçüm olması amaçlanan zemin titreşimleri, senkronize grup fiziksel 

aktiviteleri sırasında akıllı telefona gömülü sensörler kullanılarak aktivite alanından 

ivme değerleri olarak kaydedilmiştir. Aktivite yoğunluk seviyesi periyotlarının, 

ölçülen ivmeye bağlı bir şekilde, objektif olarak tahmin edilmesi amaçlanmaktadır. 

Tez yaklaşımı, insan kaynaklı zemin titreşimlerine bağlı olarak yakalanmak istenen 

mekân içerisinde aktivite yoğunluğunun gerçekleştirilmesi hakkında genel 

çıkarımlar yapmaktadır. Kalp atış hızı izleme, aktivite yoğunluğu tahminine 

ivmelenme verisine dayalı yaklaşımın bir doğrulaması olarak gerçek fiziksel 

yoğunluğu tespit etmek için kullanılır. Zemin titreşimleri ile fiziksel aktivite derecesi 
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arasındaki ilişkiyi değerlendirmek için dalgacık tabanlı analiz teknikleri kullanılarak 

iki zaman serisi verisi analiz edilmiştir. 

Bina yönetimi ve otomasyon sistemlerinin ve mekân bazlı, gerçek zamanlı toplanan 

kullanıcı verileri senkronizasyonu, konforlu iç mekân fiziksel aktivite ortamları 

oluşturmak için çözüm olabilir. Akıllı bina sistemlerini verimli bir şekilde yönetmek 

için bir yaklaşım, fiziksel aktivite alanından yakalanan toplu hareket verilerinin 

etkinlik yoğunluğu tahmininde kullanılması ile sunulmuştur.  

 

Anahtar Kelimeler: Akıllı Bina, İnsan-Bina Arayüzü, Zemin Titreşimi, İvmelenme, 

Fiziksel Aktivite Yoğunluğu  
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CHAPTER 1  

1 INTRODUCTION  

The occupants are now a key concern for building systems in the new global 

architectural approach. In intelligent buildings, occupant satisfaction is crucial in 

addressing the problem of human-building interaction. This study focuses on the 

involvement of occupant physical activity in building controls by detecting floor 

vibrations in intelligent buildings, based on research gaps and observed demands. By 

increasing the occupant participation in building control systems, occupant-centred 

approach aims to design by the implementation of functional, comfortable, pleasant, 

and safe space considerations. This study refers to previously published studies, 

modern methods, emerging technologies, research trends and knowledge gaps in 

occupant comfort in the built environment with an emphasis on indirect physical 

activity assessment in intelligent buildings.  

The problem definition and the motivation for the study are presented in this chapter, 

with relevant background data and the study's contribution. The study's objectives 

are underlined, and a list of the research questions that led to this topic's investigation 

is provided. Finally, the paper's structure is presented for simple thesis follow-up. 

1.1 Motivation and Problem Statement 

Controlling indoor physical activity spaces often involves the use of innovative 

building technologies. Intelligent building management systems depend on 

guidelines with standard values to operate properly during daily activities (i.e., 

walking, cooking, cleaning), workplace activities (i.e., office work, meetings), 

physical activities (i.e., sports, workout, dance). This approach proposes an average 

ranking for indoor comfort and energy efficiency. However, the current standards to 
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provide indoor environmental comfort fail in real situations. Personal differences are 

ignored in current building management systems, and average predetermined guides 

are not universally appropriate for actual dynamic changing conditions of space and 

people. The intensity differences occur during many activity types; however, current 

systems in physical activity spaces depend on standard predetermined values in the 

whole exercise process.  

Dance studios, gyms, and halls for martial arts, yoga, Pilates and other activities all 

demand different comfort standards than usual. Humans release heat during exercise 

to maintain a stable body temperature. The temperature of the activity area rises as 

heat is released, and each person feels warmer. Therefore, recommended indoor 

temperature for comfort during exercise is lower than in everyday living conditions. 

However, because the performer is involved in an activity or has a scheduled, 

coordinated practice, using mobile phone interfaces or embedded physical interface 

systems to change indoor parameters such as heating or ventilation is not an efficient 

strategy for these contexts. When dancing, for example, the specified interaction type 

to provide comfortable conditions at the time necessitates stopping practice to 

interact with an interface and make system adjustments. In reality, the instructor not 

engaging in physical activity adjusts the general indoor environment parameters. 

However, due to variances in movement, a static person's perception of heat is 

different from a performer. This strategy results in unsatisfactory indoor 

environments and causes health problems in the long term. 

The observed limitations and absences in the literature are explained. These 

observations have directed this thesis through the applied approaches in the 

literature. Although there are recommendations for maintaining interior spaces 

comfortable, many don't consider how occupant activities and the conditions of the 

space interact. Current approaches to utilizing occupant data raise questions about 

privacy, cost, and required expertise. As one example, wearable sensors, a common 

instrument for data collection, limit performers' movements; the users are aware that 

they're being watched and are designed to gather data just from an individual. 

Collecting collective data is possible only if all occupants employ a wearable sensor.  
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In a physical exercise setting, as a result of the relationship between feet and the 

ground, the people in the room inevitably impact the floor. The floor's surface 

vibrates with each footfall regardless of the type of activity. The management of 

building systems may benefit from using this simple occupant data. This study 

conducts an indirect measurement method to capture this data. The reasons for the 

selection of this method are explained. The benefit of indirect measurement is the 

ability to record movements without the performers being aware of it and no need 

for carrying any devices. Adaptable indoor parameters depending on the performed 

activity within the area may emerge from monitoring the building system without 

inhibiting users during exercise with a wearable device or cameras. Real-time 

indirect measures to determine activity intensity may result in coordinated changes 

to the building management system's ventilation or temperature controls. 

This thesis argues that indirect evaluations of floor vibration data can help 

recognizing group physical activities without limiting or distracting the performers 

during an activity. Extracting valuable data from groups of people rather than from 

individuals to make meaningful inferences from the collectively gathered data is 

aimed. The evaluation process uses collective vibration data, and individual 

disparities in produced vibration are not considered. 

The requirements of people should be determined from spaces in real-time using an 

indirect measurement approach. This study proposes to use smartphones for the 

indirect measurement of vibration levels since they are convenient and affordable for 

managing real-time operations. Smartphones are an excellent option for several 

reasons, including their ease of use, portability, affordability, and widespread use by 

people of all ages. Despite certain limitations, smartphones are useful tools for 

collecting initial data and evaluating it. According to the literature review, 

smartphone accelerometer sensors are precise enough for the initial readings of 

vibration levels on sports hall floors. Ability to use WiFi for data processing or 

storage also allows for the creation of interactions with other systems. Therefore, the 

study's favoured method for gathering acceleration data is smartphone-embedded 

accelerometer sensors.  
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The study assumes that high resolution floor acceleration data reflects active 

vibration levels, thus the level of activity by the users. In other words, higher floor 

acceleration values correspond to more intensive training. Actual exercise intensity 

periods can be determined for validation of the proposed system by collecting data 

from heart rate sensor equipped wearable smartwatches. Smartwatches are 

recommended because they are simple to use and they provide reliable heart rate 

measurements. In this study, the heart rate and floor acceleration data were 

correlated, and their relationship was investigated to determine if floor acceleration 

is a good indicator of activity intensity.  

The contributions of this thesis are examined. Acceleration is used in literature for 

structural monitoring, activity monitoring, activity recognition, occupancy detection, 

health monitoring, and sleep regulation. While floor acceleration-based studies in 

built environments typically include structural assessment and monitoring research 

in the existing literature, evaluation outputs of the floor acceleration are supplied for 

use in real-time building automation system management in this study. Wearable 

sensors are widely used in physical activity to capture acceleration data, 

concentrating on individual data. In contrast to the searched literature, this thesis 

focuses on collective movements that include synchronized activity for activity 

intensity detection. Additionally, in contrast with the majority of publications from 

the literature, this thesis utilizes smartphone-integrated accelerometer sensors. 

Studies specifically focused on occupant comfort and energy efficiency using 

professional accelerometers that were deployed or worn, and machine learning 

algorithms are predominant in the literature for assessing activity intensity. 

1.2 Objectives of the Research 

This thesis aims to propose a method for adjusting indoor environmental parameters 

(i.e., temperature, air velocity, CO2 levels) by sensing collective human movements 

using an indirect measurement approach and adopting floor acceleration-dependent 

activity intensity estimations. 
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Using simple and easy to access devices, the intention is to provide rough and general 

inferences about occurring activity intensity within a space with some preliminary 

measurements of floor vibrations. The proposed automation system can the integrate 

the outputs of the activity sensing system with existing building systems, and 

decrease in the building energy consumption and optimize indoor conditions leading 

to more comfortable indoor spaces.  

The proper research objectives are stated below: 

• Discovery of current approaches, methodologies, and technologies in 

physical activity research and practices in terms of the built environment and 

indoor comfort 

• Exploration of the current strategies in the design and construction of sports 

and fitness facilities 

• Investigation of physical activity detection and assessment methods  

• Discovery of techniques for gathering heart rate and floor acceleration data 

• Examining the relationship, if any, between the heart-rate and the physical 

activity space floor acceleration data 

• Discussion of the potential of managing buildings' HVAC systems based on 

floor accelerations  

1.3 Research Questions 

The questions that have formed and are guiding the research for this thesis are 

listed:  

• Is it possible to detect physical group activity in sports facilities utilizing an 

indirect assessment technique? 

• Is there a relationship between the direct physical activity measurements and 

the indirect activity measurements of people exercising? 
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1.4 Paper Organization 

The remainder of this research report is structured as follows. This thesis consists of 

six chapters. In the introduction, the thesis problem is clearly described, and the 

motivation for the research is presented. The purpose of the study is revealed, and 

the research questions that will direct to the thesis are listed. The paper's structure is 

explained to maintain an easy-to-understand presentation of the study's input and 

outputs. 

Chapter Two, Literature Review Section, begins by outlining the theoretical 

background aspects of the research, and reviews about related topics are conducted 

from the literature. Literature Review considers interactions between buildings and 

occupants, interfaces, current building systems, intelligent buildings, physical 

activity spaces, indoor comfort conditions, and related subjects. The technologies 

currently being developed for building management and automation system 

regeneration are investigated, and conclusions are provided with supporting details. 

The study's methodology is well-detailed in Chapter 3, Research Methodology. The 

experiment design is presented, and the experiment session process is explained, 

including participants, contexts, and used devices during the experiment. The 

experiment findings are presented under Findings and continued by the evaluation 

of the study in the Discussion Chapter. The study's potential and limitations are 

highlighted in the Conclusion Chapter. The study is completed with concluding 

remarks, recommendations, and future directions for further research.



 

 

7 

CHAPTER 2  

2 LITERATURE REVIEW 

The Literature Review Chapter will provide a comprehensive overview of recent 

research on various tools, methodologies, approaches, and outcomes related to 

human-building interaction in the physical activity field. The developed background 

for the thesis is explained in more detail. 

The vast majority of the time is spent indoors. Building conditions affect inhabitants' 

well-being, productivity, happiness, and health; whereas, people physically affect 

space conditions, including temperature, acoustics, and CO2 intensity. People and 

spaces constantly interact with each other and have a direct feedback loop on one 

another. There is a vicious cycle of causes and effects between them, as shown in 

Figure 2.1. This undeniable connection calls for improvements in occupant 

satisfaction and comfort issues in spaces, as well as the design and operation of 

building systems. 

 

Figure 2.1. Spaces-occupants interaction loop 
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Some spaces, including dance studios, gym facilities, or other places that offer space 

for physical activity, such as yoga, zumba, and martial arts. Depending on the 

movement inside the area, some places require particular conditions that should be 

carefully managed by building systems.  

Many indoor environmental characteristics, such as indoor temperature, humidity, 

air velocity, etc., are regulated by building management and automation systems. 

Building automation systems in spaces are adjusted or monitored to create 

comfortable interior spaces for people based on standards like ASHRAE 55 and ISO 

77. In order to determine whether the indoor environmental factors reached the 

standard levels in real-time, sensors were added to the monitoring systems. Given 

the absence of comfortable indoor spaces and the shortcomings of the existing 

methods in the functioning of the physical activity spaces observed, investigated, and 

considered the main research context in this study. The infrastructure, health, 

security, and privacy topics are further explored. 

In this study, an analysis of building occupant inputs was used to quantify indoor 

activity parameters indirectly. A valuable source was presented by studying the 

relationship between synchronized activity intensity and floor vibrations caused by 

people. The level of physical activity is aimed to estimate using indirect 

measurements roughly. This technique can modify indoor comfort settings using the 

real-time data on floor vibrations acquired without distracting the occupants. 

In the realm of sports research in the built environment, this study reviews the 

literature on intelligent building, user-building interaction, user comfort and 

satisfaction, sports spaces, data collection, and assessment. Databases were scoured 

for the terms human-building interaction, user/occupant-building interaction, 

building systems, intelligent buildings, building system interfaces, floor vibrations, 

physical activity spaces, sports spaces, and related topics. 
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2.1 Intelligent Buildings 

As they move toward the user and environment, intelligent building concepts are 

spreading and attracting attention. Advancements in novel materials and sensing, 

monitoring, and networking technologies are crucial for developing intelligent or 

smart systems in the civil structure business. Technology advancements, automated 

operations, and management are all incorporated into intelligent buildings. Buildings 

managed intelligently can operate more adaptable, develop interactive relationships 

with occupants, and use energy more efficiently. The efficient use of resources, 

improved occupant health and wellbeing, diminished environmental impact, 

improved security and privacy, decreased operational expenses and increased user 

satisfaction are all enabled by intelligence. The wise use of energy resources directly 

impacts a building's energy consumption and operating costs.  

As an intelligent building, it's critical to maximize building energy efficiency and 

reduce energy costs. Energy and the environment, space flexibility, cost-

effectiveness, client comfort, work efficiency, safety, culture, and technology are 

among the quality condition criteria for intelligent buildings (Li et al., 2020). The 

key performance indicators of intelligent buildings are identified by 

Ghaffarianhoseini et al. (2016) as smartness and technological-driven awareness, 

economical and cost efficiency, social sensitivity, and environmental 

responsiveness. The close field, intelligent architecture, encompasses the following 

areas: intelligent design, effective and intelligent technology utilization, and 

intelligent building use and maintenance (Wang, 2009). Wang (2009) divided the 

focus of intelligent structures into two categories: detection of structural features like 

energy use, deformation or damage evaluation, and the structure's response to 

external and internal parameters like wind, earthquake, temperature, and acoustics. 
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Figure 2.2. Profits of intelligence to the buildings 

The definition of an Intelligent Building (IB) is not universal. There is no accepted 

definition or conceptualization of an intelligent building worldwide (Wang, 2009). 

The lack of a broad definition is consistent with past findings referred by Omar 

(2018). To develop a comprehensive explanation for IB, the researcher underlined 

that there is no established definition of intelligent building in the literature. Omar's 

research has led him to the conclusion that "intelligent building" is a term that 

encompasses issues related to user comfort, energy, and environmental conservation, 

as well as safety and security. Wang (2009) defined it as a building that provides 

users with a responsive, efficient, and supportive environment. When terminology is 

used, its explanation is not crucial; instead, what matters is that people accept and 

comprehend the terms.  

The 1990s were pivotal in developing digital technology, computer systems, and the 

Internet's penetration into daily life. The term "smart building" has evolved due to 

these advancements, becoming more energy-efficient, practical, and intelligent, and 

used interchangeably with the term intelligent buildings. The history of the 

intelligent building development process is summed up by the pyramid produced by 

Wang (2009). 
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Figure 2.3. Intelligent building pyramid (Wang, 2009) 

The construction industry's future will be represented by intelligent buildings (Omar, 

2018). Omar (2018) claims that intelligent buildings and related concepts are 

evolving as the newest trend of the contemporary day with the goal of intelligent 

control of buildings. Intelligent buildings are the result of integrating information 

and control technology into conventional structures and the future course of new 

construction, according to H. Lee et al. (2009).  

Lazarova-Molnar & Mohamed (2017) presented that smart buildings feature 

technologies for occupant comfort and energy optimization. Information and 

communication technology, embedded sensors, automation, and high-tech systems 

are essential components of intelligent buildings (Ghaffarianhoseini et al., 2016). 

Parisi et al. (2021) highlighted the significance of information and communication 

technologies in the management, modelling, and planning of intelligent buildings in 

architecture, engineering, and construction. The review outlines the tools and 

techniques used by information and communication technology in intelligent 

buildings. Franco (2020) summarized the ICT systems integration into building 

HVAC system of the building, as shown in Figure 2.3. 
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Figure 2.4. Communication Technologies feedback on HVAC systems (Franco, 

2020) 

Supporting the idea of literature, various interests, and the significance of users and 

the environment drives the evolving intelligent building concept. Wang (2009) 

identifies four demands from intelligent buildings: structure, system, service, 

management, and relationship optimization. Performance, services, and system-

based characteristics are the three subcategories of intelligent building features are 

categorized by the author. 

Users' intended needs for pleasant spaces and environment-conscious structures 

should be presented through an intelligent building. To satisfy the inhabitant's 

expectations and demands, an intelligent building should adjust to unstable interior 

and external conditions. For sustainable development, the method must be 

compatible with the resources, the people, and the performance. Intelligent building 

benefits include regulating the building, enabling user comfort and happiness, 

enticing administrative services with cost-saving measures, and offering adaptable 

and well-suited solutions to various working, living, and commercial needs. Based 

on their demonstrated functionality, certain buildings without technical systems can 

be deemed intelligent. However, the building's intelligence is only effective when 

the technologies and building management are reliable and available (Aristidou et 

al., 2015). The integration of technology and building management systems was 

highlighted by the authors. 

People have a variety of needs from their surroundings; including privacy, energy 

efficiency, comfort, quietness, lighting, and security (Muheidat et al., 2017). 
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People perceive comfort differently, and physiological, psychological, and cultural 

factors influence their satisfaction levels. By enhancing user pleasure and quality of 

life, user-centric design is crucial for sustainable and healthy living conditions 

(Ghaffarianhoseini et al., 2016). 

Over the years, occupant pleasure has become the central focus of intelligent 

buildings instead of technical adaptability. Smart design Topak and Pekeriçli (2020) 

addressed user-centred interactive design embodiment in a building. With the 

advancement of technology, intelligent buildings have concentrated on the need for 

a higher quality of life (Li et al., 2020). The research's main area of interest is 

interaction design in smart buildings, which promotes intelligent buildings to 

advance a sustainable way of life. The "people-oriented" design philosophy is used 

in intelligent buildings. Traditional technologies don't communicate with users, 

restricting their use and making intelligent building techniques uncomfortable. The 

interaction and effective transfer of information on buildings or occupants are greatly 

aided by digital technology. The 2.2 Overview of Human Building Interaction 

section of this thesis thoroughly reviews the interaction between the building and 

people. 

The multidisciplinary nature of intelligent buildings requires contributions from 

multiple disciplines, including engineering, architecture, information technology, 

structure, environment, services, management, psychology, and sociology. 

Additionally, economic and cultural considerations influence intelligent buildings' 

design, development, and application. Topak and Pekeriçli (2020) have underlined 

that a broader range of applications in construction practice is now possible due to 

the drop in costs of technological background, particularly in sensor technology. 

2.2 Overview of Human Building Interaction 

Architecture, engineering, and construction professionals and researchers are now 

incorporating the fields of human-computer interaction thanks to developments in 
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computational technologies, augmented reality, virtual reality, and the integration of 

artificial intelligence, machine learning, and deep learning algorithms. Instead of 

only providing energy management, human-building interaction produces an 

interactive element from the building by embodying intelligence and interaction 

networks.  

The building's indoor conditions influence users through various stimuli, including 

light, sound reflections, heat radiation, etc. When there is an occupant, this 

connection exists. These effectors cause the user's physical and psychological 

changes, inevitably creating an interactive space. Nembrini and Lalanne (2017) 

discusses interactive spaces in depth. 

The essential idea of human-building interaction is typically decentralized, as stated 

by Orlandi et al. (2020). Practices concentrate on technical advancements in building 

systems even though user comfort and health should also be taken into account 

besides energy efficiency.  

 

Figure 2.5. Thermal sensation in buildings (Djongyang et al., 2010) 

High-tech system integration alone is insufficient to create an intelligent 

environment in buildings; instead, people must be satisfied for systems to function 

correctly. Identifying psychological demands affects how interactions are designed, 

improving life quality and comfort through information exchanges between people 
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and computers. Effective communication with the building is required to produce 

satisfactory intelligent spaces and sustainable life by considering users' demands, 

motivations, and feelings. Intelligent spaces and interactive experiences in smart 

building system is explained by Li et al. (2020) with a focus on visual, auditory, 

tactile, emotional, and cognitive interactions. According to the authors, a successful 

interactive experience can be achieved by building a connection between interactive 

intelligent experiences and information transmission using theories from cognitive 

psychology, design psychology, and other related fields (Li et al., 2020).  

 

 

Figure 2.6. Smart building system (Li et al., 2020) 

As Topak and Pekeriçli (2020) stated, building occupants; are highly effective on 

buildings and shape interior conditions. Although the conditions in space do not 

always match people's necessities and demands, people often adjust by altering the 

effective components according to their physical and physiological necessities and 

needs. Schnädelbach et al. (2019) claim that there is a feedback loop between an 

individual's and a building's behaviour. Human in-loop controls are appropriate for 

continued real-time communication between people and building systems. Alavi et 

al. (2019) discussed the development of human-built environments as a subfield of 

human-computer interaction and terminology closely related to interactive human 

experiences in built environments in the future.  

It is essential to investigate the feedback network generated by all interactions to 

identify possibilities and risks in the building management system.  
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Moreu et al. (2020) discussed smart buildings that use engineering and technological 

advancements to improve human-structure interaction by informing occupants about 

behavioural patterns and structural or environmental data.  

