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Abstract

:

Energy consumption in buildings depends on several physical factors, including its physical characteristics, various building services systems/appliances used, and the outdoor environment. However, the occupants’ behavior that determines and regulates the building energy conservation also plays a critical role in the buildings’ energy performance. Compared to physical factors, there are relatively fewer studies on occupants’ behavior. This paper reports a systematic review analysis on occupant behavior and different modeling approaches using the Scopus and Science Direct databases. The comprehensive review study focuses on the current understanding of occupant behavior, existing behavior modeling approaches and their limitations, and key influential parameters on building energy conservation. Finally, the study identifies six significant research gaps for future development: occupant-centered space layout deployment; occupant behavior must be understood in the context of developing or low-income economies; there are higher numbers of quantitative occupant behavior studies than qualitative; the extensive use of survey or secondary data and the lack of real data used in model validation; behavior studies are required for diverse categories building; building information modeling (BIM) integration with existing occupant behavior modeling/simulation. These checklists of the gaps are beneficial for researchers to accomplish the future research in the built environment.
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1. Introduction


Primary energy consumption has increased annually over the past decade. In particular, the building construction industry accounts for a substantial part of national and global energy consumption. In advanced nations or countries, buildings consume around 20–40% of primary energy [1]. For example, buildings in the United Kingdom are accountable for 39% more energy consumption than in other European nations, which is slightly greater than the average energy consumption (37%). Similarly, in the United States, the residential and commercial building sectors are responsible for approximately 41% of total energy usage, while 74% of the energy was used only for electricity in 2014 [2,3]. Hong Kong’s buildings sectors contribute around 61% of total greenhouse gas emissions and also constitute about 90% of total energy consumption [2,4]. In Japan, the energy usage by buildings sectors accounted for 28% of total energy consumption; 13.2% and 14.8% in the commercial and residential industries, respectively. As stated by the International Energy Agency (IEA), The construction industry in Japan became the biggest energy end-user in 1999 [5,6]. Thus, energy consumption from construction and building operations is expected to boost by 1.5% per year over the 2012–2040 period under the regular communal scenario, and it may double or even triple by 2050 as compared to 2010 [7,8,9].



According to the International Energy Agency–Energy in Buildings and Communities (IEA-EBC), Annex 53 [10], the overall building performance can be affected by six parameters, including building envelope, climate, energy and service systems, interior design conditions, building operation and maintenance, and occupant behavior [11,12]. Reviewing the current studies on building energy savings, one can find that most of these studies focus on so-called operational energy, including energy and service systems, and building and maintenance. However, moving beyond the technical approaches researched by these studies to buildings parse, changes in occupants’ energy-use behavior have recently been found to be a relatively economical alternative in saving building energy. Occupant behavior (OB) is generally defined as the occupants’ behavior towards building energy-related operations, i.e., controls of appliances such as lighting, HVAC (heating, ventilation, and air conditioning), or of windows, blinds, and so forth [13]. However, it has been observed that accurate predictions of OB have rarely been achieved as a result of their arising from the inherently different characteristics of individuals [14].