 

Figure 2.7. The feedback loop between humans and buildings (Nembrini & 

Lalanne, 2017) 

While most current study focuses on structural loads, smart structures allow for 

human-structure interaction and involvement of occupant behaviour or occupancy 

patterns. Jia and Srinivasan (2016) criticised the ignorance of building occupants as 

the main contributor to energy expenditures as an example effect on buildings while 

the literature mostly focusing the building envelope and systems. It is well 

established that user participation in building energy calculations or design 

procedures presents challenges due to humans' stochastic nature. However, 

excluding users from the process and concentrating on system energy optimization 

will not lead to energy savings. Energy-efficient structures and user behaviours are 

closely tied to human-building relations. Optimizing human behaviour is a 

successful strategy for reducing a building's energy use. The benefits of taking 

human behaviour into account in buildings include increased comfort and 

satisfaction and, energy efficiency, decreased expenses. Schrack et al. (2018) 

emphasized human behaviour's importance in light of its unavoidable effects on 

building users and buildings. It is challenging to anticipate upcoming interactions 
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due to the stochastic character of human behaviour. The relationship between human 

behaviour and cognitive processes and human-computer interaction was underlined 

by Park et al. (2019). Considering the main user or user group in the building design 

process is critical. Interaction modelling must be supported during the design and 

operation phases to be visualized and integrated with the design to comprehend the 

desired interaction accuracy and performance tests.  

By focusing on knowledge and responsible behaviour concerning energy usage, 

occupant presence and behaviour that affect energy usage during building 

consumption are mentioned by Shahabpoor et al. (2016). The hazards and 

opportunities of occupant behaviour in terms of a building's energy usage were also 

identified by Lazarova-Molnar and Mohamed (2017). Conscious user behaviour 

could reduce a building's energy usage (Lazarova-Molnar & Mohamed, 2017).  

 

Figure 2.8. Building control framework (Topak & Pekeriçli, 2021) 

Various techniques are used to gather data on human behaviour, such as observing 

human behaviour or using computational models. To expand building services and 

support engineers, designers, and other specialists working on intelligent building 

mechanisms to accomplish user-centric approaches. Various data-gathering 

techniques have been improved to replicate human behaviours in computational 

simulation models. Advanced computer technologies can improve interaction, yet, 
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they encounter uncertainties in the inputs from human behaviour, leading to variable 

results. The monitoring of occupant behaviour may reveal data on energy 

consumption, which encourages energy-conscious behaviour and helps precise 

models of the buildings mentioned by  Lazarova-Molnar and Mohamed (2017). In 

human-computer interaction, Dalton et al. (2016) discussed task structures, cognitive 

processes, and human behaviour analysis. 

Occupancy-based control systems concentrate on the presence or absence of users, 

while behaviour-based systems concentrate on occupant interactions in buildings. 

Building systems are divided into occupancy and behaviour-based categories by 

Park et al. (2019).  Studies based on occupancy are more prevalent than those based 

on behaviour by the authors. 

Occupants frequently communicate with the systems by opening a window, altering 

the lighting intensity, and other actions. At the same time, some implementations do 

not allow window adjustment but provide an interface to operate building systems 

with the variation of the level of automation. Automation systems are equipped with 

cutting-edge technology and are motivated by energy efficiency in building 

automation management (Nembrini & Lalanne, 2017). Building system automation 

is critical because it affects how well users and building management systems 

interact. The energy efficiency solutions must be tested with quantitative 

measurements to successfully operate building automation systems without 

disregarding user behaviour. Interaction design, automatic system-level 

modifications, and optimizations must be thoroughly examined for building systems 

to function as intended. Nembrini and Lalanne (2017) discussed fully automated 

buildings and mentioned how they affect people negatively. Full automation causes 

sick building syndrome and a sense of being under control. Automated systems have 

been discussed and reported that they take control of the user and pose a risk to their 

pleasure if the system doesn't fulfil their needs. Automation systems lack the ability 

to perceive absence, which wastes energy, and standardized or mean preferences are 

adjusted in systems without taking an individual approach. The successful system 

allows user manual modifications in automated systems. If low levels of automation 
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are coupled with unsuitable user behaviour, the proper operation of building systems 

is put at risk. Building management system problems are caused by low automation 

and inappropriate behaviour emphasized by Lazarova-Molnar and Mohamed (2017). 

According to the authors, low automation levels typically raise risks, whereas higher 

automation levels minimize management risks and have a more significant 

opportunity for careful behaviour. In their research, these critical phases in building 

management are explained in more detail. They underlined the composing 

opportunities as helpful information for building management attempting to identify 

occupant behaviour effects in smart buildings regarding interaction and automation 

level relation in systems. Higher automation requires additional sensor devices, data 

storage capacity, data analysis algorithms, decision-making algorithms, and machine 

learning applications to improve comfort and energy optimisation. Machine learning 

algorithms are applied in several cases to manage building systems. The collected 

historical data train the algorithm to provide the aimed task. These approaches are 

data-dependent, and their usage makes building data more reachable. There are 

various examples of machine learning or artificial intelligence optimising building 

systems, but they are out of this thesis's scope. 

 

Figure 2.9. Building automation requirements 
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Culture, age, gender, as well as biological and psychological factors, are all 

influenced by perceived comfort. The user's perception of comfort is the translation 

in the user's mind of a bodily reaction to comfort sense that depends on cultural and 

psychological factors (Nembrini & Lalanne, 2017). Human comfort criteria in 

buildings have been the subject of extensive research, and the parameters were 

classified in terms of comfort effectiveness. By taking into account various user 

characteristics and necessary variable interaction kinds, Li et al. (2020) emphasize 

the people-oriented approach in smart design. Personal data dependent monitors 

were supported in lighting, air conditioning, and spatial arrangements in spaces S. 

Lee et al., 2021). Within the test case studies, the literature has used chiefly 

individuals. The differences between subjective and measured comfort on an 

individual and environmental scale are highlighted by the authors. The need for user-

focused case study research, particularly in public settings, is mentioned by Park et 

al. (2019). It is crucial to comprehend how people react to external stressors and in 

what circumstances to understand the impacts of comfort on health (Bluyssen, 2013). 

The body, mind, and spirit all perceive and react to changing external circumstances. 

Each person responds differently to various situations depending on context, history, 

and other factors. About interactions between people and buildings, a study by 

Ozcelik et al. (2019) aims to comprehend perceptual decision-making under 

multimodal discomfort settings. Emphasis was on the variety of occupant 

preferences. The authors set out to evaluate people's choices under various comfort 

levels. Customised, individual conditioning systems can accommodate multiple 

selections in the same indoor environment (Ozcelik et al., 2019). This study focuses 

on how people physically react when their surroundings change, such as when a 

thermostat, blinds, or lighting system is modified. Measurement of the human body's 

reaction to temperature and visual discomfort in a single-occupancy office has been 

tested. The study results agreed with previous research about occupant preference 

variabilities regarding comfort perceptions.  

Numerous researches have concentrated their attention on energy consumption. 

From a human-centric standpoint, some research has focused on indoor 
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environmental quality and human comfort concerns. It has been noted that there is a 

research gap on the link between comfortable spaces and building energy savings. 

Innovative and open-minded constructions open possibilities for more adaptable 

management and sustainable strategy. The next stage might be to adjust building 

systems following environmental and user conditions by implementing a user-

building interface. The physical interfaces of the building addressed by Aristidou et 

al. (2015) alter interior conditions following user choices. Schemas, diagrams, and 

models are some of the most well-known tools for evaluating how building systems 

interact with people. Interfaces help users better understand the information that 

building systems deliver to them (Ziagkas et al., 2021). Architects' inspiration is 

based on their preparation for human-computer interaction (Krukar et al., 2016). 

Digital systems usability, the most frequently used human-computer interaction, 

depends on three categories: user characteristics, task properties, and system features 

(Krukar et al., 2016). 

Regarding human-computer interface and user experience, task analysis, behavioural 

scenarios, interviews, focus groups, prototypes, card sorting, and personas are 

explained by Krukar et al. (2016). The interaction type established while designing 

public structures for different user groups is critical. Surveys or user interviews with 

actual users can identify persona characteristics. Persona is a user group archetype 

that could be a helpful tool for user-centred design. Interaction design is essential 

throughout the design or post-occupancy evaluation phases.  

Meaningful human-computer interaction is essential by offering practical, simple-

to-use, intelligible communication with building systems and enriching the 

beneficial effects of intelligence on people and the building. Variable systems were 

suggested by Jarvis and Kulig (2015) to improve the interaction between people and 

buildings. For occupant comfort-based interactions, new interfaces are indicated by 

the human-computer interaction sector. Using graphs or scheme models to present 

occupant energy information is a popular trend. The interfaces are designed media, 

and some offer a mechanism that relies on feedback. According to previous research, 

the feedback system provides a possible field for improving building systems. 
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A feedback mechanism to affect an occupant's behaviour may provide guidance and 

goal-driven feedback effectively influences immediate actions (Goubran et al., 

2021). The technological interfaces of intelligent building management systems are 

relatively difficult for regular people to use, which results in improper system 

utilization and unexpected building operation outcomes. A lack of technological 

knowledge makes it difficult for building occupants to interact with systems. 

Ordinary people are unfamiliar with technological interfaces, which might lead to 

management-related technical issues (Aristidou et al., 2015). 

Regarding controlling system communication, occupants' poor satisfaction was 

triggered by their lack of understanding of the system, which also affected their sense 

of control and pleasure. Exo building illustrates how people and structures can 

interact using the breath as an input. Synchronously, the building takes shape when 

the user breathes. The interactions' design, implementation, and operation require 

varying information from multiple disciplines. Various stakeholders' involvement is 

referred to as necessary by Schnädelbach (2011) because of their backgrounds and 

valuable contribution. 

To provide practical and effective interactions with occupants, IoT technology and 

adaptable ecologies are necessary instruments (Moreu et al., 2020). The study by Li 

et al. (2020) underlined the potential of 5G technology, the Internet, and the Internet 

of Things (IoT) in intelligent buildings regarding the economy, speed, and 

technological efficiency.  

2.3 Building Systems in Activity Spaces regarding Comfort 

Building systems seek to improve life quality by improving space quality. The term 

"life quality" describes the standard of the places where people spend their time. 

Comfortable spaces are essential for users to be happy, successful, and in good 

mental and physical health. The sensation of comfort is experienced when the skin 

is dry, the body temperature is in a specific range, and the physiological effects of 
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regulation are at their lowest (Djongyang et al., 2010). For creating comfortable 

indoor conditions, indoor air quality and visual, thermal, and acoustic aspects are 

essential. Building systems intended to react to changing environmental conditions.  

Only thermally pleasant spaces can offer healthy, productive, and satisfactory 

environments. ASHRAE defined thermal comfort as “the condition of the mind in 

which satisfaction is expressed with the thermal environment.” (Djongyang et al., 

2010). Faghihimani and Hosseini (2022) emphasized the significance of thermal 

comfort for the quality of indoor spaces and, consequently, for the efficiency, 

effectiveness, and quality of life of occupants. Standards are utilised in construction 

practice to provide average comfortable and satisfactory indoor environments in 

terms of temperature, air velocity, humidity, etc. Thermal comfort standards and the 

conducted strategies are responsible for building energy consumption, hence 

sustainability in the built environment. Standards are appropriate in static thermal 

conditions, and a well-defined thermal range is reported as comfortable depending 

on age, sex, and race. The standard ensures thermal comfort for a group of people 

within a specified area by allocating an average value. The predetermined criteria 

depend on the thermal satisfaction of a minimum of 80% of space occupants 

(Djongyang et al., 2010). ASHRAE and ISO are the most widely used standards that 

depend on human heat exchange analyses in the climates of North America and 

Northern Europe (Djongyang et al., 2010). ISO 77 and ASHRAE 55 are two often 

used indicators to gauge comfort or discomfort benefits from two indexes: the 

Predicted Mean Vote (PMV) and Predicted Percentage Dissatisfied (PPD). The 

PMV-PPD model of Fanger’s is the current most widely used evaluation approach 

to improve indoor thermal conditions in buildings. The American Society of Heating, 

Refrigerating and Air Conditioning Engineers (ASHRAE) Standard 55-Thermal 

Environmental Conditions for Human Occupancy is the basis for the PMV model, 

which P.O. Fanger created. Seven points thermal sensation scale is provided by 

ASHRAE, known as the Predicted Mean Vote (PMV) Index. PMV was mentioned 

by Feng et al. (2022) as a thermal comfort model that is frequently used, along with 

thermal comfort guidelines like ASHRAE 55 and ISO 7730. Fanger’s PMV model 
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depends on heat balance theories and physiological thermoregulation to detect 

comfort temperatures (Djongyang et al., 2010). Traditionally, building systems have 

predicted indoor thermal comfort using static models like Fanger's PMV. 

Mathematical models have been used to detect standards developed by Fanger 

regarding climate-controlled experiments. The Fanger PMV model depends on 

personal parameters like metabolic rate and clothing insulation as well as 

environmental factors like temperature, humidity, and air velocity. Metabolic rate is 

a variable that depends on the individual and the environment, including the 

surrounding temperature, the type of activity, a person's genetic factors, and many 

others. Personal factors influence thermal perception (Hasan et al., 2016). However, 

the PMV technique uses the MET value in rest situations and light clothing as default 

values for personal factors. The limitations of the PMV and PPD indices in thermal 

comfort modelling for individuals are discussed by the authors, with an emphasis on 

how the PMV approach best meets the preferences of a group of people. The 

building's HVAC system is responsible for the optimize the space conditions by 

controlling indoor quality parameters to provide users comfort, health, well-being, 

productivity, and safety. The HVAC system can alter ambient parameters like 

temperature, air velocity, and humidity, respecting metabolic rate fluctuations if 

appropriate metabolic rate measurements can be made (Hasan et al., 2016). The 

necessity of evaluating MET values and PMV criteria was considered to achieve 

effective HVAC management in intelligent systems.  

 

Figure 2.10. Effective factors on PMV-PPD  
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Current thermal comfort approaches generate accurate comfort estimates under 

controlled and static conditions. However, the comfort estimation accuracy in field 

settings is less for detecting actual thermal comfort.  

As mentioned by Djongyang et al. (2010), the standards are crucial but shouldn't be 

used as the exclusive benchmark for built settings. The use of PMV may lead to 

erroneous findings regarding the comfort of the interior environment. The model 

used in a research study by Persiani et al. (2021) takes human physiological reactions 

and human health to indoor environmental parameters.  

Literature has established that thermal comfort is highly subjective, even among 

small groups of people. Comfort is a mental state rather than a conditioned concept 

(Djongyang et al., 2010). Societal and individual factors, such as mood and culture, 

significantly impact thermal comfort perception. Even though everyone perceives 

heat differently in the same environment, thermal sensation relies on the individual. 

Even under identical indoor climatic settings, research by Feng et al. (2022) 

highlights individual differences in thermal perception. Studies showed that distinct 

demands for thermal perception were seen in people with similar backgrounds and 

environments with the same climate and culture. Djongyang et al. (2010) reviewed 

the strategy for achieving thermal comfort. Fanger reported that the human body is 

adaptable to wide ranges of temperature and uncomfortable conditions without the 

feeling of comfort. The physiological processes are conducted in the human body, 

such as sweating, regulating blood flow, and shivering to balance the produced heat 

from metabolism and the heat losses. Providing this balance is crucial for the human 

body to achieve a neutral sensation. Typically, body heat increases with metabolism. 

After sensing warmth, the body starts to release heat due to the rise in metabolic rate. 

The body's thermal balance depends on environmental parameters; air temperature 

and mean radiant temperature, relative air velocity and relative humidity, individual 

parameters; activity level and metabolic rate, and clothing thermal resistance 

(Djongyang et al., 2010).  
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Figure 2.11. Human body's reactions during exercise 

The PMV and PPD values are the primary tools used in intelligent building practices 

(Fantozzi & Lamberti, 2019). However, the metabolic rate in sports activities is 

higher than usual, and the standards fail to estimate the thermal comfort value. 

Clothing and MET values are difficult-to-estimate human factors, and PMV has 

taken these values as constant. The idea that incorrect calculations could happen in 

PMV because constant values are employed for MET and clothing is corroborated 

by Hasan et al. (2016). Regarding wearables acquired physiological and 

environmental data, the shortcomings of the present PMV model and the need for 

individualized comfort models are stressed by the authors. Absolute metabolic rate 

values are included in the PMV calculation by the wearables utilized for data 

collecting. Users are asked to submit direct feedback regarding comfort experiences 

through an interface to develop personal models in research by the authors. The 

authors further said that because it is more challenging to quantify and measure 

individual parameters than environmental data, less research has been done on how 

personal parameters affect comfort and metabolism. 

The sports centre built environments includes stadiums, tennis, basketball, and 

volleyball courts, gymnasiums, training halls, and centres. The multifunctional 

nature of the space results in the variation of occupants' feeling of comfort and comes 
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from activity variety, which is a constraint of spaces that host sporting activities. 

Sports facilities differ from other buildings on specific use schedules, unique comfort 

necessities considering the activity type, energy, and water demands, and included 

spaces with variable sizes and characters. Sports facility systems are critical because 

they need to maintain specific conditions and directly impact how much energy a 

building uses. Sportspeople's health and performance can both be enhanced by a 

comfortable setting. The review of building management systems focusing on sports 

facilities and their operations in terms of energy usage was conducted by Elnour et 

al. (2022). The author reported sports facilities consume more energy for operation. 

Based on a research Trianti-Stourna et al. (1998), sports centers consume energy for 

68% of air conditioning and ventilation, 30% for lighting, and 2% for hot water. It is 

understandable to be the most energy consumer feature as an HVAC system in sports 

facilities. The requirement for this kind of physical activity included spaces that are; 

unique, depending on the performance, health, and comfort of athletes during 

practices.  

Numerous researches have looked into the relationship between exercise and 

temperature so far.  Huang et al.’s (2021) study aimed to create comfortable and 

healthy temperature designs for the gym environment by examining users' 

preferences for thermal comfort. Tests on 40 young people conducted while they 

exercised in a gym atmosphere provide insight into how thermal comfort affects 

athletic performance. The thermal environment combines physical, physiological, 

and psychological elements and their interaction that influences users’ thermal 

sensations. Fantozzi and Lamberti (2019) reported a knowledge gap in the 

standardization of environmental factors and thermal comfort in indoor sports 

facilities. The authors investigated the impact of indoor environmental quality on 

athletes' health and performance. Pezzoli and Bellasio (2016) provided an innovative 

approach to thermal comfort in cyclists. The methodology uses computer simulations 

for the two Brazilian avenues based on precise weather data that considers PET and 

PMV indices for bicycle activities. As mentioned earlier, PMV is used to understand 

thermal comfort for a group of people. PET depends on a thermo-physiological basis 
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considering climatic conditions and the body's energy balance (Pezzoli & Bellasio, 

2016). The limitations of PMV were noted in many studies. Studies from the 

literature show that the PMV model appears to have constraints that make real-world 

environments uncomfortable, and specialized real-time HVAC control is necessary 

for occupant pleasure, health, and productivity. Oppositely, a study by Revel and 

Arnesano (2014) permits using the PMV model in athletic facilities. Thermal 

comfort estimation research conducted by the authors in the gym and the swimming 

pool looked at activity rate, environment, and clothing level using Fanger's indices. 

The PMV was assessed using air temperature, mean radiant temperature, humidity, 

and velocity.   

The physiological signal's relevance assessment is also possible from a broader 

perspective. The biological cues for accurate HVAC control are considered by Pao 

et al. (2022). The study's primary focus is on how the occupant perceives the 

temperature. The authors collected data on the physiological parameters of occupants 

and used real-time information for HVAC system control using sensor technology. 

The EMG, ECG, EEG, and body temperature were found to be the best physiological 

combination. The study's findings showed how environmental and physiological 

data could be used to improve building usage and understanding of thermal 

sensation. The study of Pao et al. (2022) investigates complex scenarios under 

various constraints, such as age disparities and sports-related behaviours.  

Indoor air is vital for health and welfare, especially in sports. More CO2 was found 

in the sports hall than in the surrounding air by Bralewska et al. (2022).  Monitoring 

of gaseous pollutants (CO2, VOCs, NO2, and SO2) and air quality in areas for 

physical activity has been the focus of research by the authors. Examining indoor air 

pollutant gases and the factors affecting air quality the authors have demonstrated 

the significance of adequate ventilation and building systems in sporting venues. The 

study's findings offer guidance for enhancing and generating indoor air quality 

conditions in athletic facilities. Slezakova et al. (2018) researched indoor air quality 

parameters in sports environments. The authors mentioned indoor air quality effects 

from both exercise type and occupancy. The authors added noticeable pollution was 
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created by the occupants in fitness centres and gyms. Indoor air quality insufficiency 

can immediately affect health and mood conditions and can decrease the well-being 

effects of exercise. As a result of conducted experiments in 8 types of exercise 

spaces, the median limits of CO2 were measured as higher than offered CO2 maxima 

1800 mg/m³ from ASHRAE. In provided RH levels of 30-60%, ASHRAE 

standardized indoor temperature ranges 23-26.6 °C and 23-25.8 °C respectively 

(Slezakova et al., 2018). For gyms, relative humidity is 55-75% and the temperature 

range is 18-25 °C. Research reported, in exercising, high temperatures and increased 

relative humidity may cause health problems hence room indoor conditions should 

be maintained in recommended ranges by using sun/heat screens, air conditioning, 

ventilation, etc.  