The building performance simulation (BPS) platform is an effective and cost-efficient option for analyzing and improving the building design and energy management, while a precise input of occupant behavior is fundamentally important [15,16]. Additionally, BPS can be used in the operating stage to check the real building performance and diagnose the building systems that may not work correctly. If refurbishment or re-modeling is required during the maintenance stage, the most energy-efficient retrofit model can be identified with BPS [17]. In other words, BPS can be used to assist the fault detection in the HVAC operation, and forecast the possible energy savings associated with system-level modifications and building redesign or retrofits, in order to increase the building’s energy performance [14,18]. In contrast, a prevalent and significant source of error in existing BPS tools under realistic circumstances is the inaccurate or misleading input parameter associated with occupant behavior and building operation [18]. Another constraint is the inability of BPS to simulate realistic building performance [19]. In order to achieve accurate and reliable outcomes [18,20], it is necessary to simulate the building under realistic circumstances, including occupant behavior (OB) [21]. In general, OB is mainly represented by the setting of indoor temperature, scheduling of equipment, lighting, and HVAC systems [22,23]. These are highly variable and totally unpredictable for individual occupants or groups of occupants [24,25]. These parameters also have a significant impact on real energy consumption, as well as overall building energy performance [11,23]. Nowadays, BPS incorporating occupant behavior has the ability to predict almost-real energy consumption [26]. Improving the knowledge of occupant behavior is therefore essential for assessing its influence on the overall output of the building [27]. In order to understand the energy–behavior interaction, the latest studies in residential and commercial buildings have found that occupants’ behavior within an indoor atmosphere has a twofold impact on both the total building energy and the occupant’s comfort with the quality of indoor environment [28]. Given to this energy–comfort connection, researchers no longer have the luxury of treating occupant-related factors as a boundary condition. In other words, the following of default assumptions about the behavior of occupants in energy modeling has disappeared. As such, in the latest simulation studies, the method of simulating occupant behavior has gained growing attention, with several approaches being applied to mimic the conduct of occupants in buildings energy research [29].



The building occupant is an important part in the built environment, and its eminence in building energy research has recently started to receive more attention [18]. Since occupant behavior has been revealed as one of the most critical parts for building energy conservation at the design and operation stage, several methodologies or approaches have been developed to identify and analyze the comprehensive behavior for allowing the utmost building energy conservation [4,30,31]. However, the influence of occupant behavior on building energy consumption is very complex, as it is reliant on several factors or determinants [32]. The building occupants provide the major, most cost-effective possibilities for energy efficiency and the largest co-benefits. Considering the importance of occupant behavior in building energy performance and the lack of a systematic review, this paper aims to provide a timely review of the state of the art literature on occupant behavior research. It is obviously difficult to capture a holistic understanding of occupant behavior and its influence on building energy conservation. Particularly, the following questions remain unanswered: (a) What is the current understanding of occupant behavior and influential determinants related to buildings’ energy consumption? (b) What kind of drawbacks and limitations are involved in the existing occupant behavior modeling approach? (c) How has behavior research progressed and what are the further research gaps? This review study tries to address the above questions through a systematic review study described in the subsequent section.



Thus, the remaining parts of the study present the methodology adopted; the co-occurrence of keywords; an overview of the occupant behavior modeling approach with benefits and drawbacks; occupant behavior with regard to monitoring to obtain the relevant information; influential parameters; the challenges and opportunities of OB in building energy conservation.




2. Methodology of Literature Review


As shown in Figure 1, the methodology adopted in this study is built on a systematic review of the most relevant research that addresses the issues related to occupant behavior in terms of building energy conservation. This review includes relevant articles that are already published in peer-reviewed academic journals, while unpublished research works, conference papers, policy or industry reports, short communications, etc., are excluded. The proper justification behind this is that peer-reviewed articles are considered the most valuable sources of data or information, as greater academic precision is involved in their research publications [33]. The systematic search of the literature was conducted using the most popular search engine, namely the Scopus and Science Direct database, to retrieve the related articles for this review study. Moreover, Scopus has been preferred over other search engines, for example, Google Scholar and Web of Science, while to review the literature on a specific issue or topic Scopus has been considered as the best and most useful search engine [34].



Using document type “Article or Review”, date range “Published 2010 to 2019”, and the “Article Title, Abstract, Keywords” section of Scopus, the search for articles relevant to occupant behavior modeling for building energy conservation was accomplished using the following keywords: “occupant behavior”, “modeling”, “building”, “energy conservation”. It is also noted that these keywords may not be very comprehensive, but they are helpful in finding a possible number of relevant articles for this analysis. The reason for selecting the period 2010–2019 is because the relevant research in the last decade was very active, especially in the last few years [11]. The initial search identified approximately 143 papers. With a focus on articles published in building-, energy-, and construction-related peer-reviewed journals, 98 articles published in more than 28 different peer-reviewed journals were selected. Furthermore, several articles just mentioned the selected keywords in their title, abstract or keywords sections, and thus they are excluded. After the detailed screening, a total number of 83 articles (Scopus and Science Direct) were selected for further comprehensive analysis. The trend in different keyword combinations by year and journals from the Scopus database are shown in Figure 2, Figure 3, Figure 4 and Figure 5.