Table 2.1 Environmental parameters for indoor sports halls and swimming pools 

(Fantozzi & Lamberti, 2019) 

 

During anaerobic activity, the effects of indoor temperature, relative humidity, and 

CO2 concentrations are discussed by Shi et al. (2022). The authors mentioned the 

lack of standards for thermal and wet parameters of sports environments in 

architectural design codes with clear ranges. Research results showed that 28 °C 

causes discomfort and decreased anaerobic performance while 22 °C and 25 °C are 

suitable for anaerobic exercise which is closer to neutral temperature.  
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Preferable thermal comfort requirements were discussed by Zhai et al. (2020) in 

sports facilities. Three distinct levels of treadmill tests with and without fans have 

been conducted. As an overall result, the preferred temperatures were reported 22-

24 °C without air movement and 24-26 °C with controlled air movement. ACSM 

recommends a 20-22 °C temperature for all physical activities with 60% relative 

humidity in space. The International Fitness Association (IFA) recommends 18-20 

°C in gyms for aerobic, weight training, cardio and Pilates (Zhai et al., 2020). The 

authors reported PMV is not suitable for higher metabolic rates (1.8-2.5 MET) rather 

than sedentary in the estimation of thermal comfort. The higher metabolic rates need 

additional recommendations from standards such as in the case of fitness centres. 

According to the conducted experiments in this research, trainers suggest 22-24 °C 

rather than 18-20 °C from IFA and 20-22 °C from ACSM recommendations for 

fitness centres in warm seasons. The energy savings also can be provided with the 

adjustments of higher setpoints for sports spaces. PMV model presented cooler 

temperatures for comfortable spaces during exercise and causes discomfort in terms 

of thermal comfort and more energy demand for cooling. The author reported that 

an exercising person is less sensitive to external stimuli with a decrease in the 

nervous system during exercise than a sedentary person.  

Gao et al. (2023) emphasized the comfortable, healthy indoor thermal environments 

in different exercise levels and climatic conditions for the human body and 

wellbeing. He supported the idea that PMV overestimation on the thermal sensation. 

The research found cooler environments are more comfortable than hotter 

environments and the most comfortable indoor temperature setting was reported as 

15-17 °C in winter for sports buildings.  
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Table 2.2 Standards for thermal comfort (Fantozzi & Lamberti, 2019) 

 

The Predicted Percentage of Dissatisfaction (PPD) is evaluated as the incorporated 

version of PMV by Djongyang et al. (2010). The PPD is one of the metrics utilized 

in building automation modalities to promote comfort and energy efficiency in 

Nembrini and Lalanne’s (2017). Numerous studies have demonstrated that these 

standard metrics do not correspond to the actual conditions in measurements of 

perceived comfort (Nembrini & Lalanne, 2017). A study findings demonstrated a 

significant difference in standards after reviewing the collected questionnaire data 

about comfort parameters and predicted percentage of dissatisfaction (PPD) 

monitoring (Dębska & Zender 2022). Similar implications were seen in Hasan et 

al.’s (2016) research, which led to a better knowledge of PMV and PPD indices. The 

collected research metrics revealed significant differences between the standards and 

the determined PMV based on a questionnaire. To compare PMV and PPD votes 

respecting ISO 7730 with questionnaire-based PPD and PMV votes in case building. 

Temperature, air velocity, relative humidity, overall satisfaction, and other subject-

related issues all influence research measurements by Dębska and Zender (2022) in 

an intelligent building. Environmental sensors were used to measure the following 

environmental factors: air velocity, temperature, relative humidity, and globe 

temperature. The authors compared the PMV and PPD values in survey-based 
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calculated PMV and PPD and ISO 7730 standard-based values. As a result, a 

considerable disparity was observed between survey-based and ISO 7730-based 

PMV and PPD values. The real perceptions of people and standards differences are 

emphasized. The authors offer improvements in the standards.  

The term "building automation" refers to a system that manages performance by 

managing and monitoring the equipment in a building to ensure comfort, energy 

efficiency, and healthy conditions. Building automation systems' goals include 

maximizing energy efficiency, promoting comfortable environments, and increasing 

occupant satisfaction. Building automation systems can regulate heating, ventilation, 

air conditioning, lighting, shading, additional energy, and water supply to enhance. 

Real-time feedback loops, occupancy-based methods, multi-agent theories, and    

Wi-Fi-based control mechanisms are the main topics of current building automation 

research. Automation encompasses actuators, sensors, electronic devices, and 

monitoring instruments. Based on technological improvements, the building system 

may be integrated with learning algorithms, reasoning techniques, or artificial 

intelligence systems. With the help of these strategies, research and practices 

proceeded to automatization for environmentally friendly structures and more 

comfortable spaces for a variety of users and hosting activities.  

Building automation systems have excellent potential for answering specific needs 

in variable contexts and users. A new approach to HVAC focuses on system 

relationships, occupant behaviour, and energy optimization. While comfort, user 

acceptance, and trust are priorities, adjusting the proper automation limit for user 

involvement in the process is receiving more attention than full automation. 

However, the interaction of automation systems with occupants has not been 

generally adopted and utilized despite technological improvements and techniques 

in the building sector. By providing the dataset, visualization of data intended to 

evoke user feedback is a crucial stage in optimising and enhancing currently in-use 

building systems.  
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2.4 Methodologies and Technologies 

As a result of technological advancements, new tools are developing every day, but 

it takes time for the architectural sector to accept them. This section will examine the 

technology, tools, and devices and describe how they can be applied to areas and 

systems that promote physical activity benefiting from previous research. 

The section begins with a review of the data-gathering techniques and methodologies 

and continues with current approaches to assessing physical activity. The 

terminologies related to physical activity, characteristics that support inferences 

about physical activity, instruments and methods for gathering data, the analysis of 

the data, and the potentials and restrictions of current methodologies are briefly 

explained by looking at the literature. New clinical and behavioural sciences 

prospects can arise by expanding physical activity research and knowledge in 

adjacent domains. 

2.4.1 Physical Activity Data Collection  

Data collection from building occupants was the initial stage in building system 

management of the space conditions to provide comfortable and healthy conditions 

to the users. Building operational systems can gather information on users' physical, 

psychological, physiological, and mental health. An individual is always a data 

source with embedded sensors in the user's body or space capable of capturing data 

using various devices (Schnädelbach et al., 2019). A broader application field is 

made possible by the decline in technological background costs, particularly in 

sensor technology (TOPAK & PEKERİÇLİ, 2020). A sensor is defined by Spencer 

et al. (2004) as “a device designed to acquire information from an object and 

transform it into an electrical signal. Wireless sensor networks are the main data 

collectors in buildings for different parameters such as temperature, light, sounds, 

carbon dioxide, humidity, etc. Sensors are composed of three parts: sensing, signal 

processing, and sensor interface (Spencer et al., 2004). Integrating multiple sensors 
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led to wider usage as an embedded sensor in a mobile device or computing system. 

Sensors are grouped into three: physical, virtual, and logical (Sama & Sama, 2015). 

The physical sensors are the most prevalent use that can be built in or external. The 

built-in sensors are embedded, while external sensors can be wearable. Virtual 

sensors collect data from services or applications. Logical sensors are used to solve 

complex tasks by using combined data from information sources.  

The possible outcomes of human-building interaction using data flow from people 

to systems about behaviour have been examined by Schnädelbach et al. (2019). The 

author detected a lack of focus on human behaviour related to using personal data 

within the architecture.  

Thanks to advancements in the sensor industry and technology, sensors such as 

vision, acoustics, microphones, cameras, and accelerometers are essential for 

obtaining necessary data. Personal data collection is a technique that uses sensors or 

wearable devices to comprehend occupancy and behaviour patterns in human 

building interactions, as described by the authors (Schnädelbach et al., 2019). Since 

motion tracking systems rely on sensor integration with the human body, people 

must have at least one wearable sensor. This has a detrimental effect on the motion-

tracking capabilities of wearable sensors, especially when tracking large populations 

of individuals or groups of individuals. The consistency and constraints of the 

wearable features were examined by Mansi et al. (2021) and an overview of wearable 

sensors that may be relevant to thermal comfort studies was presented. 
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Figure 2.12. Physical activity data collection tools 

The potential data collection aspects may include location, movement, facial 

expressions, and physiological processes like heart rate and brain activity. Although 

technologies have been created for precise outcomes and ongoing improvement, they 

all have limitations. The potentials and constraints of the data collection strategies 

are briefly discussed by Martinelli et al. (2020). More precise estimates can be 

obtained using different identification types, such as fingerprint, facial recognition, 

and hand geometry. However, these techniques necessitate conscious engagement 

with the devices and are typically only applicable in small-scale space-measuring 

applications (Pan et al., 2015).  
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Figure 2.13. Data collection approaches in occupant behaviour (Jia et al., 2017) 

Motion tracking technologies are used in spaces with video cameras and wearable 

pressure sensors. The subjects of the experiment are aware of the instruments for 

both direct and indirect measurements when observing someone and taking measures 

based on their actions or behaviours. This circumstance may impact the motions that 

lead to biased data results. The cameras and wearable sensors are mainly used to 

gather occupants' kinematic data (Micucci et al., 2017). Some visual-based methods 

employ computer vision techniques to quantify and extract movement trajectories. 

To follow body trajectories, video-based systems process video frames' images, 

which requires enough light. Red, green, and blue depth sensors are optional 

techniques accessible in practice to capture dynamic motions. Mocap technology is 

effective at digitizing any movement and is frequently used in dance or artistic 

performances. Aristidou et al. (2015) employed Laban movement analysis (LMA) 

to identify the quality of dance motions by pointing out the limitations of mocap 

technology in identifying stylistic or artistic expressions' quality identification in 

dance motions. Based on the LMA, body, effort, form, and space data obtained, the 

VR reality simulator was developed. D’Amato et al. (2020) developed a 3D dance 

avatar that can imitate the movements of real dancers.  

Kinect sensors are off-the-shelf, marker-free depth sensors with motion detection 

capabilities that are a less expensive alternative to motion capture devices that use 
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markers. Kim et al. (2017) employed numerous depth sensors, enabling movement 

and rotation detection without external markers. The author tried capturing real-time 

body rotations and movements using multiple Kinect sensors. The physical activity 

captured by the Kinect sensors in Na et al.’s (2019) research. Motion capture 

technology was utilized by D’Amato et al. (2020) to capture violinists with varying 

degrees of expertise. Machine learning models were then used to identify the 

expertise levels from the acquired motion data.  

Ambient sensors such as cameras, vibration sensors, or microphones and wearable 

sensors such as accelerometers, gyroscopes, and barometers are beneficial tools in 

capturing related data from the environment or occupants. Wearable sensors have 

significantly more attention than ambient sensors. Some advantages are listed: their 

adaptation to the outside environment, lack of intrusiveness, and cost-effectiveness 

(Micucci et al., 2017). Aryal and Becerik-Gerber (2020) showed that environmental 

sensors yield more accurate findings than wearable technology or thermal imaging 

alone. Results are slightly more accurate when environmental and physiological data 

are combined. Only physical sensor data are insufficient to understand occupant 

comfort perception regarding physiological data (Park et al., 2019). Pao et al. (2022) 

have developed a thermal sensation model that collects human physiological signals 

through electronic sensors. Hänsel et al. (2018) studied sensing technologies to 

detect physiological data in real-world environments regarding human-computer 

interaction. During physical activity and stressful tasks, PPG-based wrist trackers, 

ECG belts, and reference devices with stick-on ECG devices recorded physiological 

data such as heart rate, skin temperature, electrodermal activity, and subjective data. 

Researchers have proposed a design area for wearables in research contexts. 

Wearable devices can collect Health Performance Indicators from occupants to 

provide data to investigate comfort conditions in space advised. The use of wearables 

in providing indoor environmental quality is presented in a research review by 

Abboushi et al. (2022). Ad-hoc wearable devices like sensor nodes and smartphones 

are two categories of wearable sensors used in research by Micucci et al. (2017).  

Gyroscopes, pedometers, cameras, global positioning system (GPS) receivers, and 
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accelerometers are just a few of the sensors in built-in smartphones. Pedometers 

track steps while running or walking and provide benefits like affordability, 

usability, and output relationships with physical activity. The authors made a 

comprehensive evaluation of smartphone sensors' usefulness, accuracy, capabilities, 

and limitations. 

Wearable utilization was negatively impacted by intrusiveness, especially in the 

elderly. A study on fall detection is advised rather than using sensors installed on 

humans due to the constant distractions. According to a similar conclusion Moreu et 

al. (2020), the exploration of alternative movement-tracking systems has been 

prompted by the wearable sensor arrangement's limitations on dancers' freedom of 

movement. Dancers' performances are hampered by these advances, limiting their 

expressive options. Nakanishi et al. (2018) discussed the benefits of wearable 

devices, including gathering ongoing data for extended periods to offer historical 

comparisons of the targeted data.  

The construction of accelerometry-based monitors for PA assessment is now 

possible thanks to technological advancements. Triaxial accelerometry and EE 

chamber measurements yield a more significant correlation coefficient than counts 

from a uniaxial accelerometer (Midorikawa et al., 2007). Due to the triaxial 

accelerometer's compact size and limited impact on human movement, it is useful in 

physical activity research. Three commercial tri-axial accelerometers (Gulf-Coast 

x6-1A, Actigraph GTX3, and Hookie AM 13) were compared to categorize activities 

according to intensity by Vähä-Ypyä et al. (2015). Triaxial accelerometers were 

tested by Midorikawa et al. (2007) to see how well they could distinguish between 

various activities and estimate how much energy was expended during low-intensity 

physical activity. The most used accelerometer for objectively evaluating PA is the 

Actigraph (Hibbing & Uk, n.d.). Actigraph, Actical, and RT3 accelerometer devices 

are the most used accelerometers (Lyden et al., 2011). The kinds of concurrent 

technologies are mentioned by Valero et al. (2022) vibration-based sensing for 

monitoring the health of infrastructure, human behaviour recognition, occupancy 

data gathering, and personal safety assessment. Accelerometer studies, sound-based 
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evaluations, equipped flooring, and equipped shoes are non-visual methods for 

detecting heel impacts on the floor (Bales et al., 2016).  

Device selection is also an important parameter owing to its reliability 

(Schnädelbach et al., 2019). In contrast to accelerometer-based collections, literature 

is suspicious of privacy and security problems that microphones and cameras 

encounter (H. Lee et al., 2009). Non-wearable technologies like image-based 

walkways and walking-induced vibrations were mentioned by the authors 

(MejiaCruz et al., 2021). For background technology and production costs, 

researchers typically use controlled conditions in controlled environments (Hills et 

al., 2014). Valero et al. (2022) referred to sensor usages such as nanotubes, fibre 

optics, and accelerometer sensors in building management and civil engineering 

fields. The research covers both wearable and non-wearable devices, and it examines 

both individual and group vibration data. 

Research by S. Lee et al. (2021) focuses on using sensor environments to improve 

occupant health conditions by monitoring energy use and activity levels at home. 

Similar to S. Lee et al. (2021),  a home-based sensor network was utilized by H. Lee 

et al. (2009) to detect gait parameters for extracting health monitoring data, 

especially for elderly care. With seasonal variations, health-related criteria are 

constantly changing, and research attempts to regulate indoor activities to alter with 

the times. In a study, MEMS accelerometers are networked with a smart home 

computer using the Atlas sensor platform technology. The system takes the home 

user's vital signs and other relevant information. A health monitoring system that 

benefits from gait features with sensors in the home environment was also the goal 

of the authors (Fagert et al., 2019).  

Localizing people in the home environment is another step of research that depends 

on smart-floor localization (H. Lee et al., 2009). The grid of pressure sensors is used 

with the raised flooring for tracking and localization, but this situation creates a 

significant limitation in practice. The smart floor's opposing sides are listed as high 

deployment cost and complexity of wiring and connections. Another drawback in 

practical use is the intelligent floor's inability to identify more than one person. Force 
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plates and treadmills are frequently employed in sports and biomechanical literature 

to evaluate the vibrations brought on by forces such as jumping, running, or walking 

(Martinelli et al., 2020). Approaches are dependent on the individual and can only 

detect one person at a time, resulting in ignorance of the environment and other 

people. 

Currently, in the field of activity recognition, using acceleration, smartphones, 

smartwatches, wearable devices, and fitness trackers are the most common features 

(Micucci et al., 2017). Occupant activity can be detected via radio frequency, 

auditory, or visual techniques (Y. Zhang et al., 2018). The constraints of these 

techniques may be categorized as the need to be in the visual field for vision-based 

methods, acoustic-based methods' sensitivity to noise, and radio-based methods' 

typical requirement for the user to carry a receiver. Lara et al. (2012) developed a 

system named Centinela for activity recognition by using acceleration data and vital 

signs. Researchers hypothesize that acceleration and vital sign data combination can 

be a solution for more accurate activity recognition.  

Indirect calorimetry, pedometry, accelerometry, and heart rate monitoring have been 

used to measure the quantity and duration of physical activity (Mansi et al., 2021). 

The footstep vibration signal assists in determining the amount of human activity (H. 

Lee et al., 2009). Every time someone walks, they suddenly come into contact with 

the ground, which causes vibration. Exercises using leg motions can produce 

vibration signals of large amplitude.  

There were disagreements on the location of the accelerometer, the best monitors to 

utilize, and the best way to handle the raw data. The accelerometers can't record 

every kind of movement. Cycling was used as an example of this problem because 

the hip and wrist, the most popular areas for accelerometers, remain static during the 

exercise. The building's construction, the floor's material, and the vibration intensity 

all affect each other (H. Lee et al., 2009). 

The steps involved in collecting personal data addressed specific privacy-related 

issues and concerns. Regarding the gathering and use of occupant and location data, 
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privacy concerns have been addressed by Lighton (2017). Regulations exist 

regarding specific categories of personal data, including information on a person's 

health, sexual orientation, race, political philosophy, and religion (O’Driscoll et al., 

2020).  

2.4.1.1 Existing Approaches in Acceleration Data Collection 

The term "acceleration" refers to an accelerometer's capacity to measure mechanical 

work in a moving body (Arvidsson et al., 2019). Accelerometers are motion sensors 

that identify body movement and are connected to physical activity (Hills et al., 

2014). Accelerometer sensors can recognize speed changes and extract motion 

parameters from acceleration data at specific times (Yan & Chen, 2022). Personal 

accelerometers monitors typically measure the acceleration of the body's motions by 

attaching fixed accelerometers to the subject (waist, hip, ankle, thigh, etc.). The 

accelerometer's raw data or filtered output displays the motion acceleration counts 

over a specified time frame. The data from the device's motion sensor provides 

information about the device's temporal resolution and the acceleration detected at 

this moment (Troiano et al., 2014). The measured acceleration data is complex 

because of the velocity, acceleration, and frequency components (Valero et al., 

2022). 
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Figure 2.14. Accelerometer sensors usage areas 

The uniaxial accelerometer measures the vertical acceleration, while the triaxial 

accelerometer measures movement in three cartesian axes directions. The movement 

rate in one, two, or three-axial layouts can be recorded using piezoelectric sensors. 

The accuracy of three axial measurements was greater than that of a single axial 

examination (Hills et al., 2014). The benefits of utilizing accelerometers for precise 

physical activity assessments have been discussed in earlier research. Midorikawa et 

al. (2007) discussed triaxial accelerometer ability regarding total, vertical and 

horizontal accelerations in evaluating activity intensity and related energy 

expenditure estimation in low-intensity physical activities.  

From a time and cost-effectiveness point of view, smartphone-embedded 

accelerometer usage was reported logical rather than traditional accelerometer sensor 

usage in building vibration testing (Martinelli et al., 2020). Smartphones are 

groundbreaking due to their low price, lack of labour, lightweight design, and 

simplicity of use in structural dynamics. According to the literature, smartphones 

have precise and dependable accelerometers, which are useful for motion detection. 

The reliability of the collected accelerometry measurements is not as professional as 
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traditional measurements but shows an acceptable level of accuracy (Martinelli et 

al., 2020). Smartphones can detect motion in three axes thanks to embedded MEMS 

accelerometers. Three cartesian axes (x, y, z,) data can gather from a triaxial 

accelerometer. With a range of ±4g or greater, the smartphone MEMS accelerometer 

resolution varies from 0.1 to 15 mg (Feldbusch et al., 2017). The potential 

advantages of smartphone accelerometers over traditional vibration testing can be 

listed as; lightness, cost-effectiveness, lack of labour requirement, reachability, no 

cable needed, data storage existence, and data transfer options. The sampling rate 

was taken as 50 Hz according to the literature on activity recognition from 

smartphone acceleration data (Micucci et al., 2017). The smartphone model's jitter 

and sample interval considerably influenced the accelerometer's accuracy 

(Feldbusch et al., 2017). 

 

Figure 2.15. Coordinate axis symbolization on the smartphone 

Sama and Sama (2015) aims to measure exercise intensity solely using a smartphone 

without needing external sensors. The smartphone phone sensor collects acceleration 

data, while the external Zephyr device collects heart rate information. 

A system for detecting activity by smartphones has been developed. The study found 

a significant correlation between a person's HR values and a smartphone-measured 

acceleration throughout four specified activities. The HR values and the acceleration 

recorded by the smartphone increase with an activity intensity, such as slow and fast 

walking, increases. Four different sorts of activities in various settings, as well as 

smartphone locations on the body, are included in the study. The significance of the 
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phone's location is stressed for a more precise capture of the acceleration. There is a 

lot of work to be done; it reported a correlation between heart rate and acceleration. 

The authors (Sama & Sama, 2015) referred to smartphones' limitations related to the 

smartphone's placement, the elevation of the ground in the activity space, and the 

battery life. According to the authors, using just the accelerometer sensor is 

insufficient for detecting a more comprehensive range of activities. Additional 

smartphone sensors, like the GPS or gyroscope, are also recommended. 

Fewer studies have, however, been done on the detection and evaluation of 

pedestrian loads and kinematics using smartphone accelerometers. Martinelli et al. 