3. Network of Countries/Regions and Co-Occurrence of Keywords


A network was created showing the contribution and collaboration among various countries. The network diagram of countries was first generated using the VOSviewer software (version 1.6.15). The bigger the size of a node of a country, the higher the number of connections of the country to other countries in the network. The level of link among countries (shown as connecting lines), determined by the total link strength, depicts the collaboration strength among countries in publications. A thicker link between two countries indicates a stronger collaboration in terms of article publications (as shown in Figure 6).



The network reveals interesting findings on research collaboration and the contribution of some countries. The United States of America (USA), UK, People’s Republic of China, Italy, Canada, Austria, Australia, Hong Kong, UAE, Netherlands, Germany, and France, in descending order of degree values, are the top listed countries, with high degrees and high total link strength. These countries are the greatest contributors with a strong collaboration network with regard to the occupant behavior literature. The highest total link strengths between countries were observed among the following pairs: USA–People’s R. China, USA–Italy, USA–UK, USA–UAE, USA–Canada, USA–Netherlands, USA–Hong Kong, People’s R. China–Australia, People’s R. China–Italy, People’s R. China–Austria, People’s R. China–France, Canada–Italy, Italy–Ireland, and UK–Italy. Except for People’s R. China in these pairs, the other countries are developed countries. One possible reason for the strong link strength among these countries could be cross-country case studies and comparative studies.



Besides the countries/regions, this review study also performed a comprehensive keyword analysis using the VOSviewer tool. According to Zhao [35], keywords represent the main contents of an article and indicate the trend of the development of research topics. Similarly, Su and Lee [36] stated that a network and knowledge map of keywords depicts the knowledge structure of a particular field of research. It also reveals emerging elements and shows the dynamism of the knowledge structure. Prabhakaran et al. [37] mentioned that keywords show the “paradigm” and “paradigm shifts” in a field. Therefore, a keywords co-occurrence network was generated to determine the evolution of knowledge in occupant behavior studies during the last few decades. Figure 7 shows the network for only keywords that exceeded the occurrence frequency of 5 in the selected reviewed articles.



The size of the node is a depiction of the frequency of occurrence of the keywords, while the link and the total link strength attributes indicate, respectively, the number of links of an item with other items and the total strength of the co-occurrence links of a given keyword with other keywords. Totals of 48 nodes, 697 links, 1619 link strength and five clusters were generated.



During the last few decades, several keywords have garnered the attention of researchers and the industry, which are worth noting (as shown in Appendix A and the network in Figure 7). The 10 most frequent keywords include “Energy Utilization”, “Buildings”, “Energy Efficiency”, “Occupant Behavior”, “Office Building”, “Behavioral Research”, “Energy Conservation”, “Architectural Design”, “Performance Assessment”, and “Simulation”. The findings indicate that these keywords have received comparatively much attention in the occupant behavior literature. However, the other keywords had relatively low frequencies and total link strengths.




4. Overview of Occupant Behavior (OB) Modeling and Simulation


Building occupants insight not only hinders the completeness of the building energy model, as improper data of the occupants prompts errors in accurate building energy estimation. In spite of the fact that occupant behavior (OB) is difficult to estimate because of the stochastic nature and randomness of people, it is important to investigate the common pattern of people’s behavior and incorporate the data with the energy simulation model. With regards to the assembled condition and building energy conservation, generally in places of offices or residential buildings, the key driving variable that changes occupants’ behavior is their physical comfort as opposed to other paradigms, for example, social and economic concerns [34]. Furthermore, the climatic or environmental conditions where a resident/occupant lives will cause adaptive behavior, while proper energy use may be ignored [38]. Thus, a strong occupant behavior model can possibly reproduce sensible building users’ responses to the diverse built environment. In the current modeling method, researchers typically pursue the specific methodology outlined in Figure 8.



The primary step of occupant behavior research is the collection of behavior data and other relevant variables, together with behavior modeling. In this regard, information related to occupant behavior and environmental or climatic data is collected [39]. The data collection approaches may be performed using the technology-based (e.g., sensor, smart meter, etc.) or survey-based systems. In addition, the selection of data collection approaches should be associated with the purpose of specific behavioral models/approaches. Then, the collected data and the preferred behavioral model will be used to analyze the building energy performance/conservation along with the integration of existing BPS tools (e.g., EnergyPlus, DesignBuilder, etc.) towards further comprehensive analysis. Occasionally, quantitative investigation is applied in the signifying part to collect relationships between the outdoor and indoor ambient conditions, and additional actions and behavior, along with a lot of logical elements (i.e., modeling). Through these analyses, several outputs that correlate with occupant behavior and energy performance can be determined. In order to validate the developed models, several evaluation approaches to the models have been conducted. This includes several experimental sections that represent an intervention or sequence of simulation experiments for the model validation using real data. It usually involves a time interval data record and the observation of ambient environmental factors (i.e., temperature, CO2, etc.), occupant energy consumption, behavior patterns, etc.



However, it is important where the procedure has not been completed once through, yet is repeated. For example, throughout the model improvement or assessment, it might be revealed that inadequate data or information were gathered [22]. Similarly, a developed model may prove to be unrealistic, while it is implemented into a behavior simulation tool, as the model data sources are not promptly accessible. In order to confirm that the created models are reliable and powerful, a precise model assessment/evaluation needs to be performed [12]. To put it clearly, if issues are disclosed throughout a given phase, the researcher may need to rebuild and re-repeat the analysis.



4.1. Classification of Occupant Behavior Modeling


Occupant behavior (OB) can be addressed quantitatively at a specific range, regardless of its complex and stochastic nature, through a method for scientific models’ development [39,40]. Due to the complexity of the occupant behaviors, researchers have tried to develop various behavior models in buildings through several approaches [41,42]. Papadopoulos and Azar [43] classified human behavior models into three different categories, such as the grey-box model built on the statistical and stochastic approach, the white-box model built on physical equations, and the black-box model, which is based on machine learning algorithms. According to Hong et al. [25], OB models can be classified into implicit models and explicit models. Implicit models deal directly with rules and regulations related to physical building systems (e.g., lights and windows), and include (i) probability calculations, (ii) statistical assessment, (iii) linear and logistical regression, (iv) occupancy-based control models (i.e., sub-hourly), and (v) Bayesian estimates. Explicit models address the rules and logics directly associated with the occupants, and include (i) Bernoulli process, (ii) agent-based modeling, (iii) Markov chains, and (iv) survival assessment. Moreover, from a detailed survey, one review [41] study offers model categorization in terms of whether the developed model is based on data, and therefore the authors categorized wide-ranging behavior models into data-driven and simulation-based approaches. In brief, modeling using data-driven methods involves an extensive amount of data to build a statistical model for selected occupant behaviors, although simulation-based energy models depend on empirical or pre-defined rules that control the occupant behavior configuration [44,45]. A comprehensive list of quantitative modeling for this review study is shown in Table 1.