(2020) conducted detailed research on smartphone accelerometer accuracy, the 

extensiveness of usage, and usefulness in civil engineering structures.  An 

experiment was conducted on a prestressed concrete slab to measure walking-

induced vibrations. To determine the usability for structural engineers, architects, 

and stakeholders, smartphone-integrated accelerometers and dedicated structural 

vibration monitors were tested by another study (Feldbusch et al., 2017). Two 

smartphones and a professional accelerometer comparison produced this study's 

meaningful inferences, according to experiments done throughout the research 

procedure. A valuable range for structure vibration monitoring is provided by the 

frequency range of 0.2–20 Hz and the amplitude range of (10–2000 mg) detected by 

smartphone accelerometers. According to the study, smartphone accelerometers are 

enough for identifying excessive vibrations and preliminary measurements. 

Smartphones are portable and widely used, even by older adults. Additional benefits 

of the study goal include cost minimization and the absence of learning curves for 

smartphones. Furthermore, a prior investigation found that smartphone sensors are 

also precise enough for clinical research or daily activity recognition. According to 

the papers, fall detection or activity recognition systems can use smartphones as data-

gathering tools. A collection of acceleration data from an Android smartphone was 

presented by Micucci et al. (2017) to aid in identifying human activity and detecting 

falls. The proposed new dataset contains smartphone accelerometer data to provide 

a valuable dataset to the community for the objective assessment of fall detections 
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and daily activity recognition research. The scientists divided the publicly accessible 

datasets into three categories: wearable sensors, ambient sensors, and a combination 

of these two.  

According to H. Lee et al. (2009), most studies have been done in the literature; 

researchers choose to employ sensors rather than wearable sensors to collect data 

regarding vibrations. Some sensing methods, such as motion, vision, or radio 

frequency, requires specific installation. The passive sensing method was introduced 

as ambient floor vibrations. The authors asserts that a MEMS accelerometer can be 

used to obtain information about a person's vital signs without posing privacy 

concerns in place of using cameras or microphones (H. Lee et al., 2009). 

Some applications for human-induced floor vibrations include occupant 

identification, occupancy estimation, occupancy localization, occupant 

identification, and extraction of gait health parameters. Helpful information on 

innovative devices that use floor vibrations is provided by MejiaCruz et al. (2021). 

The ability of an automated smart system to monitor movements in real-time without 

annoying people by seeming invisible is stressed by researchers. 

In the market for smart devices, microelectromechanical systems (MEMS) are 

renowned for their accuracy, mobility, and cost-performance ratio. To capture 

motion, accelerometer sensors from smartphones and tablets were employed by 

Koene et al. (2020). Input to the system was chosen to be horizontal acceleration. 

The MEMS accelerometer Memsio is introduced in this study. Memsio uses a web 

browser, is accessible from PCs, tablets, and cellphones, and provides quick data 

entry and background data archiving. 

Triaxial accelerometers can continually and instantly collect data on building 

vibration. Seismometers, geophones, and affordable MEMS accelerometer sensors 

were needed for high-rise building monitoring, with a minimum sampling frequency 

of 200 Hz (Valero et al., 2022). The study's conclusions state that vibration sensor 

systems provide a mechanism to continuously and affordably collect vibrations on a 
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floor-by-floor basis. By examining footstep signals and their vibrational impact, the 

footstep detection module uses geophone data. 

The estimate of activity intensity and effort detection is another area where 

acceleration is used. Pernek et al. (2012) argue that not enough consideration has 

been given to sporting activities' capacity to detect intensity. The various recreational 

sports activity degrees were estimated using the off-the-shelf smartphone's built-in 

accelerometers. To determine the levels of indoor activity, H. Lee et al. (2009) 

measured the footstep vibration signal using MEMS accelerometers. P and S waves 

were used to model step signals. An optional approach based on structural vibrations 

was suggested by Y. Zhang et al. (2018) to gauge activity levels. Aiming to track 

floor vibrations, a floor-mounted sensor arrangement was used. The system's three 

primary functions are sensing, data processing, and activity-level estimate. The 

geophone, amplifier, analogue-to-digital converter (ADC), and processor worked in 

integration for the sensing process. The technology was tested in various places 

throughout an office complex.  

Under the influence of human motion, structures can vibrate in space. Moving at a 

substantial pace while walking, running, or dancing has a rhythmic character with a 

harmonic quality that causes periodic vibration responses. Thiel et al. (2014)  found 

accelerometers practical for dance evaluation because of the accelerometer's 

qualities as being low cost, small and adaptable on the human body. The collected 

data can provide valuable feedback for dancers regarding their performances. The 

quantity of group synchronization in dance movements is used in the research to 

quantify the dance quality. Another study (Moreu et al., 2020) uses a mix of sensors 

to evaluate dancing vibrations in the context of human-structure interactions. Cost-

effective instead of wearing sensors, Lewis sensors have been utilized to detect floor 

vibrations. LEWIS sensors are inexpensive and suitable for floor vibrations brought 

on by people. The Arduino Uno microcontroller board and an accelerometer sensor 

with a sampling frequency of 100 Hz worked in conjunction with the LEWIS sensor. 

Maharjan et al. (2019) categorize and describes dancing moves. The dancer was 

instructed to perform six movements that would generate different floor vibrations. 
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The vibrations that dancing creates on the floor are the subject of research. A low-

cost Arduino board was paired with accelerometers.  

 

Figure 2.16. Data collection tools (Y. Zhang et al., 2018) 

Stopwatches or timing gates are frequently employed in clinical research for gait 

analysis investigations, but they can only measure gait speed. To analyse gait 

features, wearable or nonwearable technologies and methodologies are available to 

detect speed and differences in walking style. Davis et al. (2022)  researched gait 

parameter extraction comparison with APDM wearable technology mobility lab 

sensors and stopwatch measurements. Vibration sense was used to illustrate the logic 

of the device-free activity monitoring system. Different types of structural contexts 

used vibration sensors. Six accelerometers and conventional stopwatches were 

permanently attached to the floor to collect gait parameters. Without considering 

structural vibrations brought by external causes, all vibration peaks in the data were 

taken to be generated by footsteps in an experiment. The research offers an 

alternative method rather than APDM wearable technologies, mobility lab sensors 

or stopwatch measurements to detection of gait parameters.  

It is reported that it is possible to identify people based on their gait and pattern. 

There are several goals for customized gaits that vary from person to person in terms 

of walking speed, tempo, the space between the legs, the angle while stepping, style 

of foot-ground interaction, and more. It is natural to conclude their health in another 

potential application field by analysing the variations in a person's gait over time. 

Suppose the subject is aware of the observed situation. In that case, behaviours can 
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be far from being natural, defined as the Hawthorne effect, and can be observed in 

lab experiments done with humans by Davis et al. (2022). This effect is particularly 

noticeable in testing using wearable sensors since it might affect how data is 

collected, which lowers the dependability of the research. 

Walking pace and sickness or impairment have frequently been linked. Gait metrics 

from footsteps can be used to determine the human health state. To validate the use 

of acceleration data in this context, Micucci et al. (2017)  incorporated slow-speed 

walking motion. A range of walking speeds and daily movements means 

accelerometer data is sufficient for orientation and movement detection for variable 

kinds of users.  

Bales et al. (2016) classified existing gait measurement methods as visual and non-

visual in the literature. In this study a floor-mounted accelerometer was used to detect 

vibrations in the vertical axis to evaluate gender differences in walking styles in an 

operational building as a test case. Similarly Kessler et al. (2019) deployed sensors 

as a building fixture to extract gait parameters. The relationship between the human 

structure and motion is highlighted by using the installed sensors to detect human-

induced gait vibrations rather than the user’s mounted sensor usage. The use of floor-

mounted accelerometers gives the study's methodology a fresh twist, confirmed by 

instrumented hammer impact.  

The foot steps cause ambient floor vibrations, which are exploited as a passive 

sensing method by Pan et al. (2016). Besides having varying vision and motion 

capabilities, several sensor systems reportedly have higher installation prices. The 

research used structural vibrations to detect multiple persons, which is different from 

the conventional literature technique. The method employed in this study can detect 

several foot impacts using a wireless sensor network. The error level is measured 

when one or two individuals walk less than 0.4m. 

Nakanishi et al. (2018) claimed that combining an accelerometer with other sensors, 

such as an altitude-measuring barometer, is a method for understanding elevational 

variations in motion. The barometer's high power consumption and asserted 
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incapability render it inappropriate to understand cycling-style progressive elevation 

changes. This approach is ineffective for routine use with wearable monitoring 

technology. 

Information on how vibrations are affected by space characterizations is presented 

via research. The influencing parameters of human-induced floor vibrations, 

including shoe type, structural design, and the distance between sensors and the 

subject of the experiment, were stated by another research study (Hu et al., 2021). A 

dataset of floor vibrations from various situations was presented by research 

employing a shin-located wearable triaxial accelerometer sensor. Variable space 

characteristics (hallway, room, or open area), different floor materials (carpet, epoxy, 

or concrete), and three different shoe types (sneaker, hiking boot, and skate shoe) 

were examined for the generating of foot vibration. The configurations of the floor-

deployed geophones are also evaluated, and the significance of the sensor placements 

is deduced. Different sensor placements led to various outcomes. 

The activity recognition and fall detection techniques usually start with the data 

capture with deployed ambient sensors. The authors encourage the use of 

smartphones in fall detection systems. Falls are mentioned as a significant health 

risk, especially for elders. Literature research is trying to detect activities of daily 

living (ADLs) and detect falls (Micucci et al., 2017). Similarly, another study (J. et 

al., 2020) investigated floor vibration monitoring to identify falls with smart 

technologies in real-time. A system that relies on sensors working together to 

distinguish footsteps and identify the individual associated with them. The plan was 

created with older persons in consideration, especially those who live alone.  

The advancements demonstrated that employing acceleration measurements with the 

integration of piezoresistive and capacitive accelerometer transducers allows for the 

inference of limb angles and postures in addition to physical activity as the sole 

output of the acceleration data (Troiano et al., 2014). With video recordings and 

acceleration information, posture identification is intended in another research 

(Lugade et al., 2014).  A triaxial accelerometer in the waist and thighs can distinguish 
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between static positions like standing, sitting, and lying down and dynamic 

movements like jogging and walking. Accelerometers are recommended for the 

general population to identify static postures or dynamic motions.  

In an intelligent home setting, user location recognition is crucial. A grid of pressure 

sensors and elevated flooring is necessary for floor localization and tracking (Y. 

Zhang et al., 2018). Woolard et al. (2017) refer to the problems in localization studies 

benefiting vibration sensors, such as attenuation and multipath, privacy concerns, 

and accuracy questions. However, it is an ongoing investigation due to the reliability 

of the data and the benefits of privacy. The research concentrated on vibration-based 

person localization detection. Building a library of vibration signals from various 

points across a building is the first step in the localization procedure. Three 

accelerometers were placed inside the established test grid. According to the author, 

open questions remain in the localization field of research.  

Clemente, Li, et al. (2020) used a sensitive triaxial seismometer network mounted to 

the floor to record floor vibrations by using a system that keeps track of vibration 

data and uses footstep features to determine occupancy information.  

In an indoor person identification example in the research of Pan et al. (2015), floor 

vibrations are employed to prevent people from being disturbed while working on 

anything. The system's architecture uses the vibrations that cause the floor to vibrate 

to detect footsteps. Geophone, an acoustic detector that responds to ground 

vibrations generated by seismic waves, detects vibrations. The person identification 

process intended to group the elements that could be extracted from a person's gait. 

Researchers used the floor vibrations produced by footsteps to identify people with 

an accuracy of 83%. 

Hu et al. (2021) claim that the sensor's practical placement is essential for the best 

application performance. The accelerometer placement is effective on the captured 

vibration sensor data quality and accuracy (Arvidsson et al., 2019). The placement 

of the accelerometer can be adjusted to record more accurate and precise acceleration 

measurements. The ideal location may alter depending on the study's objectives, the 



 

 

51 

type of accelerometer used, the subjects' surroundings, etc. Yan and Chen (2022)  

used four wearable accelerometers placed on the hands, hips, and ankles, along with 

a heart rate band and a metabolic monitoring device utilized during a Tabata workout 

test. The high intensity and complex movements were included in the Tabata 

exercise and each accelerometer has a variable measurement because of the location 

differences. The ankle acceleration data has the highest correlation to the other parts 

of the body, although some studies mentioned the hip-located accelerometer 

accuracies the most. Alternative wearable acceleration device placements for various 

uses can be found in the literature. The study's results gave the necessary inference 

about the location of the accelerometer in the human body in the Thiel et al. (2014) 

case. The accelerometer sensor placed in the wrist and sacrum gave the most accurate 

results for the demi-plie movement in ballet regarding the skill classification of the 

performer. As a general inference, measurements of wrist acceleration may be more 

complicated and may not accurately depict motion throughout the body, as reported 

by Arvidsson et al. (2019). A waist-located accelerometer is rationally established 

to explain physical activity intensity readings, and the placement of the 

accelerometer on the body is debated by the authors. The smartphone accelerometer 

is located in the front trouser pocket half the time on the left and half the time on the 

right in Micucci et al. (2017) research, and for accurate measurements of pedestrian 

loads, the lower back selected for placement Feldbusch et al. (2017) experiment. 

Martinelli et al. (2020) used a tight belt to hold the smartphone accelerometer firmly 

on the subject's back. Strath et al. (2001) tested the accelerometers on the arm and 

leg while the subjects of the experiment exercised in a lab setting. Additionally, a 

hip-mounted accelerometer and pedometer are employed.  

It is mentioned that the motion sensors could not record motion information from 

arm movements used in pushing and lifting. The energy estimation cannot be made 

only by using acceleration data for some activities (Nakanishi et al., 2018). 

Nakanishi et al. (2018) grouped these types of activities under two subtitles. The first 

contains small body movements but observed and felt activity intensity in higher 

such as cycling or muscle training. The second type consists of elevation differences 
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observed in stair climbing or hiking. The intensity and EE estimations are difficult 

with an accelerometer and probably result in inaccurate measurements.  

The outcomes varied in the same setting with different shoes, material arrangements, 

or variations in the sensor's response to foot movement on the floor. According to a 

prior study, depending on the built structure's design and composition, an 

accelerometer's sensing ranges between 3 and 10 meters (Y. Zhang et al., 2018). The 

stiffness of the floor structure, which results in a low signal-to-noise ratio in the 

vibration data, is referred to the Y. Zhang et al. (2018) study's shortcoming. Pan et 

al. (2015)  used a 10-meter detecting range related to building materials, flooring, 

shoe types, etc. Higher amplitudes and signal-to-noise ratios are provided for 

footsteps closer to the sensor device reported by Pan et al. (2015). 

The majority of systems in literature and practice use wearables. Some gadgets 

require user involvement, such as pushing a button, although, in a fall, the user 

cannot interact. Another strategy involves using cameras to track health and sleep, 

which has raised privacy issues. A Helena tool was developed by Clemente et al. 

(2020) to monitor vital signs, sleep, and function as a contact-free sensor system. 

Bed vibrations are collected by sensors positioned on the bed frame. Machine 

learning techniques and post-processing algorithms help characterize sleep and vital 

signs on data evaluation. The research measures vital signs using bed-embedded 

sensor components to identify falls or other health-related issues.  

Clemente et al. (2020) used a geophone sensor connected to a digitizer board and 

computer to detect vibrations. The geophone measures the movement velocity, and 

a computer processes the data to identify vital signs, falls, and bed motions after 

digitizing the vibration signal readings and making them readable on a computer. 

This study has been presented as the first to use a nonintrusive approach with a 95% 

accuracy rate for bed falls. With Helena, detecting posture and movement in real 

time is also feasible. 
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2.4.1.2 Heart Rate Sensor in Physical Activity Research   

With the improvements in wearable devices, heart rate measurement is started to 

penetrate daily life for the continuous recording of health-related inferences. Each 

heartbeat is represented by a heart rate, which equals heartbeats per minute (bpm). 

Heart rate data can be observed as a fluctuation graph showing differences in periods 

before, after, and during physical motion. 

Oxygen consumption is measured by heart rate sensors, which are influenced by 

mobility, a user's physical and physiological characteristics, the type of activity they 

are doing, their mood, etc. (Yan & Chen, 2022). Mood, emotion, environment, and 

physical and fitness levels influence heart rate (Strath et al., 2001). Schrack et al. 

(2018) emphasized the age-related differences in daily activities regarding heart rate 

values. The age-related and informative research lack is reported by the authors 

emphasizing the research need for health generalizations.  

 

Figure 2.17. Heart rate influence factors 
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An ECG is widely used to evaluate heart rate in clinical contexts. The ECG machine 

is costly, and using it requires setup and instruction. The PPG (pulse oximeter) is a 

fingertip-mounted sensor; however, it takes the user's focus away from the task. 

These gadgets are inappropriate for domestic or daily use. HR measurement can be 

done effectively with wearables such as wrist-worn devices available in the market. 

These devices are adaptable to smartphone applications for easy monitoring with an 

understandable interface (Goldberg & Ho, 2020). The heart rate sensor has small 

power consumption, which is suitable for daily calculations. 

Smartwatches allow for physiological sensing and motion detection. In a single 

wearable gadget, the smartwatch functions as an accelerometer, gyroscope, 

magnetometer, and heart rate sensor. This equipment is becoming increasingly 

popular for medical applications, health monitoring, and sports. Smart sports 

watches, heart rate monitor bands, power, and cadence meters, among other wearable 

technology, can be coupled with fitness or health applications to enable more 

accessible health monitoring. These applications provide information about exercise, 

medical conditions, training plan, performance, and many more (Zarith Rahmah 

Syed Ahmad et al., 2019). Wearable smartwatches use the PPG technique that 

measures HR using the optical blood flow measuring method. The HR is determined 

with the aid of LED lights, which also help to measure blood volume and arterial 

blood flow. Phan et al. (2015) present a review paper about smartwatches. 

Smartwatch recording heart rate, ECG, PPG, and movement patterns yields readable 

data. Comparisons between smartwatches, electrocardiogram (ECG), and 

photoplethysmogram (PPG) devices were used in the research to test the validity of 

the results. The findings of the Phan et al. (2015) study validated the accuracy of 

heart rate readings from smartwatches. The validity of six well-known wearable 

heart rate monitors was tested by Stahl et al. (2016). According to the study, 

wearable heart rate monitors are precise enough to assess heart rate during activities 

like walking and running. 

The smartphone's advantages are emphasized in communication, entertainment, and 

health assessment. The mobile health monitoring technologies and their 
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inexpensiveness, user-friendly interfaces are promoted. As a validation study, 

Pipitprapat et al. (2018) investigated the possibility of smartphone applications for 

heart rate measurement using cameras with the user's fingertips. The study's findings 

demonstrated that, except for irregular rhythm, effective ECG monitoring could be 

accomplished using smartphones. Smartphone application validation in HR 

measurements is limited (Hills et al., 2014). Goldberg and Ho (2020) examined 

obtaining heart rate information from Apple's smartwatch, the iOS smartphone 

software Hactive is helpful. The program can decipher exercise profiles from 

workouts recorded by an Apple Watch and build heart rate profiles of the exercises. 

The heart rate sensors provide valuable information on health status and physical 

activity estimation, and their transportability is an advantage for bringing them as a 

wearable device. Age, sex, stress level, oxygen saturation, hydration, temperature, 

and training state are important variables affecting the relationship between heart 

rate and activity intensity. The person's calibration might be helpful for more 

accurate estimations to overcome these individual-based characteristics. A person’s 

physiology is delicate and adaptable, and HR is a physiological characteristic closely 

related to physical activity intensity.  

The correlation between heart rate and activity intensity is reported by Nakanishi et 

al. (2018). Heart rate is a significant indicator of physical activity  (Hills et al., 2014). 

HR monitoring is mentioned by Gorman et al. (2013) as useful for the intensity of 

aerobic exercises because of the linear relationship between HR and activity 

intensity. The estimations born from heart rate measurements can be supported with 

other appropriate sensors or devices. EE estimation accuracy may be increased with 

the light of heart rate capturing (Nakanishi et al., 2018). HR monitoring devices are 

coupled with pedometers, accelerometers, and GPS in the literature for improved 

tracking of intensity estimates and energy expenditure. When motion and heart rate 

sensors are used independently, their accuracy in measuring energy consumption is 

inferior. Combining an accelerometer and a heart rate sensor is a potent strategy. 

Because they are affordable and wearable, heart rate and accelerometer methods are 

currently used in energy expenditure estimation research. The combination of HR 
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and accelerometer data is logical in physical activity research (Hills et al., 2014). The 

background information in the combination technique states that acceleration levels 

generate a rise in heart rate when exercising. The study's findings by Strath et al. 

(2001) confirmed that integrating motion sensors with HR data provides a reliable 

way to estimate how much energy is expended throughout daily activities. The HR 

data and motion sensor cooccurrence tested in the energy expenditure estimation 

research can be a reference for these issues. The relationship between heart rate and 

physical activity energy was revealed by Brage et al. (2004). 

Regarding physical activity intensity and physical activity energy expenditure, the 

limits of the acceleration and heart rate results when employed independently were 

mentioned. Heart rate values and EE exhibit a linear relationship during medium and 

high-intensity activities but not during low-intensity training (Hills et al., 2014). The 

absence of a method can be filled in by using acceleration data to forecast low-

intensity activities (Strath et al., 2001). Based on heart rate zones, Sama and Sama 

(2015) attempted to determine activity intensity. In their work, the link between 

acceleration and heart rate is done using a heart rate sensor called Zephyr during the 

learning phase. Heart rate readings and acceleration during slow walking, fast 

walking, slow running, and fast running are found to be strongly correlated. Sama 

and Sama (2015) referred to training as essential because outcomes depend on age, 

sex, height, weight, and the kind of smartphone. Instead of categorizing the 

performed activities based on MET usage, calories burned, or user attributes, a new 

concept called activity zone was devised. The activity zones are established based 

on the relationship between the user's HR and the type of activity. According to the 

author, this is the first study in the field to use the relationship between acceleration 

and health information, in this case, the subject's heart rate.  

Compared to other pre-selected variables, HR has a stronger connection with EE. 

The researchers utilized a gas metabolism analyzer, four wearable accelerometers, 

and a heart rate band during the Tabata test. High-intensity activity is attained in the 

Tabata test, which is based on the ACSM guideline for workout intensities. The 0-

10s exercise was taken as input after detecting the highest correlation of HR and EE 
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at this particular time. The incorporation of motion and HR sensors was justified as 

advantageous to get around the restrictions on individual sensor usage.   

While the location of the motion sensors is still up for debate, hip-mounted sensors 

are popular despite being unable to detect arm movements, according to studies. 

Using data from motion sensors and HR prediction based on oxygen uptake (VO2) 

equations, Strath et al. (2001) focus on the differentiation of leg and arm movements. 

Arm and leg movements measure HR and VO2 and a distinct relation was noticed in 

upper body movements. HR values were observed at a higher rate during arm 

movements than during leg movements or when arm and leg motions were combined 

by Strath et al. (2001).  

 

Figure 2.18. The geophone usage with the combination of heart rate for monitoring 

the sleep cycle (Valero et al., 2022) 

The seven wrist-worn gadgets for HR and EE estimation tested are accessible in 

commerce. Validity tests are carried out by Apple Watch, Basis Peak, Fitbit Surge, 

Microsoft Band, Mio Alpha 2, PulseOn, and Samsung Gear 2 by Shcherbina et al. 

(2017). The study included different demographic groups of users, arm choice, and 

the device's position in comparisons by conducting two-way ANOVA with posthoc 

Tukey honestly significant difference. The Apple Watch in EE and HR had the 

lowest error rates, whereas the Samsung Gear S2 had the most. At low and high 

intensities, the walking, running, and cycling motions are evaluated. The study's 

findings show that all the estimated devices can accurately monitor heart rate within 

a 5% identified error range. While the HR measurement can be appropriately done, 

the calculation of EE with wearables is said to be worse. The Helena tool, established 

by Clemente et al. (2020) helped to gather heart rate data in Bpm, although the data 

spectrum is thought to be erroneous. Authors assert that a heartbeat's waveform is 
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not periodic in reality. The Apple Watch is one of the most accurate heart rate 

monitors on the market (Clemente, Valero, et al., 2020). To confirm the acquired 

heart rate data, Helena decided to use the Apple Watch Series 4. The Apple Watch 

has a range of 3 to 10 seconds for continuous heart rate monitoring. A constraint is 

the battery's 5-hour capacity for constant recording. It isn't easy to extract the 

heartbeat vibration when other machines, such as the washing machine, air 

conditioner, etc., are in use. The captured signal is being disturbed by those external 

vibrations. Helena can only identify one person at a time and cannot distinguish 

between other humans or pets in the bed. In these kinds of circumstances, the quality 

of the data collected may be noisy. 

The Actiheart heart monitoring device is used in Schrack et al. (2018) research while 

free-living activities are performed. Activities are grouped as sedentary, light, 

moderate, and vigorous according to heart rate reserve and relative intensity that uses 

activity count thresholds. Percentage of calculated heart rate reserve and intensity 

classifications as middle intensity and high intensity based on acceleration readings 

recorded with wearables by Nakanishi et al. (2018). The HR reserve equation %HRR 

= (HRact- HRrest / HRmax - HRrest) x100 (Nakanishi et al., 2018). HRact is the mean 

value of the average heart rate measured every 10 seconds, HRrest mean value of the 

average heart rate during resting every 7 minutes. HRmax measured with Karvonen 

formula (HRmax = 220 - Age). Using decision trees, the activities are classified 

according to heart rate reserve values. Five multiple regression models and one 

decided model were proposed depending on leave-one-out cross-validation. Heart 

rate reserve was used by Shcherbina et al. (2017) for the detection of relative activity 

intensity during aerobic fitness.  

It is documented clearly in the literature that HR measurements have the potential to 

assess PA and EE. The HR, motion sensor, and oxygen uptake (VO2) were all 

monitored for everyday activity by Strath et al. (2001). Using a Cosmed k4b2 

indirect calorimeter, oxygen uptake was calculated. An HR watch that analyzes HR 

data while being tested is the Polar Vantage XL. Following data collection, the times 

and data from the three used accelerometers were also linked to the pedometer and 
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HR data. The HR and motion sensor setup produced detailed findings for EE during 

particular daily activities, and the VO2, HR, and motion sensor readings showed the 

strongest correlation in Strath et al. (2001) research. 

The type of sport, required effort, and performance directly impact human 

physiology. Knowing which element best represents comfort and performance 

during exercise is crucial to provide an efficient assessment of motion. The best 

physiological feature combination is presented by Persiani et al. (2021).  EMG, body 

temperature and ECG are the most influential sensors for collecting physiological 

data on thermal sensations. EMG from the calf is the essential factor and is stated by 

Persiani et al. (2021) as required in static scenarios. 

If indoor space does not have effective indoor climate control, the activity causes 

skin temperature and heart rate to rise after intense exercise. When exercising in 

challenging conditions, such as high temperatures and poor ventilation, the body 

sweats to maintain heat balance. Biological differences between persons influence 

how much sweat is produced, even though the exercise is the same (Faghihimani & 

Hosseini, 2022). Thermal comfort and human athletic performance were explored 

by Faghihimani and Hosseini (2022). The low-frequency to high-frequency ratio, 

which depends on heart rate variability under various settings, is a component of the 

authors' thermal comfort rating technique. 

The research by Zarith Rahmah Syed Ahmad et al. (2019) is a ground-breaking 

artificial intelligence-based heart rate study for enhancing athletic performance. The 

heart rate analysis is used to monitor and improve the health and performance 

conditions of the athlete. The research hinges on algorithms that learn how to 

estimate heart rates during exercise. The built HR estimate model is created with the 

gathered HR data. The exercises' corresponding heart rate responses were evaluated 

using support vector regression and artificial neural network.  
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Table 2.3 Heart rate monitoring devices (Sama & Sama, 2015) 

 

2.4.2 Physical Activity Assessment 

Previous studies have demonstrated the value of physical activity for human health. 

One of the main risk factors for mortality is a lack of physical activity worldwide 

(Micucci et al., 2017). Any movement can be defined as physical activity that 

increases energy consumption in the human body, such as walking, running, 

shopping, exercising, cycling, or house cleaning. But physical exercise aims to be 

planned and structured by improving physical conditions (Carbonell-Hernández et 

al., 2020). The importance of physical activity on health is obvious, leading to the 

increased popularity of health monitoring technologies and physical activity 

intensity monitoring studies (Nakanishi et al., 2018). Continuous and real-time 

physical activity monitoring is vital for health status-related detections for increasing 

life quality. All people's general health, notably that of the elderly, depends on 

physical exercise for a healthy ageing process. The American College of Sports 

Medicine (ACSM) has arranged the general physical activity recommendations due 

to the risk of inactivity in daily life and required activity times for healthy living. The 

ACSM offers a standard for physical activity of older individuals for mental and 
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physical health, mortality, falls, etc., frequently used as a guideline in sport-related 

study literature (Gorman et al., 2013).  

Due to its close ties to health, dose modifications in sports, comparisons between 

individuals, groups, or cultures, intervention programs, and environmental 

interactions, the measurement of physical activity evaluation is essential.  Although 

the importance of physical activity and exercise has been proved in literature, 

monitoring and measuring physical activity are challenging for researchers and 

practitioners (Lyden et al., 2011). Evaluation of the activity is vital, especially for 

the gathered health outcomes; hence objective assessment was found more reliable 

in some of the research, while the field measurements with large populations, 

interviews, questionnaires, and diaries were founded inaccurate.  

Data processing after collection, the sensor position on the body, and which monitor 

is applicable in case-specific situations are common research areas in physical 

activity. More accurate methods are needed to evaluate activity to rise in human 

health conditions hence a rise in life quality. Troiano et al. (2014) supported the new 

technologies for high-resolution data and efficient data evaluation but supported the 

resting on past experiences in physical activity research. The reliability of the 

physical activity intensity estimations is tried to increase by using machine learning 

models, artificial intelligence adaptation, multiple sensor usages, etc. Support vector 

machine is used mainly in classification; however, this model needed to 

communicate with a wearable and hence needed cloud computing. This approach 

can be worked efficiently with wireless communication, and cloud-based analytical 

software needs additional power consumption (Nakanishi et al., 2018). The machine 

learning and processing techniques are discussed by Valero et al. (2022). The 

assessment of the captured motion data has a broad range of usage areas if 

meaningful data inference can be made. The possibility of a home sensor network in 

extracting gait, posture, and walking features from the captured data is mentioned by 

H. Lee et al. (2009). The method of Fagert et al. (2019) is based on three steps: 

ground force measurement, estimation of temporal gait parameters, and detection 

and extraction of footstep signal data. 
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Figure 2.19. Physiological factors and physical activity intensity relationship 

For the measurement of physical activity, objective and subjective evaluation 

methods are available. Numerous studies reported physical activity observations by 

using qualitative methods such as questionnaires. Although qualitative assessments 

represent general inferences, errors may occur evaluating the activity because of the 

subjective perceptions, especially in light or moderate physical activities. Qualitative 

methods such as questionnaires, diaries, or surveys can present bias because of their 

subjective nature. Standard surveys were offered for the physical activity evaluation.  

Tümtürk et al. (2021) refer to the objective and subjective physical activity 

evaluation methods. Gorman et al. (2013) have done physical activity assessment 

study that includes subjective measurements such as self-reports. There is a 

contradiction in the accuracy of this method because it is open to external effectors 

such as mood, cognition, disability, etc. Self-reports could be effective in the 

perception of activity level (Gorman et al., 2013). The guidelines were developed 

using an epidemiological study that used PA experiments' self-reports to generate 

health assessment data. 
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Figure 2.20. Activity evaluation methods 

Some objective physical activity evaluation methods include accelerometers, DLW, 

heart rate monitors, multiple sensor systems, and calorimetry. The improvements in 

objective activity monitoring change age-related studies regarding intensity, effects 

on the physical and physiological situation, and activity frequencies (Schrack et al., 

2018). Schrack et al. (2018) study is the first that compared heart rate reserve and 

acceleration measurements during activity with a large experimenter population. The 

author touched on the age differences regarding the time spent in physical activities. 

Studies on the impact of ageing on exercise intensity, physical and physiological 

conditions, and frequency have changed due to advancements in objective activity 

monitoring. Depending on the relative intensity, sedentary and low-intensity 

activities spent time is same across ages, while moderate or vigorous activities spent 

time is higher in older adults than younger. The PA intensity patterns are changes 

depending on ageing and a decrease in moderate/vigorous activities offered with the 

consideration of physiological changes. The previous studies on relative intensity 
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physiological and behavioural effectors. Mansi et al. (2021) concentrated on 

measuring youth physical activity and discussed categories that include self-report, 

instrumental movement detection, biological approaches, direct observation, and 

integrated methods. 

The effort perception changes with so many variables and Borg Scale was used by 

Chen et al. (n.d.) to assess physical effort; however, physiological changes that are 

highly effective on effort perception, in reality, are not taken into account.  

Assessment of activity type and intensity using one device is possible with 

wearables. Wearable modern devices can process and extract sensor data with their 

powerful microcontrollers (Elsts et al., 2018). The broad usage of wearables serves 

multiple functions with heart rate, and photoplethysmography technology helps to 

widen the use of these devices for individualized activity monitoring in daily 

activities or sports (Shcherbina et al., 2017).  Hills et al. (2014) focus on the sensor 

wearing an armband with a skin temperature sensor, near-body temperature sensor, 

heat flux sensor, galvanic skin response sensor, and biaxial accelerometer. The 

demands on battery longevity, turning raw numerical data into more interpretable 

graphics and portability that are listed by Shcherbina et al. (2017) lead to the usage 

of wrist-worn devices for physiological measurements.  

The health and fitness applications are suitable life promoters for the user with 

various functions such as sleeping cycle following, heart rate measurement, stress 

level detection, and energy expenditure calculations.  

2.4.2.1 Evaluation of Acceleration in Physical Activity 

With the help of capturing acceleration, motion can be detected. The raw acceleration 

data is valuable only if meaningful data is extracted. Depending on collected 

acceleration, the time spent during physical activity can infer, and its analysis 

presents useful inferences. Accelerometer usage in physical activity areas is a 
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growing interest field (Troiano et al., 2014). Accelerometers are prevalent in free-

living motion detections.  

Hu et al. (2021) mentioned several subcategories and application areas of vibration 

systems: footstep detection, occupant identification, occupancy estimation, sensing 

quality improvement, and sensor positioning. The raw acceleration data potential 

was emphasized, and the raw data's limitations were discussed in the literature. The 

effective evaluation of the data depends on the storage and delivery of raw 

acceleration data (Troiano et al., 2014).  Following data collection to infer relevant 

data, signal processing and feature extraction, are crucial (Hu et al., 2021). However, 

following the collection of raw acceleration data, this sort of data translation is 

difficult (Schrack et al., 2018). Physical activity research generally benefits from raw 

acceleration due to the needed engineering knowledge and the difficulties in reaching 

the background information on the processing of the raw data. Signal processing is 

a complex field for a nonexpert (Arvidsson et al., 2019). 

The acceleration data can be gathered by using accelerometers and have potential 

meaningful data extractions. Hibbing and Uk (n.d.) points out the techniques used to 

analyze the acceleration data with the help of statistical analysis. Integration of many 

disciplines enables the drawing of more trustworthy conclusions. The existing 

technology is reportedly capable of data gathering, storage, and transmission; 

however, data interpretation has specific statistical and analytical difficulties. 

The filters and algorithms are available to process raw acceleration data. The 

efficiency of filters depends on the study aim, collected data, usage area, and many 

more. It is important to apply a well-selected approach for more accurate results from 

raw data. Arvidsson et al. (2019) suggested processing the accelerometer and energy 

expenditure calculations for the activity intensity and calibration and used a 

frequency filter that helps to understand the difference between walking and running 

behaviours. To reach an accuracy as high as the waist and thigh-located 

accelerometers, algorithms that can handle the complexity of arm movement are 

needed to evaluate the wrist-located accelerometer data (Arvidsson et al., 2019).  
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The most common processing algorithm is the Actigraph filter (Fridolfsson et al., 

2020).  Acceleration measurements were processed using filters and transformed into 

activity counts in Gorman et al. (2013) research. Migueles et al. (2017) 

recommended the use of filters when the cutpoints or algorithms are not used.  

Nakanishi et al. (2018) applied a high pass filter to raw data to extract gravitational 

acceleration. The working principle of the proposed method starts with the collection 

of acceleration with a triaxial accelerometer and Fast Fourier transform used and 

mentioned as an efficient method in locomotive activities and peak powers. 

Similarly, the collected acceleration is preprocessed by Micucci et al. (2017) to 

remove the gravitational force. The gravitational force affects only low-frequency 

components and the Butterworth lowpass filter is applied with a 0.3 Hz cut-off 

frequency by Micucci et al. (2017). Sensor Averages Step (SAS), Multiple Sensor 

Step (MSS), and Single Sensor Step (SSS) are assessed as three feature combinations 

in a case space, and Fast Fourier Transform (FFT) is used to translate the data into 

the frequency domain by Bales et al. (2016). The Fast Fourier transform (FFT) is 

also used in Koene et al. (2020) research to transform the collected data from the 

frequency domain to the time domain feature. A flat-top window algorithm was used 

to compare amplitudes from different sensors.  

An unsolved issue in vibration sensing is multiperson sensing (Valero et al., 2022). 

Valero et al. (2022) aimed to identify the gait parameters by applying a continuous 

wavelet transform, a footstep force, and a gait balance estimate module, along with 

a trained function mapping to the ground forces and footsteps. The expansion of 

vibration sensing emphasizes the need for further research. High-resolution vibration 

data are necessary for more precise separation of vibration sources.  

Variable features should be taken into account while processing acceleration data. 

The wearable acceleration signal is affected by the user's body dimensions, position, 

movement type, etc. (Arvidsson et al., 2019). A further issue is the comparability of 

the raw acceleration data when those are taken from various body parts. Each 

accelerometer has a variable measurement in the high intensity and complex 

movements because of the location differences of accelerometers in the body.  
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The ankle location was selected in the Yan and Chen (2022) study, although some 

studies mentioned the hip-located accelerometer accuracies the most (Yan & Chen, 

2022). Triaxial accelerometers close the gap for collected accelerations from various 

locations on the body for the PA intensity classes, whereas uniaxial accelerometer 

results are unreliable due to inconsistent data from different body sections (Troiano 

et al., 2014). The triaxial accelerometer usage rather than uniaxial causes new 

calibration methods and algorithms for the vector magnitude transformation (the 

square root of the squared activity counts from the three axes) (Migueles et al., 2017). 

The author referred that information complexity occurs with the rapid improvements 

in the field, and there is no accordance about which method is more reliable. 

Indecision occurs in practitioners and researchers about which approach is the right 

decision for a certain situation. Doherty et al. (2017) collected and analyzed 

accelerometer measurements of over 10.000 people in the UK Biobank and 

classifications made regarding age, sex, time, and season. Experiment subjects have 

worn wristband accelerometers for seven days. The 100 Hz raw triaxial 

accelerometer data was gathered. The processes applied for noise decreasement and 

removal of gravity and the wear and non-wear times were identified.  

When there are intermittent, noncontinuous motions in nature, such as walking, 

jogging, sitting, or cycling, which are challenging to detect using an accelerometer, 

techniques for subjective evaluation are routinely used (Troiano et al., 2014). It 

might be challenging to apply surveillance techniques across vast areas while 

gathering data with the proper resolution. The distinction between self-reports and 

accelerometry measurements is addressed by Troiano et al. (2014) and comparing 

subjective evaluations and acceleration metrics is founded challenging. While 

motion-based and behaviour-based reports are not interchangeable, and each has 

strengths and drawbacks in the application area and typical conditions, there is a 

difference between accelerometer-based and reported PA values, and both 

conclusions are valuable. The same metrics are employed for self-reports and motion 

sensor measures of physical activity, minutes/day in MVPA minutes or MET-

minutes (Troiano et al., 2014).  
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Although there is a correlation between self-reporting methods and acceleration 

levels, certain literature studies use different interpretations. The physiologic and 

mechanic inferences of physical activity are not appropriate for direct comparisons. 

The mechanical work later causes energy costs with the movement of muscles. Both 

outputs are different but essential in processing and calibration processes (Arvidsson 

et al., 2019).   

Energy expenditure as a physiologically meaningful expression of physical activity 

inference is problematic because of the current prediction models. The acceleration 

data processing techniques failed to support the potential of raw acceleration data in 

estimating time spent in different levels of activities and energy expenditure 

estimations. The model's limitations listed by Lyden et al. (2011) as; the single 

relationship assumption between acceleration and EE by using linear regression 

models, insensitivity to light and sedentary activities, insufficiency in the translation 

of regression models, single integrated accelerometer dependence and elimination of 

higher amplitudes of the signal. Lyden et al. (2011) propose researchers for future 

studies focus on processing techniques of accelerometer output and EE estimation. 

At the end of the conducted experiments by Yan and Chen (2022), acceleration and 

EE moderate relation reported.  

Carbonell-Hernández et al. (2020) tested the accelerometer's usefulness in 

estimating physical activity intensities during low and moderate exercises performed 

by older people. The heart rate recordings and wearable acceleration data were 

collected and analyzed. The 5 minutes delay observed between the acceleration 

difference and the effect of it on the heart value of a person. The results of the 

Carbonell-Hernández et al. (2020) study showed that accelerometry and heart rate 

weren’t correlated and accelerometer is not an efficient tool in low-intensity exercise 

except for walking.  

Objective measurement methodologies, such as accelerometers may be not suitable 

for measuring activities (Hills et al., 2014). While the accelerometer did not pick up 

cycling and swimming, walking and running motions were successfully evaluated. 

The research by Nakanishi et al. (2018) tried to improve physical activity 
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monitoring, especially for challenging EE estimation activities such as cycling or 

stair climbing. The algorithm proposed by the authors combines heart rate and 

acceleration values with a decision tree and multiple regression analysis.  

Acceleration-focused studies in PA increased recently because of the acceleration's 

quantitative and less subjective nature. The activity intensity categorization from 

captured acceleration data has been categorized as sedentary, light, moderate, and 

vigorous by using algorithms. The validation studies for activity categorization were 

made with young and healthy people in a laboratory environment and with limited 

people. Schrack et al. (2018) mentioned the limitation of this study because its extent 

is not generalizable to populations. 

The effects of age and diseases cause physiological effects on the human body that 

is highly related to performed activity, metabolic rate, activity frequency, etc. The 

same movement may affect different ages or unhealthy people and may be grouped 

under varying activity levels with the same action with younger and healthy ones. 

The exact amount of activity may represent light for an adult while for older ages, 

moderate or vigorous, because of the relative effort required for performing that 

activity. The age-specific cut-points are referred to as a solution to age-problematic 

approaches. The current process includes the time spent in a moderate activity taken 

as a physiological threshold for each person for a descriptor of daily physical activity, 

including ageing (Schrack et al., 2018). The “one size fits all” approach in 

acceleration data analysis has been criticized because of the ignorance of ageing in 

physical activity by Schrack et al. (2018). It is criticized for using the same cut 

criteria across all age groups by Gorman et al. (2013).  