4.2. Brief Review of Existing Quantitative Modeling Approach


4.2.1. Probabilistic or Stochastic Modeling


Probabilistic/Stochastic models capture and represent the probability that particular behavior occurs reliant on recorded or statistical information [46]. In general, there are three kinds of probabilistic or stochastic occupant’s behavior models: Bernoulli process [47], Markov chain [48,90], and survival analysis [49]. All three models have been used to address both occupant movement and action to control their building interior condition. The Bernoulli process is a sequence of Bernoulli random variables, and its occupancy model predicts the probability of finding a space occupied as a function of the time of day. Usually, Markov chain (MC) is mostly used as a probabilistic model [91]. It is a time series procedure wherein all conditions of the framework can be straightforwardly observed. Here, the future condition or state depends on the current state, and is not influenced by past condition or state. Another model is called the hidden Markov model (HMM), which accepts the potential conditions of a framework connected in a general Markov chain (MC). However, the conditions of the framework are hidden from direct perception; rather, every framework state is related to a probability distribution with a lot of noticeable factors. Several researchers have employed MC models to represent the occupant’s status and personal behavior standards. For instance, Liisberg et al. [50] used the hidden Markov model (HMM) to represent the occupant behavior that relied on indirect perceptions. Their study of typical probability reports as a function of time duration per day recognized four different occupant behavior profiles. Additionally, survival analysis (SA) is commonly used to evaluate the time-period of a state or events prior to a change, and it can be utilized to assess to what extent a building is probably going to be unaffected by building inhabitants or occupants [92]. Because of the randomness and occupant behavior disparity, stochastic or probabilistic models are more appropriate, as far as applicability and validity is concerned, for explaining the open coordination among the residents and building contexts than a deterministic or fixed modeling approach [51]. According to Gunay et al. [93], existing building performance simulations (BPSs) offer an integration opportunity with probabilistic or stochastic governing models. As such, this technique could be used to test the effect of occupant energy behavior. However, the problems of this technique cannot be neglected. This modeling approach is best suited for occupant long-term schedule formation or prediction. Comprehensive behaviors or occupant statistics are not explored with this technique [41].




4.2.2. Statistical Modeling


Statistical modeling is commonly built by constructing the numerical connection between occupant’s behavior and indoor/outdoor conditions, energy utilization or time duration. Its outcomes are interconnected by the occupancy state or the probability of observed behavior for a particular time [94]. This modeling can be directed to recognize the patterns of behavior in buildings [52,53]. Fabi and other researchers [54,95] incorporated the approaches to understanding the two-type behaviors in a commercial building (e.g., office), such as light turning on/off and window-opening behaviors [55]. Moreover, a common statistical model was used in a previous research study [95] where logistic regression has been used to examine the impact of human thermal motives on various types of behavior, such as doors, windows, and blinds on/off status. The researchers found that indoor conditions, such as temperature (°C), and CO2 (ppm), are more superior indicators than the outdoor conditions as driving factors of occupant energy behavior. Statistical modeling is a very common and conventional technique in occupant behavior modeling. In general, this practice is frequently used to analyze the relationship or connectivity between the building occupant behavior and numerous dynamic environmental conditions, i.e., indoor temperature (°C), CO2 (ppm) and relative humidity (%). However, statistical analysis needs to be upgraded from different perspectives. Firstly, this system is only confined to one or two fixed categories of behavior analysis; for example, the status of a light switch on/off and window opening [51]. Even though this technique is straightforward and worthwhile, it is problematic to develop a comprehensive/wide-ranging model, as is further incorporation with the building energy simulation tools (e.g., EnergyPlus). Secondly, it does not matter in what way the higher probability is forecasted for the occupant behavior pattern, but in the real-life system, the occupant may behave in or follow another pattern, depending on individual mindset and general circumstances [2,56,92]. As such, incorporating true-behavior data (i.e., real data) into the statistical methods will be a better strategy for identifying the human behaviors in buildings.