The mean amplitude deviation (MAD) approach is used as a novel data analysis that 

is useful in raw acceleration data and does not need cross-correlation for different 

devices or studies results by Vähä-Ypyä et al. (2015). The study offers a novel 

approach in raw acceleration analysis to classify activities according to intensity 

levels. The calculable trait is gathered from the acceleration signal and mean 

amplitude deviation (MAD). The proposed scheme is presented cut-off limits, and 
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the author mentioned that those cut-off points are appropriate to apply to different 

tri-axial accelerometer brands. To extract meaningful results from the captured raw 

data classified by using a MAD classifier and cut-off points applied that agreed from 

standards. As an innovative approach, Vähä-Ypyä et al. (2015) noted that the 

universal cut-off limits for classifying activities in intensity using a simple calculable 

classifier (MAD) resulted in successful measurements and classifications free from 

the accelerometer brand.  

The number of steps, cadence, calories burned, time spent on each activity type, and 

many other metrics provide essential information about health and physical activity 

levels. The health outcomes lead to dose adjustments in exercise, the appropriate 

interventions, and the testing effectiveness of interventions or activities (Gorman et 

al., 2013). The Actigraph monitor dominates the research area and these counts were 

taken as a standard measure for physical activity intensity (Arvidsson et al., 2019). 

The broad range of characteristics regarding age, ethnicity, gender, height, weight, 

and BMI is included by aiming to validate the most used monitoring devices and 

estimation models for the variable type of activities such as sporting, locomotion, or 

daily by Nakanishi et al. (2018).  

 

Figure 2.21. Human-induced floor vibration inferences 

The standard gait analysis technique senses the force of the foot on the ground using 

a force platform. In contrast, Kessler et al. (2019) study bases its estimation of the 

timing of the foot-ground relation on the acceleration data collection's amplitude 

peak points. In addition, the authors noted that methodological distinctions present a 

direct comparison of the gait analysis used in this study with conventional gait 
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analysis. Kessler et al. (2019) extracted the features that would be useful as gait 

parameters, and post-processing was needed on the raw data obtained. The foot-

ground relation timing validation was found using an instrumented hammer in this 

investigation. Each heel strike was counted as foot contact with the floor during the 

sensing process, which was done using accelerometers. There was a peak in the 

acceleration data following each heel hit. To locate each peak point in the gathered 

accelerometry data authors used a signal-energy-based proprietary method. 

Estimating the timing of each stride was possible because the highest peak followed 

each heel strike. The approach has potential because it is simple to use and 

inexpensive. The gathered vibration data derived the cadence and stride length 

information in the research of  Davis et al. (2022).  In comparison to wearable APDM 

and stopwatch measurements, it has been found that gait parameter extraction 

utilizing floor vibrations is an accurate and dependable method. Valero et al. (2022) 

have identified three use areas for the information acquired from vibration sensors: 

tracking persons, localizing the inhabitants, and occupancy itself. Device-free 

activity level estimation method with the proper sensor setup benefited from floor 

vibrations in Y. Zhang et al. (2018) research. Bales et al. (2016) classified the 

genders in an operational building using accelerometers by mounting them to the 

underfloor to record floor vibrations. 

By applying an algorithm generated with acceleration data against visual 

observations from video recordings, Lugade et al. (2014) study intends to distinguish 

between static postures and dynamic motions. ActivPAL and the Intelligent Device 

for Energy Expenditure and Activity (IDEEA), two commercial devices mentioned, 

have posture detection capabilities. The waist accelerometer detected dynamic 

activity from static postures in Lugade et al. (2014) research. Authors benefited from 

continuous wavelet transform (CWT) to identify slow walking motion. MATLAB 

Software makes the accelerometer data post-processing. The raw acceleration signal 

noise was removed with a median filter with window size 3. The authors outlined 

the study's shortcomings, which included the inability to distinguish between 

climbing from level to walking, the lesser accuracy in transitions between activities, 
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and the subjective and error-prone character of the video evaluation approach. More 

natural behaviours and a variety of movements were produced as a result of the 

diverse body types of the subjects. According to Lugade et al. (2014), this research 

offers the first validation study to include postural transition detection, fidgeting 

detection, and various walking speeds that use acceleration. Troiano et al. (2014) 

address variable output inferences of raw acceleration signals, in addition to energy 

expenditure estimation, such as the extraction of limb positions and angles with the 

inferences about the current posture of the person. Researchers compared self-reports 

and accelerometer measurements of physical activity inferences. The same metrics 

are used for measurement methodologies, such as MET and MVPA minutes. The 

output of the accelerometer provides insight into motion in a specific period and 

symbolizes the MVPA minutes and sensed acceleration.  

 

Figure 2.22. An average acceleration for each motion (Micucci et al., 2017) 

The research of Clemente, Li, et al. (2020) was the first to use vibration data in a 

network technique to identify falls and locations. The system relies on data 

collection, feature extraction, and classification of several feature groupings to 

identify a person. Feature extraction is employed after the data is obtained from 

sensor-smart devices to distinguish between falls and steps in the vibration data. An 

optimisation technique was applied to comprehend the more crucial aspects of the 
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research methodology. Support vector machine methods were employed to 

categorize features and identify walking people. In a network environment, real-time 

measurements and projections are made. With 95.14% detections of falls and 97.22% 

identifications of persons, the system's accuracy is relatively greater than similar 

research. 

The detection of individual or group motions or behaviours is becoming increasingly 

popular using accelerometer-based PA characterizations. Gaspar et al. (2016) 

mentioned the absence of metrics for measuring and analyzing rhythmic human 

activity. The acceleration assessments given in the study served as the guidelines for 

comfort limits.  

In light of the connection between people and structures, the technology side of 

engineering and dancing worked together, intending to evaluate movement 

synchronization while the group was dancing by Moreu et al. (2020). A group of 

individuals danced on the wooden bridge, which served as the test context. Without 

disturbing the technological apparatus or wearable sensors, participants in the non-

intrusive experiment moved naturally while dancing. Three indicators were analyzed 

by Moreu et al. (2020) concerning the group dancing motions acquired by the 

sensors. Dancer synchronization has been measured using harmony and coordination 

indices. The outcomes were contrasted with the experts' visual indices. Based on 

observations, the visual index determines the synchronization of group dances. At 

the scoring step, quantitative and qualitative data were contrasted to assess the dance 

attributes in group dance synchronization. The authors claim that performance halls 

and ballrooms can be integrated into the research findings to design and evaluate 

structural systems. The data was processed and recorded using the Arduino IDE 

software. Additionally, video recordings of the dancing experiments were made for 

a professional examination. In post-processing, the vertical acceleration is measured. 

As a conclusion of the study, dancers preferred to reach simple analytical 

conclusions regarding the coordination of their bodies' movements while dancing. 

Several dancing moves were categorized using the step attributes extracted from the 

collected accelerometer data by Maharjan et al. (2019). The same movement's two 



 

 

74 

intervals were put to the test on a wooden bridge. Two intervals within the same 

motion resulted in distinct vibration measurements on the floor, indicating that the 

activity was fatigue-related. Several dance moves were categorised according to the 

step features derived from the gathered accelerometer data. A minor deviation from 

the mean value is accepted as a better dance. The peak values of the vibration data 

were used as the main inputs for each foot strike on the ground. The research 

concludes that human-induced vibration data information can be helpful for 

infrastructure for live load measurements, which is costly. The study by Maharjan et 

al. (2019) presented a background to encourage field experts to develop an efficient 

and low-cost system for vibration data collection.  

Martinelli et al. (2020) touched on the smartphones' benefits of being easily 

accessible, requiring no installation or wiring, and allowing for data storage and 

transfer. Specific programs or applications feature post-processing algorithms that 

transform the gathered raw data into a low signal-to-noise ratio. The collected data 

on vibrations from different phone accelerometers must be post-processed to average 

measurements (Martinelli et al., 2020). Removing noise and reaching coherent 

signals is possible with post-processing. Different phones were not synchronized, 

meaning they needed cross-correlation to align recordings from the different phones. 

Seven different phones were selected after evaluating their embedded accelerometer 

properties. In a previous study, a mid-range smartphone-embedded accelerometer 

sensor was shown to be capable of sensing accelerations as low as 1 mg up to 400 

Hz. The focus of Martinelli et al. (2020) study was to evaluate smartphone 

accelerometer sensors in the vibration assessment of structural systems embodying 

the extraction of meaningful parameters and numerical models to test and estimate 

pedestrian loads.  

A semi-professional vibration measurement tool, the iDynamics application, 

highlights the smartphone-embedded sensor's capabilities. Due to their portability, 

smartphones offer the chance for sponsored and inexpensive field measurements. 

Due to the application's data storage capability, vibration research and field 

measurements are more manageable, and sending the acquired data to specialized 
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software is feasible. Larger vibration amplitudes produce more accurate vibration 

measurement findings because they accurately represent the vibration peak 

moments. The iDynamics smartphone application under consideration was created 

to use the accelerometer sensors in a smartphone in a practical, academic and built 

environment setting. The technology of smartphones, the cost of energy 

consumption, and the robustness point of view were briefly mentioned by Feldbusch 

et al. (2017). For more accurate data returns, gravitational acceleration should be 

decreased or subtracted from the total acceleration amount (Feldbusch et al., 2017). 

The iDynamics software allows users to calculate the precise gravitational value, and 

the data automatically updates to reflect the actual gravitational force value. Under 

0.5 Hz, it was claimed that smartphone accelerometers produced erroneous findings. 

It was suggested to use a high-pass filter to lessen inaccurate frequency 

measurements. Accurate acceleration measurements depend on two crucial 

parameters: the sampling rate and the noise ratio in the data obtained (Feldbusch et 

al., 2017). 

Generally, the captured raw data from sensors are processed with machine learning 

algorithms to make intensity-dependent classifications. Two referred machine 

learning models by Yan and Chen (2022) have been used to perform variable 

correlations and make predictions. With machine learning techniques, the increased 

energy expenditure prediction accuracy aims to use acceleration data and heart rate 

values. The study's outcome shows that employing accelerometers and heart rate 

bands in combination with prediction models for energy monitoring during exercise 

is appropriate for Tabata activities. The labelled data created by Micucci et al. (2017) 

presents a dataset for the machine learning algorithms in the training step. Sharing 

the data is beneficial for the researchers to compare algorithms. 

Clemente, Li, et al. (2020) described how it might be possible to link with other 

advanced smart systems, including Google Home or Amazon Alexa. Additionally, it 

is possible to reach and connect the system wirelessly and portable. Our research is 

based on a similar integration idea with a building system using a similar background 

to the study of Koene et al. (2020) with the help of IoT and wireless technology. 
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Schnädelbach et al. (2019) defended that the existing building stock can be 

integrated with developments in IoT. Using the Atlas sensor platform technology, an 

intelligent home computer was networked and connected to the accelerometer in H. 

Lee et al. (2009) research. 

2.4.2.2 Metabolic Rate in Physical Activity Research 

Some devices are available in the market for measuring the actual metabolic 

equivalent of task (MET) but have high costs, needed guidance, and wearable device 

usage is required. MET value is challenging to measure and generally assumed as a 

steady value in built environment practice.  

The metabolic rate is equivalent to the produced body heat while inhaling a certain 

amount of oxygen per kg of weight each hour (Hasan et al., 2016). Additionally, 

MET is multiple of the resting metabolic rate in physical or mental activity (Hasan 

et al., 2016). The formula can be used to calculate the PMV value after MET 

detection.  

Physical activity intensity determination is commonly made using the MET. The 

linear relationship between physical activity and the rate of metabolism is explained 

by Faghihimani and Hosseini (2022). Arvidsson et al. (2019) mentioned the 

limitation of the MET approach in physical activity intensity determination.  

There are tools to determine gas intake accurately and, hence MET. As an indirect 

measurement of MET value, estimations can be made using devices like pedometers, 

accelerometers, load transducers, and heart rate monitors. Hasan et al. (2016) 

favoured smart bands made from donated wearables containing sensors for precisely 

determining metabolic rates. Hasan et al. (2016) established the use of wearables and 

offered them for estimating metabolic rates.  

The Predicted Mean Vote (PMV) index in the architecture sector is primarily used 

to assess people's comfort. Most building systems are controlled regarding static 

conditions of personal parameters such as clothing rate and MET and room 
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temperature and humidity values of the PMV in ASHRAE 55 (Na et al., 2019). As 

stated before, the PMV approach does not provide reliable comfort conditions in 

dynamic space conditions. The PMV models are inadequate and unreliable for high 

metabolic rate activities since they are based on lower metabolic rate values (Fletcher 

et al., 2020). Personal parameters, such as clothing and metabolic rate, affect thermal 

comfort the most. However, the PMV models are assumed to be the default values 

for clothing and metabolic rates for all people. The study by Hasan et al. (2016) 

emphasized the insufficiency of the PMV model in high metabolic rate activities and 

collected metabolic rate values to gather an averaged metabolism value for building 

occupants using wearable devices. 

The cutpoints used as the activity count thresholds are used in activity intensity 

classifications by Gorman et al. (2013). The activity intensities were categorized 

according to MET values as sedentary (≤1.5 METs), light (1.6-2.9 METs), and 

moderate to vigorous (≥3 METs). The lack of literature mentioned by the author on 

older adults' accelerometry and validation studies for cutpoints has been done with 

younger adults. Gorman et al. (2013) added, older adults' physical activity intensity 

research is limited to determining meaningful cutpoints regarding MET values 

corresponding to activity intensity compared to younger adults in the literature. The 

general inference shows that MET values are higher in adults than children for 

specific activities, especially in moderate or higher intensities (Arvidsson et al., 

2019). Gorman et al. (2013) added that older adults' physical activity intensity 

research is limited to determining meaningful cutpoints regarding MET values 

corresponding to activity intensity compared to younger adults in the literature. 

The ground truth METs collected by portable metabolic measuring systems are 

compared to the predicted METs in Strath et al. (2001) research. 

Arvidsson et al. (2019)  proposed a calibration that depends on VO2net compared to 

MET. Accelerometer measurements and estimated oxygen uptake were associated 

with the task's MET value (Arvidsson et al., 2019). The validation is made in free-

living activities with children, adolescents, and adults. Hip and thigh-located 
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accelerometers and oxygen consumption data were captured in rest, stand, and 

treadmill walk-and-run situations.  

A study by  Revel et al. (2015) offers a new method for real-time thermal comfort 

monitoring by metabolic rate measurement using heart rate sensors. Low-cost heart 

rate sensors have been used in this research to monitor thermal comfort.   

 

Figure 2.23. Metabolic rate parameters in the built environment 

Depending on the occupants' metabolic rate values, new methods must be 

emphasized for metabolic rate estimation and building comfort zones. Luo et al. 

(2018) emphasize the metabolic rate studies in the building context literature. The 

researchers defended the need for more research on metabolic rate estimation studies 

for individuals significantly depending on individual differences such as age, sex, 

non-steady state, pregnancy scenarios, etc.  

Na et al. (2019) focused on a metabolic rate directly linked to a person's activity. The 

research estimates the MET value to provide thermal comfort without needing 

wearables or costly installations. With the help of Kinect cameras, as a remote 

sensory device. The study contained four different motions from different intensities. 
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A deep learning algorithm was used to optimize thermal comfort to estimate 

individuals' metabolic rate values. A series of a dataset is needed and created for the 

training process, including behaviours. The outcomes of the research adjust the 

temperature. The method is offered to apply for different building typologies, 

especially for spaces with critical environmental parameters such as healthcare 

facilities, gym centers, etc.  

Although it is clear that the metabolic rate is important for thermal perception, this 

concept is the most poorly discussed in built environments. The research by Luo et 

al. (2018) is intended to profit from advancements in the field of human metabolic 

research in the built environment and to provide a clear understanding of the 

relationship between activity diaries and thermal comfort. The most popular 

approach is described in thermal comfort as a diary; however, the approach's 

drawbacks in actual use are described.  

The inclusion of individual variances in BMI, sex, age, pregnancy, menopause status, 

and non-static scenarios is necessary for developing a more precise metabolic rate 

prediction method in a built environment context. Human metabolic rate field 

measurements, the creation and validation of metabolic rate devices, and the 

identification of comfort zones in buildings with certain metabolic rates are the three 

areas that are covered in the Luo et al. (2018) study. The study by Na et al. (2019) 

reported that the MET value is higher in males than females because of the higher 

BMI. 

The transient phase of activity changes and the thermal comfort relationship of the 

human body are emphasized by W. Ji et al. (2018). The metabolic rate changes at 

different activity levels and thermal comfort effects are studied by W. Ji et al. (2018). 

Researchers used the CO2 evaporation value to calculate the metabolic rate in a 

motion state.  

The accelerometer, heart rate sensor, and indirect calorimetry devices have captured 

related data from 43 individuals in research by Nakanishi et al. (2018). Research 

focuses on estimating metabolic equivalent by using wearable devices in daily 
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activities. For more accurate MET estimation, five multiple regression models were 

evaluated. Hasan et al. (2016) also used wearable devices to provide feedback on the 

metabolic values of occupants to calculate more reliable PMV values. 

K. Zhang et al. (2004) offer improvements to the PMV model for usage where 

occupants have high metabolic rates and conducted a study in a sports facility for 24 

months using empirical thermal comfort data.  

2.4.2.3 Energy Expenditure in Physical Activity Research 

High energy expenditure is manifest in the high level of human activity. The linear 

correlation between human activity level and energy expenditure is presented by H. 

Lee et al. (2009). According to previous work, a high activity level was associated 

with increased energy expenditure. The relationship between the accelerometer and 

energy cost presents valuable information regarding physical activity classification 

based on intensity levels (Hills et al., 2014).  

The labelled water method has high accuracy in energy expenditure calculations that 

measure 24-hour energy expenditure under daily living conditions. This approach is 

sufficient for daily energy expenditure and cannot separate analyses into hourly or 

minute parts. Questionnaires are another way of measuring physical activity and 

calculating energy expenditure using a mathematical formula (intensity x time), but 

the accuracy of this approach is questionable (Ohkawara et al., 2011). Subjective 

measurement methodologies for physical activity were reviewed by Elsts et al. 

(2018). Ohkawara et al. (2011) research supported accelerometer usage in energy 

expenditure and activity intensity estimations in free-living conditions and referred 

to a potential tool for promoting active life with a cost-saving approach. Midorikawa 

et al. (2007) reported that previous studies worked on moderate-intensity physical 

activity, such as slow walking, but low-intensity daily activities are ignored. The 

author hypothesized that EE estimation methods could improve through daily 

lifestyle physical activity and measurement developments. EE estimation is made by 
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Midorikawa et al. (2007) using total acceleration with regression-based equations. 

The defined thresholds to categorize accelerometer values regarding PA intensity 

comes from energy expenditure estimations. Midorikawa et al. (2007) also compared 

the vertical acceleration value used to identify low-intensity physical activity and 

predicted energy expenditure with triaxial acceleration and only vertical 

acceleration. H. Lee et al. (2009) benefited from formulas based on data from 

acceleration signal measurements that have been used to calculate energy 

expenditure. The authors estimated the association between the vibration level on the 

floor and the level of energy usage. Information concerning spectral and temporal 

changes can be found in the time-frequency representation of foot signals (H. Lee et 

al., 2009).  

Because they are affordable and wearable, heart rate and accelerometer methods are 

currently used in energy expenditure estimation research. In contrast to specific uses 

of heart rate sensors and accelerometers, the combination of heart rate and 

acceleration data usage is seen to be more practical in EE estimation. A literature 

review found that combining them improves accuracy. Sindre M. Dyrstad (2014) 

compared energy expenditures in different exercises with the accelerometer and 

heart rate monitor. Zumba exercise has performed with wearable accelerations and 

HR monitor and EE is estimated depending on collected data and their comparisons. 

Accelerometer and HR-monitor correlation was tested with Pearson correlation 

coefficient for the detection of the similarity theoretically. If EE estimate exclusively 

uses heart rate sensors, low-intensity exercises may produce erroneous findings (Yan 

& Chen, 2022). EE monitoring during the Tabata exercise utilized the acceleration 

and heart rate data combination resulting in accurate estimations of EE. Strath et al. 

(2001) followed a similar approach and concentrated on estimating EE using motion 

and heart rate sensors.  

The energy expenditure level detection is related to health outcomes. By detecting 

the energy expenditure and activity levels at home, H. Lee et al. (2009) research 

focuses on promoting the occupant's health conditions with the help of the sensor 

environment in smart homes by using MEMS accelerometer sensors. Some research 
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benefited from health-related data for energy expenditure calculations. Vähä-Ypyä 

et al. (2015) used heart rate measurements for estimating energy expenditure based 

on the knowledge from the literature; heart rate is shown for high energy expenditure, 

especially in high-intensity physical activities. The general approach for estimating 

energy expenditure in physical activities is accelerometer usage. A linear correlation 

is observed during the whole exercise time in Yan and Chen (2022) research between 

heart rate and energy expenditure, but accelerometer indexes are weakly correlated 

with EE.  

The measurement of physical activity information and its relationship with energy 

expenditure are presented by Hills et al. (2014). Physical activity level measurement 

explained regarding physical activity and energy expenditure in free-living 

conditions. DLW technique is applied for calculating total energy expenditure. Daily 

physical activity intensities were estimated by Ohkawara et al. (2011), with subjects 

performing 14 activities using triaxial accelerometers in a laboratory environment. 

All of the tested wrist-worn heart rate measurement devices (Apple Watch, Basis 

Peak, Fitbit Surge, Microsoft Band, Mio Alpha 2, PulseOn, Samsung Gear S2) EE 

estimations, however, were found to be outside the permitted error range by 

Shcherbina et al. (2017). People and researchers have received recommendations for 

health-related improvements regarding the limitations and advantages of heart rate 

and energy expenditure estimations.  

Indirect calorimetry was used to measure energy expenditure during each activity, 

and MET were used to measure physical activity intensities.  

For the extraction of useful accelerometer data, activity intensity estimation using 

METs is the most used methodology for estimating energy expenditure. The most 

common method is the clear interpretation of acceleration data and energy 

expenditure used to gather reference values for activity intensity with MET 

(Arvidsson et al., 2019). The MET value depends on the total activity-specific energy 

expenditure and the resting energy expenditure measurements. Both can be gathered 
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from oxygen uptake measurements, while the resting energy expenditure value can 

be predicted by age and sex-dependent equations.  

Yan and Chen (2022) classified wearable devices for estimating energy expenditure 

measurements as pedometers, accelerometers, heart rate sensors, and multi-sensor 

combinations. The test is believed to be unsuitable for measuring daily activities in 

bulk because of its high price. Pedometers are motion sensors that can count steps 

while in motion. When calculating energy expenditure using a pedometer, the 

constraints on various walking speeds and the non-walking situation are a mystery. 

The position of the wearable accelerometer affects the information gathered about 

motion and causes an issue with EE estimation (Yan & Chen, 2022). Based on their 

established relationship with acceleration, energy usage can be calculated. Lyden et 

al. (2011) tested the energy expenditure prediction equations for three different 

accelerometers. The ground truth is gathered by indirect calorimetry and wearable 

accelerometers used. The research used 4 Actigraph prediction models, 5 Actical 

models, and 2 RT3 proprietary models to estimate energy expenditure. The selection 

of the best-fitted equipment is crucial as a case-specific result. They produce the 

count value results according to captured acceleration. The study's findings 

supported the idea of insufficiency of Actigraph, Actical, and RT3 accelerometers, 

referred to as the most used accelerometers by Lyden et al. (2011) in estimates of 

EE for a wide range of activities.  

The only acceleration data is insufficient for comprehensively assessing activity and 

needs a validation of MET or EE prediction models, which gathers output from 

acceleration (Lyden et al., 2011). 

A challenge in activity monitoring is the availability of variable regression models 

to predict energy expenditure depending on accelerometer counts (Lyden et al., 

2011). The confusion about the EE prediction models that use acceleration counts in 

literature. The significant differences in estimates reported by Lyden et al. (2011) 

for the time spent in variable activities. The energy expenditure equations are 

referred to as insufficient in the range of activities and intensity classifications  
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(light ≤3 METs, moderate 3-5.99 METs, vigorous ≥6 METs) (Lyden et al., 2011). 

The study results proved that EE estimation equations are not provided accurate 

estimations for classifying activity intensities. The vigorous activity is the most 

misclassified and the general population or wide range of activities and levels 

estimation model study detected as absent by Lyden et al. (2011). 

The Tabata workout model is used by Yan and Chen (2022) for energy expenditure 

models in lab tests. The Tabata exercise concept includes high-intensity movements. 

The exercise model is preferred because it promotes activity at a low cost and 

requires little equipment. The activity counts calculated using cut-off points 

benefited from previous physical activity intensity classification research. Activity 

information is grouped as sedentary, light, and moderate to vigorous. The 

classification depends on the cut points in light of the corresponding MET values.  

For those attempting to choose the appropriate cutpoints for the acceleration data 

specifically for their situation, the many cut points for the more precise estimates of 

physical activity energy expenditure produce a complex database. 

To demonstrate how effective machine learning models are as case studies, EE linear 

regression models are described, and references to them from the literature are given 

in Yan and Chen (2022) research. The authors compared the accuracy of back-

propagated neural network prediction models and linear regression. Shifting the 

physical activity energy expenditure estimation to regression calibrations from raw 

accelerometer signal features and motion patterns with the help of appropriate 

machine learning techniques resulted in more reliable models (Troiano et al., 2014). 
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CHAPTER 3  

3 RESEARCH METHODOLOGY 

This chapter includes the methods and tools used in this study. Firstly the conducted 

experiment is explained regarding the general structure and context explanations. 

Then the experiment sessions are explained in detail. The experiment context 

depicted and the experiment scenarios are defined with a description of participants 

and benefited tools and devices. The collected experiment data is presented. 

The design methodology encompasses data collection, processing, analysis and 

presentation of findings.  

3.1 Design of Experiment 

The experiments are conducted in three independent parts. The same experiment 

processes were completed except for the changing dance figures. 

Experiments were carried out at Hacettepe University Elective Courses Building in 

Ankara, Turkey. The chosen dance training hall locates on the ground floor of the 

building. The basement floor serves as a cafeteria for students and academics and the 

chosen hall for the experiment is only used for dancing practices by student groups 

regularly. 

As previously mentioned, the floor and covering materials and the structural 

characteristics of the building are effective on the captured acceleration strengths. 

The structural system of the building is a reinforced concrete frame system. Parquet 

flooring covers the dance hall's reinforced concrete slab surface. The mechanical 

floor plan of the building is shown in Figure 3.1.  
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Figure 3.1. Hacettepe University Elective Courses Building practice saloons 

mechanical plan (up) and photograph of the training hall (down) 

The subjects of the experiments are Hacettepe University Children and Youth Folk 

Dance Group members, a group of amateur dancers aged between 16 -28. A total of 

eight dancers were the subjects of the experiment for each session and different 

dancers practiced; however, total dancer number is adjusted as the same for each 
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experiment. The study intends to record collective information as floor vibrations 

without identifying particular individuals. 

Turkish folk dance is performed with selected movements during experiments. The 

folk dance is a group dance type and incorporates synchronized motions. Different 

heart rates can occur from variations in the flow of the practices. The practice phases 

are shown in collected data visualizations additionally. Movements from folk dances 

were chosen by the experts without any selection criteria except for differences in 

intensity levels of motions. The selection process of the movements is subjective, 

and the experts' perception is important. Different types of dances were conducted 

in each experiment hence physical activity intensity can be different in Experiment 

1 (E1), Experiment 2 (E2) and Experiment 3 (E3). The experiments are comprised 

of the periodic practice process of folk dances. Typically practices include warm-up, 

training, and cool-down sessions. The break occurs between practice sessions to 

prevent fatigue from feeling too much effort.  

An accelerometer, built into every smartphone, is the primary data-collection sensor. 

Three smartphones from the same brand, Huawei, were mounted on the floor in 

different locations in a room with double-sided tape to record accelerations 

sensitively. Heart rate measurements for the estimation of physical activity intensity, 

were made by Huawei smartwatches from two randomly selected female dancers 

during experiments. Validation measurements with two smartphone embedded 

accelerometers for acceleration and one with a smartwatch for heart rate 

measurement have been done. Depending on the literature on gender effects on heart 

rate, the selected dancers are preferred to be of the same gender, female, for more 

reliable heart rate measurement validation. Gender differences' effect on heart rate is 

reported by Maciejczyk and Feć (2013), as shown in Figure 3.2.  

Additionally, the whole practice process was recorded by video to correlate with time 

and movement in the evaluation process of this research.  
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Figure 3.2. Male and female dancer's heart rate graph (Maciejczyk & Feć, 2013) 

3.2 Experiment Session 

The three conducted experiment processes are explained in this section of the study. 

E1, E2 and E3 have done in March, and April 2023 during weekends. The 

experiment subjects first filled Consent Participation Form to validate their 

participation. For the subjects of the experiments that are aged under 18, parents' 

consent participation form was filled out by their parents. These forms informed the 

participants about the study objectives and their contributions. The required ethics 

committee permissions for planned experiment sessions have been taken from two 

universities, Middle East Technical University and Hacettepe University, long 

before the experiment processes.  

 

Figure 3.3. The experiment context and smartphone locations  
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Experiment borders in the exercise hall are shown by blue and approximate 

smartphone locations during an experiment pointed by dark blue in Figure 3.3. As 

seen in Figure 3.4, sensors settled in the experiment area under chairs. 

 

Figure 3.4. Experiment setup in the training hall  

In Hacettepe University practice areas, eight amateur dancers performed chosen 

traditional Turkish dance movements systematically, which is the group’s periodic 

practice process. The experiment subjects’ ages ranged from 16-28. Three 

independent experiments were conducted. The experiment durations were close to 

each other and ranged between 40 to 44 minutes.  

The regular practice process consists of approximately 5-8 minutes of warm-up, 30-

35 minutes of practising with short breaks for refreshments and 5 minutes of cool-

down sessions. 

A camera recorded every moment of the practice, while the smartphones’ integrated 

accelerometer sensors captured the floor vibrations. The video recording was used 

to synchronise the acceleration and heart rate data to detect of exact times of 

performed activities. At which time which activity was performed and its effect on 

the floor and the person’s heart rate was researched with the help of recorded practice 

video. The video was not published or presented anywhere and was recorded for just 

the evaluation of the thesis author and advisors.  
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During practice, sessions randomly selected two dancers who wore smartwatches 

from the same brand with smartphones to measure their heart rates for the estimation 

of activity intensity during dance practice.  

Double-sided tape was used to bind three smartphones to the floor to reduce reflected 

vibrations. It aimed to directly capture floor accelerations by strapping the devices 

to the floor. The iDynamics Android application was used to gather and store 

acceleration data collected by the smartphone-embedded accelerometer sensors. The 

University of Kaiserslautern developed the iDynamics application as a structural 

analysis and dynamics tool. The university research group aims to assess 

smartphone-embedded data collection, storage, and evaluation processes. 

The placement locations of three smartphones are selected to capture maximum 

acceleration. Smartphone acceleration capture range with the selected application is 

higher in closer steps to the device, while far interactions couldn’t catch with the 

sensor. Three smartphones were used for minimizing vibration losses depending on 

application and device limitations. Collected three acceleration values from different 

sensors at the same time were aligned by using MATLAB Software. One signal is 

selected for the research and the other two signal is used for the data validation.  The 

z-axis acceleration is used as an input.  

Because smartwatches and smartphones vary in use, measurements may range 

slightly. In order to minimize these kinds of errors, the same brands' of smartwatches 

and smartphones were preferred to be used.  
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Figure 3.5. Benefited applications, devices and tools organization 

 

Figure 3.6. The iDynamics Android application during acceleration recording 
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3.3 Data Analysis 

E1, E2 and E3 were evaluated individually. The data analysis process, used 

methods and tools are explained in detail. 

Acceleration and heart rate measurements and video recordings establish the 

obtained data in this thesis. The floor vibrates when the foot makes contact with it. 

Peak points in raw acceleration data are referred to in the literature as foot strikes (H. 

Lee et al., 2009). The high readings at the peaks indicate that this step experienced 

frequent high vibrations. Three smartphones were used simultaneously in the same 

context to acquire the floor acceleration values. To identify floor vibrations, the 

collected Z-axis acceleration is employed. 

In this investigation, the heart rates of two people wearing smartwatches were 

measured by dance exercise adjusted smartwatches during whole practice process.  

        

 

Figure 3.7. Heart rate during dance exercise by Huawei Health application (left) 

and Fit Companion application (right) 

With a smartwatch interface or a smartphone app that is integrated with a 

smartwatch, users can access the collected heart rate data. Although the "Huawei 
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Health" application maintains heart rate, additional applications must be used to get 

the data. Through the "Health Synch" Android app, Huawei Health can sync with 

the "Google Fit" Android app. Google Fit data, which is synced from the Huawei 

Health app is exported using the "Fit Companion" application. 

In an analysis of an experiment, a video recording is used to follow the relationship 

between motion type, acceleration, and heart rate measurements.  

The gathered acceleration and heart rate data are trimmed by additional seconds at 

the endpoints to provide a certain minute of the end time. The collected data is stored 

as a .csv file and exported to a computer for analysis. All of the data processing and 

analysis steps were conducted in MATLAB (R2023a, The Mathworks Inc., Natick, 

MA, USA).  

The iDynamics program collected the acceleration readings using 50 Hz sample rate. 

A smartwatch with a maximum sampling rate value of 0.2 Hz was used to measure 

heart rate. To equalize sample rates and achieve more accurate signal analysis results, 

resampling is applied to data that were recorded. Using the MATLAB Signal 

Analyzer Toolbox, a sampling rate of heart rate is adjusted to 50 Hz. 

Unprocessed, raw acceleration data contains noises. There are methods for extracting 

those noises mentioned in the literature containing various filters depending aimed 

output. Bayes denoising method with sym wavelet type and level 8 median 

thresholding is applied to heart rate and acceleration measurements as the default 

denoise parameters in MATLAB Signal Analyzer Toolbox in denoising.  

Before processing the correlation algorithms on time series, normalization of signals 

is further offered in the literature. Data is normalized by using center 0 

normalizations, to ensure reliable results when comparing signals. 

Depending on the analysis research, the most suitable method for this research 

dataset and research aims is selected.  

Due to their time-based character, the collected heart rate and acceleration 

measurements are referred to in statistics as time series. The time series analysis 
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methods in statistics mainly require stationary time series, however, nature or health-

based time series are generally nonstationary. Wavelet spectral analysis is a method 

that can assist non-stationary and noisy time series by making spectral 

decomposition and detecting dominant variabilities in time and scale. Wavelet 

spectral analysis deals with non-linear, nonstationary and noisy time series (Polanco 

et al., 2011).  

By figuring out the lag differences, the cross-correlation function (CCF) in statistics 

is useful for examining the relationship between time series. The cross-correlation 

function assesses how similar two signals or time series are. The method searches 

for linear correlation between time series and evaluates the correlation by ranging 

from -1 to 1. Negative values represent a negative correlation between variables 

while positive values lead to a positive correlation. CCF explained by Polanco et al. 

(2011) capture the temporal correspondence between series for the preliminary 

estimation of possible relationships after removing the trends of the variables.  

Time series analysis relies on a few descriptive statistical methods; however, they 

are ineffective at identifying the relationships between the signals. The simple cross-

correlation functions have a few limitations are listed. In CCF each time series must 

be normally distributed, none of them shouldn’t be autocorrelated and all data should 

be on the same scale. According to these limitations, Souza and Elix (2018) 

emphasized inadequate cross-correlation function (CCF) results and offered to use 

the wavelet cross-correlation method. The authors reported that the cross-correlation 

function can result in unreliable outputs while wavelet cross-correlation can identify 

correlations between series. Wavelet cross-correlation can define a two-series 

correlation in terms of scale and time.  

Wavelet analysis in literature is used extensively in neuroscience, signal processing, 

climatology, meteorology, geophysics, ecology, economy, health sciences, etc. 

Wavelet analysis is useful for time-frequency localization. The frequency domain 

data have some advantages in the extraction of beneficial features with wavelet 

analysis. The frequency-based data can present valuable information about time 
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series. Measuring frequencies rather than time provides a chance for the detection of 

phase relations, shifts and co-movements between signals.  

Fourier transform is a method to transform time domain data to a frequency domain.  

The wavelet analysis method is more efficient to detect correlation in time series 

rather than Fourier transform, because of the advantage of wavelet analysis on 

localization in time and frequency while the Fourier transform makes localization 

only in frequency (Pall et al., 2018). Wavelet analysis preserves the temporal 

characteristics of a signal while, a common model for spectral analysis, Fourier 

analysis removes the temporal character of data (Sobecki et al., 2017).  

For the evaluation of interactions, the cross-Fourier spectrum is reported as 

insufficient by Issartel et al. (2014) because of the lack of temporal information. 

Wavelet cross-correlation differs from Fourier cross-correlation in being able to 

localise the information in the time-frequency domain. Additionally, Fourier 

transforms to a reconstruction of the signal to its frequency components, which 

requires stationary data (De Michele et al., 2003). However, most of the biomedical 

signal is nonstationary with changing frequency patterns. Wavelets usage’s 

advantage is referred to the use of varying window sizes means wider windows for 

low frequencies and narrower ones for high creates an optimal space for time-

frequency resolutions (De Michele et al., 2003).  

 

Figure 3.8. Time-frequency plane (Torrence & Compo, 1998) 

Silik et al. (2021) analysed acceleration signals for damage detection in structure and 

monitoring structural health. Wavelet analysis types are grouped as discrete wavelet 

transform and continuous wavelet transform. The continuous wavelet transform is 
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explained as a set of frequency bands of a logarithmic scale to divide the signal with 

a series of bandpass filters (Silik et al., 2021). Continuous wavelet transform (CWT) 

serves as an optimal decomposition of time series as localized in the frequency 

domain. For the application of cross-wavelet and wavelet coherence methods, the 

continuous wavelet transform of the time series needs to be calculated. Signals are 

offered to be normalized by Pering et al. (2014) before processing the CWT 

technique. 

A plane of time-frequency is a scalogram. Scalogram is a visual representation of the 

signal in time, scale/frequency and power spaces. Scalograms are used for the 

evaluation of the sequences of the dynamic changes in time series. The strength of 

frequency in scalograms is represented by colours. Wavelet scalogram and wavelet 

co-scalogram explanations are made by Sobecki et al. (2017). Coscalogram 

combines the data as a graphical interpretation.  

The cross wavelet transform (XWT) method can be used to compare the dynamics 

of the time series, shows the amplitudes distribution, allows for the quantification of 

differences and the lag and researches how two signals are changing or evolving 

concerning cause-and-effect relationships between various time series. The XWT 

approach is appropriate for measuring the degree of synchronization and evaluation 

across time, as well as the similarities and contrasts between the two time series 

(Issartel et al., 2014).  By assessing common frequencies and the difference in phase 

at a particular frequency, the cross-wavelet transform (XWT) approach enables 

measurement of the relationships between time series. Time-frequency 

representation of XWT provides information on the strength of the interaction for 

each frequency concerning the time scale. The XWT method can be used to identify 

overlaps in time, frequency, amplitudes, or abrupt changes in time or frequency 

(Issartel et al., 2014).  

The XWT approach can be used with any form of continuous data at the same 

sampling rate (Issartel et al., 2014). XWT technique is used to compare two signals 

that must be time series with the same length and sampling rate (Pering et al., 2014).  
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If different sampling rates occur, Issartel et al. (2014) propose resampling techniques 

to achieve sample rate equalization.  

Wavelet-based analysis tool in MATLAB Software is used for preprocessing, 

visualization and statistical analysis by benefiting from its user-friendly interface and 

easier data analysis potentials in research Pering et al. (2014). MATLAB Wavelet 

Toolbox is useful for the application of the CWT and performs well in the 

visualization of mother wavelets. The appropriate processing algorithms can 

evaluate with the usage of the MATLAB graphical user interface (GUI) developed 

by Sobecki et al. (2017). Graphical representation of the results provides a qualitative 

measurement of data dynamics and processes.  

Cross-wavelet analysis and wavelet coherence are referred to as powerful methods 

for testing linkages between two-time series (Esper, 2011). Wavelet power 

coherence is a measure of the correlation between two signals, in other words, 

normalized cross-spectrum in power and phase (Esper, 2011). Wavelet coherence 

(WC) is a localized correlation coefficient in time frequency space. Phase coherence 

presents information about the possible lags in a relationship of time series.  

Coherence values range from 0 to 1 to demonstrate how much two signals are related 

in terms of power and phase in specific frequency and time. 1 represents the 100% 

response energy and strong relationship, co-movement of both time series. Cross 

wavelet coherence function compares amplitude coherences and the colour scale 

represents the strength of the coherence. Deep blue to yellow shows the spectral 

strength from weak to strong. Low wavelet coherence shows asynchronism between 

signals comes with independent movements of signals. Normalization has been done 

Riedi and Gon (2015) while computing wavelet coherence by dividing the moving 

average by the moving standard deviation. Biased results without the normalization 

of data can occur (Riedi & Gon, 2015). Cross-wavelet transform (XWT) is efficient 

in the detection of high wavelet powers between two continuous wavelet transforms 

(CWT) while wavelet transform coherence (WTC) is for the detection of the 

correlation between two continuous wavelet transforms (CWT) in time emphasizing 

significant periodic signals by not depending on cross-wavelet power (Pall et al., 
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2018). In the WTC plot phase locked arrows within contours are referred to by Pall 

et al. (2018) as the strongest sign of the persistent periodic signal. In summary, WTC 

analysis highlights significant and stable periodic behaviours in time intervals  (Pall 

et al., 2018). 

N. Ji et al. (2019) aimed to research continuous wavelet transform-based methods 

and appropriate mother wavelet models for gait event detection. The two different 

gait events were tested with different mother wavelet selections by using the CWT 

algorithm. Morlet wavelet is selected for usage by Grinsted et al. (2004) providing a 

good balance between frequencies and time localizations. According to Silik et al. 

(2021) research, the most appropriate wavelet type is the Bump wavelet for 

evaluation of temporal organization hence damage detection in structures. However, 

the author reported, the type of wavelet analysis depends on the objectives of the 

research and the data form and there is no consensus about the most suitable wavelet 

type and a case-specific approach is needed.  

The results of the analysis are open to changes that depend on filtering and 

processing techniques in wavelet analysis (Pall et al., 2018). As an example, XWT 

peaks are highly dependent on smoothing applications. Pall et al. (2018) added the 

XWT spectrum needs to be normalized for more reliable results in detecting high-

power areas. In WTC analysis, the spectrum is normalised. Cantilever response and 

driver force relationship are discussed benefiting by wavelet correlation technique 

(Banfi & Ferrini, 2012). Banfi and Ferrini (2012) pointed high correlation between 

two series is not always represent any kind of correlation of cause-effect relationship. 

This situation can be explained by having a high common power at a specific time 

and frequency without any correlation is a problematic issue.  
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CHAPTER 4  

4 FINDINGS 

In this chapter, wavelet analysis findings from acceleration and heart rate time series 

are summarized and discussed. The examination of the association between heart 

rate readings and floor vibrations is intended to discover any potential connections. 

Graphical interpretations are used to explain the conclusions that were drawn as a 

result of conducted experiments signal analysis. MATLAB Software's wavelet-

based analysis tool is used for preprocessing, visualization, and statistical analysis 

because of its user-friendly interface and simpler data analysis potential.  

First, graphs are used to evaluate the time domain of the time series. Additionally, z-

axis acceleration and heart rate measurements have been compared using a time-

frequency analysis that was obtained from the wavelet analysis techniques. 

A sample dataset was used to test the 3 different wavelet analysis tools from literature 

developed by Grinsted et al. (2004), Pering et al. (2014) and Sobecki et al. (2017). 

After the evaluation of outputs regarding this research aims, tools that are developed 

by Grinsted et al. (2004) and Sobecki et al. (2017) are combined in this study for 

wavelet analysis of time series. These tools are also widely adapted in literature for 

climate, biology, neuroscience, geophysics, and economy fields. 
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E1 

 

E2 

E3 

 

Figure 4.1. Raw acceleration signals and heart rate signals for each set of 

experiments (E1-E2-E3) 

Figure 4.1 displays the synchronized heart rate and acceleration data from 

experiments 1(E1), 2(E2) and 3(E3). One heart rate and one acceleration signal are 

selected from each of the experiments for signal analysis processes and other sensor 

data are used for data validation.  
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E1 

  

E2 

 

E3 

  

Figure 4.2. Selected acceleration and resampled (0.2 Hz to 50 Hz) heart rate signals  

E1 is conducted with eight subjects and the practice lasted 44 minutes. Practice 

contains warm-up and zumba sessions at the beginning, folk dance practices with 

small breaks and cool-down sessions. Below, the graphs continue with the 

presentation of E1 results. 
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One widely used method for the transformation of signal from a time domain to a 

frequency domain is to use Fourier transform. When compared to the Fast Fourier 

Transform approach, scalograms provide more in-depth information regarding the 

frequency that includes temporal information. Smaller and faster oscillations in time 

series can be followed by frequency values. Temporal dynamics of frequency 

components can detect with scalograms. Scalograms move signal representations 

from 1D (time-acceleration) to 2D (time-frequency-acceleration) and show signal 

features at various scales. Lower and higher oscillations are represented by using 

colours in scalograms. While the vertical axis displays the frequency values, the 

horizontal axis represents temporal information in minutes. 

 

Figure 4.3. Scalograms of acceleration(left) and heart rate(right)- E1 

Several peaks appear in the heart rate scalogram at 100 mHz and 10mHz while in 

the acceleration scalogram peaks occurred at 10 Hz and higher frequencies. The 

oscillations are often intense in high frequency ranges from 1 to 10 Hz and higher, 

as indicated in the acceleration scalogram. The periods of 6–10, 12–17, 24–31 

minutes, 35th and 39th minutes contain higher oscillations in the acceleration 

scalogram. The heart rate scalogram shows a lower frequency than the acceleration 

signal, roughly between 0.003 and 0.1 Hz. The higher oscillations occur at 7th and 

11th minutes, 20-21 and 30-35 minutes. 
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Figure 4.4. Coscalograms of acceleration and heart rate signals in E1, E2 and E3 

respectively 

Coscalograms are the integrated version of scalograms of two time series. Wavelet 

coscalaogram is a visualization of the cross energy of two processes and their local 

correlation (Sobecki et al., 2017). Time, frequency and correlation rate are displayed 

on coscalogram axes. The colour intensity shows the strength of a frequency. Graphs 

show overlapped amplitudes of acceleration and heart rate time series in Figure 4.5. 

Throughout the experiment, signals exhibit phase correlation, especially at lower 

frequencies visible in coscalograms. 

Banfi and Ferrini (2012) pointed out, to refer strong connection between time series, 

oscillations must be phase locked. The phase relationship is researched with a cross-

wavelet and wavelet coherence analysis. Cross-wavelet analysis and wavelet 

coherence were reported as powerful approaches to test linkages between two time 

series by Grinsted et al. (2004). The wavelet coherence (WTC) and cross wavelet 

transform (XWT) plots are created a depending present article that uses Cross 

Wavelet and Wavelet Coherence Toolbox developed by Grinsted et al. (2004). 

Cross-wavelet transform provides valuable insight into the comparison of two 

similar signals (Agarwal et al., 2016). The purpose of the cross-wavelet analysis is 

to find time series coordination. These plots are being used in research to assess 

common power in the frequency and temporal domains. Temporal dynamics and 
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power, phase variations are accessible with cross-wavelet transform. The wavelet 

approach is not required stationary datasets (Fujiwara, 2016), (Araujo et al., 2000).  

The respective phases are indicated by arrows on the XWT and WTC figures. XWT 

graph presents; the signal cross variables strength and phase differences by using the 

angular orientation of arrows. In-phase peaks are indicated by phase-locked right 

arrows. The left arrows denote anti-phase behaviour without any apparent causal 

connections. In-phase relationship means two series move in the same direction 

while an anti-phase means they tend to move in the opposite direction. A downward 

arrow indicates a lag between the first and second time series, while an upward arrow 

indicates a lag between the first and second time series. In conducted analyses, 

acceleration attended as a first series and heart rate attended as the second series. 

Grinsted et al. (2004) reported Morlet wavelet is appropriate for time and frequency 

localization. The Morlet wavelet is utilized while testing the proposed dependence 

between time series. 

 

 

Figure 4.5. Acceleration and heart rate signals normalized y-axis representation 

with activity type information during E1 
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Figure 4.6. Acceleration and heart rate cross wavelet transform (XWT)- E1 

XWT graph in Figure 4.6. presents an insight into the temporal changing 

relationships with a time-frequency map for phase difference detection.  

The colours in the panels represent the spectral power for each frequency and time. 

Yellow colours are evidence of the strength of the common power between the two 

time series in the frequency plane.  

The relative phases are identified and local phase differences are represented by 

arrows between an oscillator and the driver data. According to the XWT graph of E1 

in Figure 4.6., in-phase relations are observed at 6-7 minutes, 10th minute and 24-25 

minutes regarding plotted areas with a 5% significance level. After 10 minutes, 

arrows pointing downwards show that x leads to y, in this thesis, acceleration leads 

to heart rate. The portions with the highest intensity are found at lower frequencies 

and correspond to coscalogram interpretations. 

The edges of a cone of influence (COI), shaded areas, are not localized in time based 

on edge effects' potential for producing incorrect results. By displaying curving lines, 

the edge-affected regions have been overlooked. 5% confidence levels are framed 

with black lines. It is possible to discriminate between valid and invalid estimations 

using shaded regions and black-line framed regions.  
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Figure 4.7. Acceleration and heart rate wavelet transform coherence (WTC) -E1  

The wavelet transform coherence plot shows how coherent the cross wavelet 

transform is in time frequency space. The horizontal and vertical axis display time 

and the period (1/frequency). Warmer colours mean higher dependence while colder 

signifies lower dependency.  

As shown in Figure 4.7. main periods of correlation occurred in lower frequencies. 

The lead/lag phase relations can be observed with arrows. The downward arrows 

show that the heart rate has a lagged relationship with acceleration. The clear 

acceleration leads to heart rate relationship is shown between 10-30 minutes. 

The 5% significance levels in the WTC are framed by black lines.  
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Figure 4.8. Acceleration and heart rate wavelet coherence- E1 

Wavelet coherence shows the relation strength at a specific time and frequency value 

without any lag or lead information. The stronger coherences are detected in 5.5-6 

minutes, 10-14, 21-22, 26-27 minutes and 37th minutes in E1. The blank spaces 

signify that they are outside of the statistical confidence interval of 95%. 

A second experiment was conducted in the same setting for 42 minutes with eight 

amateur dancers. The graphs below were made to evaluate the outcomes of  E2. 

The practice process evolves with a warm-up, and choreography as a starter and 

continues with folk dance practices with mini breaks and ended with a short cool-

down session.  

 

Figure 4.9. Scalograms of acceleration(left) and heart rate(right) in E2 
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The frequency-time plane shows acceleration signal frequency ranges from 0.1 to 15 

Hz. According to colours that represent the power of the signal, the higher 

frequencies have been observed in between 12-16, 23-28 and 34-38 minutes. 

The frequencies range from 0.03 to 1 Hz in heart rate measurements. The higher 

amplitudes were observed in between 10-15, 20-25 and 30-35 minutes in low 

frequencies, approximately 0.01 Hz. It is possible to observe pre and after stimulus 

before and after peaks in oscillations by following colours before and after higher 

magnitudes.  

 

 

Figure 4.10. Acceleration and heart rate signals normalized y-axis representation 

with activity type information during E2 
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Figure 4.11. Acceleration and heart rate cross wavelet transform (XWT) – E2 

The XWT graph in Figure 4.11 exposes regions with high common power and phase 

relationships. Significant peaks are visible at 8-16, 20-25 and 33-36 minute intervals. 

Outside the areas with significant power, the phase relationship in general observed 

in-phase and lagged relationships. In places with a 5% significance level, 

observations taken with the naked eye are also discernible. 

The developers of the MATLAB tool, Grinsted et al. (2004), mention a physical 

relationship can be seen when phase lags are constant or slowly fluctuating. 

 

Figure 4.12. Acceleration and heart rate wavelet transform coherence (WTC)- E2 



 

 

110 

WTC represents the local correlation between two CWTs. Localized synchronization 

of the time series can be observed from wavelet transform coherence plots. WTC 

discovers locally phase-locked behaviour where XWT exhibits high common power 

(Grinsted et al. 2004). 

Phase relation observed in Figure 4.12 at low frequencies approximately at 10-21 

minutes. Later, arrows indicate that acceleration leads to heart rate. The visible 

correlations regarding 95% confidence level, are evidence for in-phase relations and 

lagged relationship between heart rate and acceleration during E2.  

5% statistical significance level of the wavelet coherence is estimated using Monte 

Carlo methods depicted by Grinsted et al. (2004).  

 

Figure 4.13. Acceleration and heart rate wavelet coherence- E2 

The coherence plot shows the correlations and their strength at specific times and 

frequencies. The correlations are observed approximately the whole experiment 

between time series. The more powerful correlations in terms of amplitudes were 

observed at the 1st minute, 5-8 minutes, 12th minute, 17-20 minutes, 23rd minute and 

37th minute.  
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A third experiment (E3) is conducted in the same setting for 40 minutes with eight 

amateur dancers. The session started with warm-up exercises, continued folk dance 

practices with small breaks and concluded with cool-down exercises. The graphs 

below were made to evaluate the outcomes of E3. 

 

Figure 4.14. Scalograms of acceleration(left) and heart rate(right) in E3 

Frequencies are higher in acceleration signal than in heart rate signal similar to E1 

and E2.  

According to colours that represent the power of the signal, the higher frequencies 

have been observed in 5-10, 19-20, 23-25 and 33-34 minutes of an acceleration 

signal. 

The higher amplitudes were observed in 5-6, 14-15, 18-22, 25-27 and 32-38 minutes 

in low frequencies, approximately 0.01 Hz in heart rate signal.  
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Figure 4.15. Acceleration and heart rate signals normalized y-axis representation 

with activity type information during E3 

 

Figure 4.16. Acceleration and heart rate cross wavelet transform (XWT) – E3 

Continuous wavelet transforms of two time series are used to construct the cross-

wavelet transform. 

As shown in Figure 4.16., the 2nd, 5th minutes, 8-13, 18-19, 24-25 and 31-34 

minutes are the significant peak points.  
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Figure 4.17. Acceleration and heart rate wavelet transform coherence (WTC)- E3 

In-phase and lagged heart rate relations are observed at low frequencies during 

approximately 8-17, 20-29 and 33-40 minutes shown in Figure 4.17. Arrows 

represent that acceleration led to heart rate and at some points, variables affecting 

each other synchronically. The visible correlations regarding 95% confidence level, 

are evidence for in-phase relations and lagged relationship between heart rate and 

acceleration. 

 

 

Figure 4.18. Acceleration and heart rate wavelet coherence- E3 
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As shown in Figure 4.18., the most powerful correlations can be detected with 

information of specific frequency and time. The colour scale represents the power of 

the correlation. The warmer colours interpret the stronger correlations and the most 

visible of them occurring at the 9th minute, 13-14 minutes, 15.5th, 17.5th, 22nd, 27th 

and 37th minutes.  

 



 

 

115 

CHAPTER 5  

5 DISCUSSION 

The study inferences have discussed the potential of human-induced floor vibrations 

for usage in the improvement of indoor comfort conditions in sports spaces. This 

research offers synchronization of indoor environmental control parameters with 

floor acceleration data. 

In order to study the significant aspects of recorded experiment findings, the 

researchers used wavelet analysis techniques to investigate the acceleration-physical 

activity relationship. Various wavelet continuous analysis techniques have benefited 

to understand the correlation between heart rate and acceleration signals.  

The main findings of this study are: 

- Correlation occurs between floor accelerations and physical activity changes  

- Observations and graphical representations show a lag between heart rate and 

acceleration measurements. 

Heart rate and physical activity are directly associated, as has been shown in earlier 

work. The results of this thesis demonstrate that heart rate and floor acceleration have 

a delayed relationship. This study put out the hypothesis that indoor activity levels 

can be represented by floor accelerations. It is clear from the correlation between 

floor vibrations and physical activity that floor accelerations could be a useful 

building management strategy.  

The link between room temperature and activity level is indicated in the literature 

and detailed explanations have been made in, “Building Systems in Activity Spaces 

regarding Comfort”, a section of this thesis.  

26 °C is reported as the standard temperature setting in buildings in the literature. 

Comfortable temperature settings can only be provided with cooling systems. When 
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acceleration rises in that environment, it is necessary to adjust the temperature or 

ventilation in order to make the room more comfortable. Our solution is to provide 

clean air intake in time with changes in the floor's acceleration.  

From the literature, Shi et al. (2022) determine 22 °C- 25 °C are suitable for 

anaerobic exercise which is closer to a neutral temperature, Zhai et al. (2020) 

mentioned ACSM recommends a 20-22 °C temperature for all physical activities 

with 60% relative humidity in space and The International Fitness Association (IFA) 

recommends 18-20 °C in gyms. These ranges are reported in the literature on 

preferred indoor temperatures in a sports environment. The intended temperature 

ranges for levels of low, medium and high ventilation assumed are 18–20 °C, 20-22 

°C and 22-25 °C, respectively. 

Table 5.1 Proposed indoor ventilation levels 

Proposed Ventilation 

Levels 

Proposed Range 

(Spectrogram Colour Scale) 

Aimed Indoor 

Temperature (°C) 

Low 0-0.36 22-25 

Medium 0.36-0.72 20-22 

High 0-1.100 18-20 

 

 

 

Figure 5.1. Ventilation levels in Experiment 1 
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Figure 5.2. Ventilation levels in Experiment 2 

 

 

Figure 5.3. Ventilation levels in Experiment 3 

High, medium, and low ventilation levels are suggested. The ventilation level ranges 

are determined depending on wavelet spectral power. The wavelet power spectrum 

measures the energy density in time and frequency domains that are obtained by the 

square power of the wavelet amplitude. The power of the signal can be followed 

from the spectrum power graph in the frequency domain and the spectrogram in the 

time domain. The acceleration data of each experiment is windowed by 20-second 

intervals and the power spectrum of these intervals is evaluated for the detection of 

suitable ventilation range adjustments.  

A spectrogram is used for spectral analysis and the proposed ventilation in each of 

the experiments is shown in the graphs in Figure 5.1, figure 5.2 and Figure 5.3.  
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The graph is on top in Figure 5.1., Figure 5.2 and Figure 5.3. shows acceleration data 

integrated with proposed ventilation levels in low medium and high degrees. The 

bottom graph shows the power spectrum of the signal and the spectrogram presents 

the power of the signal in the time-frequency plane.  

The ventilation level thresholds are settled from 0-1.100, as shown in Table 5.1. 

These threshold values come from spectrogram colour scales of three experiments. 

The power ranges are 0-1.10, 0-0.45 and 0-0.60 at E1, E2 and E3, respectively. 

Depending on these values, the ranges are assumed as 0-0.36 low ventilation, 0.36-

0.72 medium ventilation and 0.72-1.10 high ventilation.  

 

 

Figure 5.4. The logical framework of the proposed model 

By developing a management system based on real-time measurements of occurring 

floor accelerations, ventilation range adjustment may be accomplished 

automatically. As a result, more comfortable indoor conditions can be created 

without involving the building's mechanical system, and the process can be cleverly 

carried out with the aid of floor-mounted sensors. 
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CHAPTER 6  

6 CONCLUSION 

This chapter includes the summary of this thesis by emphasizing the pros and cons 

of this research. The concluding remarks are highlighted, and the study's limitations 

and potential are examined. Future research directions are stated lastly. 

This thesis offers a model based on human-induced floor vibrations and physical 

activity relationships. As seen in Figure 5.4, occupants and the building automation 

and management system interaction can benefit from floor vibration data for real-

time system monitoring according to occupant data.  

The three experiments that characterize this thesis, as well as their analysis in terms 

of feature correlation and inference with a ventilation system proposal, support the 

hypothesis that integrating physical activity outputs with a building's HVAC 

management system can provide comfortable indoors for performers within a space. 

Depending literature review on the insufficiency of the PMV model that is currently 

in use approach in buildings to provide comfort, the research and experiments are 

conducted to develop an indoor comfort model that benefits from floor vibrations to 

understand indoor activity intensity in real-time.  

The correlation between physical activity and created floor vibrations is analyzed 

and discussed aiming to benefit from activity space floor vibrations in an 

improvement of indoor comfort conditions with a synchronization-based approach. 

Wavelet analysis techniques are applied to two time series for relation analysis 

between acceleration and heart rate signals. Depending on the observed and analysed 

relationship between collected heart rate and acceleration signals, the ventilation 

ranges are proposed depending on conducted experiments during dance training.  
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The approach is an offering from the author and needs more contributions from 

different disciplines to provide engineering background between featuring systems. 

6.1 Potentials and Limitations of the Research 

This study collected data by aiming to reach a generalizable output and making 

activity intensity estimations coarsely. The selected test group includes people from 

a narrow age group, young people from 16-28 ages. The same study can conclude 

differently with different age groups because of the physical activity intensity 

perception difference. This situation represents difficulties in the generalization of 

study outcomes to populations.  

This study ignores the external effects of floor vibration that can occur in a building. 

There could be any impacts on the floor in other building rooms or some machine 

usage that creates vibration. Additionally, some movements in sports or dance are 

softer and more controllable; hence the produced vibration is insufficient for 

collection, making them impossible to detect the accelerometer during these 

movements. While some movements may not accelerate, they can nonetheless 

positively impact heart rate. The offered acceleration-based system may conclude 

with an inaccurate result in some activities. 

Smartphone accelerometers were used in the data collection process. Regarding the 

phone's brand and model, the specifications for the accelerometer sensor, such as 

weight, may alter. These potential variations are not considered in this study's data 

collection. The smartphone application is more successful in capturing closer 

effectors to the device. The far motions from the device may be missed. Another 

limitation of this study could be the accelerometer sensor encompassing area 

limitation. Additionally, the same model phone and smartwatch configuration is 

preferred however specialized accelerometer or heart rate sensors can be used for 

more precise data collection.  
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Smartwatches' heart rate measurement accuracies are mentioned as successful in the 

literature. However, the same limitation with smartphones may occur with 

smartwatches of various manufacturers and models. Regarding heart rate measures, 

the watches' sensitivity varies. More precise findings are attainable with expert heart 

rate measurement equipment. 

Only some of the experiment subjects’ heart rates were measured with limited 

wearable smartwatches. The collected heart rate measurements are used as a ground 

truth for the activity intensity estimation; however, inconsistency in heart rate 

measurements because of personal dependencies, mood, health status, emotional 

state, physical differences, etc., could occur.  

This study conducts experiments while participants perform a folk dance. Additional 

dance or sports can provide a range of outcomes. More studies using a variety of 

physical activities can lead to more generalizable outcomes. 

Data analysis relies on feature extraction and comparison methods based on 

continuous wavelet transforms. Techniques for a variable wavelet-based signal 

analysis are often utilized in literature in a variety of fields, including climatology, 

geophysics, meteorology, and economics. More detailed signal analysis can be made 

by experts for more precise detection of causal relationships. This study is the first 

study in an architecture field, to our knowledge, that has used wavelet-based signal 

analysis. 

6.2 Future Work  

This research contributes to using accelerometers as a part of the building by aiming 

to roughly sense activity intensity in space. The approach of this thesis is to 

contribute to the human building interaction by the involvement of occupants in the 

management of the building system without distracting people with wearables or 

cameras. The indirect measurement method is preliminary work for the activity 

intensity estimation within the space. The integration techniques and technologies 
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should be researched for the indirect measurements and the building management 

system to provide more comfortable spaces to users. 

Evaluation of the collected acceleration, learning, and analytic methods choice and 

application, the device selection criteria, and the location of the accelerometer in 

wearable or deployed cases are some of the critical thresholds in the physical activity 

field. Some methods referred to in this thesis occurs privacy and security concerns 

because of the data collected from people. Privacy and ethical issues should be 

solved, especially for data collection without informing the users.  

Optimizing building management systems is a complex and multidisciplinary 

process; thus, the data evaluation, machine learning, analytical methods, and 

development of sensor and wireless technologies open new horizons for future 

studies. The contributions of the various disciplines and previous researches present 

valuable information and are crucial to reach efficient and innovative human-

building interactions. According to Troiano et al. (2014), researchers looking for 

novel models in accelerometer techniques can start with the raw accelerometer signal 

data currently available, and the analytical process approaches. 

The research context and studied sports or dance types can be varied and tested with 

different experiment scenarios or in field experiments. According to additional 

research, generalizations can be made thoroughly referencing the kinds of sports. 

Future research should focus on integrating occupant data and building management 

systems economically and efficiently to contribute to indoor environmental 

conditions regarding context, activity, and occupant requirements. The study could 

be evaluated as preliminary research about activity intensity estimation as a general 

inference gathered from human-induced floor vibrations using basic and reachable 

sensor configurations. Implementing physical activity outputs to the building’s 

HVAC management system can provide comfortable indoors for performers within 

a space.
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