4.2.3. Data Mining Technique


The data mining approach has been utilized in several of the latest investigations on human behavior [40,59]. It is the process of discovering patterns in a large data set. Usually, it requires an enormous database and immense information storage when used in behavior investigation [60]. The usage of data mining to describing human behavior trends, and its application in the study of building energy performance, are increasing. D’Oca and Hong [59] employed a three-phase data mining process that involves occupant status data sets from 16 offices in Frankfurt, Germany. It offered some insights into understanding an occupancy profile for the office occupants. The main advantage of this technique is data collection and management, which is easy to execute. From the earlier investigation, only occupancy or energy consumption(kWh) data were recorded. The enormous amounts of data on building energy consumption and the energy used by individual appliance have become accessible. Zhao et al. [61] built up an “indirect” real-world data mining technique employing office appliances’ energy consumption as a representative (i.e., proxy data) for occupants’ “passive” behavior. Their study found that the average level of specifically categorized individual behavior occurrences was 90.29%. Additionally, their experimental outcome indicated a genuinely stable occupancy pattern, while taking into account a wide variety of individual behaviors of using a piece of office equipment or an appliance. Whereas a great level of precision in standard behavior profiling or prediction can be accomplished, the implementation of this technique is limited to occupancy and appliances usage in individual buildings, potentially because of inadequate information and limited access to other behavioral and energy consumption data [62]. In most investigations to date, just domestic energy consumption data have been utilized for data mining studies of households’ standard behavior patterns [16]. This method is intended to overcome the weaknesses of the previously mentioned techniques, especially when managing enormous data streams, by suggesting reliable occupant behavior models with the great potential for a quick examination and better replication [30,59,96]. In the opposite sense to the data mining approaches, agent-based modeling (ABM), a simulation-based approach that is usually built on real buildings, has been initiated within the occupant-centered virtual environment. As a powerful simulation-based system, recently ABM has become most popular for the occupant behavior modeling approach in the built environment.




4.2.4. Agent-Based Modeling (ABM)


In the past, researchers have applied much effort in modeling buildings’ occupant behavior using various methodologies. One of the methodologies is the application of the agent-based modeling concept, which could be appropriated for behavioral prediction from the occupant’s individual level to a group level [16]. ABM is a simulation-based framework that consists of single or multiple autonomous actors, called “agents”, which interact with each other and their exterior/interior environmental state according to definite behavior rules. Labeodan et al. [97] also described ABM application in multi-agent structures, which included self-ruling agents, to simulate agents’ interactions or relationships with one another within the environments under definite rules and directions. Such rules are essential to the energy simulation process, as they specifically characterize how and when agents interact or collaborate with each other by following the conditions within the environments. ABM has been implemented for building occupant interaction by Lee and Malkawi [68]. The study simulated different occupant behaviors in an office building. They analyzed five explicit behaviors: adjusting clothes level, activity level, space heater/individual fan use, window use and blind use. The main purpose of this study was to evaluate how an agent balances the dynamic thermal variations in a prototype office space to improve both energy savings and comfort. This methodology permits the incorporation of ABM models in both behavior and building energy execution, and it might be utilized as an integrated simulation approach for occupant energy behavior in commercial buildings [70]. Additionally, in a behavioral study, ABM has the ability to manage the uncertainties of the real situation [12]. Likewise, all parts of an agent in ABM could be represented with the goal that the agents act and think like a human. Nevertheless, inadequacies or limitations remain as the application of the ABM model to building occupant behavior studies is still at the promotion stage. In the future, the completeness and comprehensiveness of ABM-based models must be technologically up-to-date [41]. Furthermore, most of the previous studies that implemented the ABM approach remained on simulation data only, with no or proper validation [12,39]. As one of the crucial purposes of promoting occupant behavior is to reduce the difference between simulated and real energy consumption, this discrepancy cannot be neglected.





4.3. Comparison of the Different Modeling Approaches


Since occupant behavior has been revealed as one of the most critical factors for building energy conservation at the design and operation stages, several methodologies or approaches have been presented to identify and analyze the maximum building energy conservation. Prominently, it might not be resolved that one specific technique/approach is more suitable than the other approach. However, it is essential to understand the benefits and drawbacks of all approaches, as well as the flexibility of the system. A brief comparative review of the above-mentioned four approaches for the occupant behavior study has been listed in Table 2.



From the overall modeling viewpoint, the ABM technique was recommended by the many researchers as the most effective modeling technique [98]. According to [67,68], ABM has the ability to control several behaviors together, and it can represent both group- level and individual relations of independent agents. Mostly, the ABM agent is capable of simulating each occupant by unifying characteristics, rules, or data items of the indoor/outdoor environment, as well as enacting a modification in behavior in order to accomplish a specified task. In contrary to other modeling techniques, ABM starts and ends with the agent’s perception and purpose. Each agent has individual characteristics that include behaviors and responses. They have the ability to interact with other agents, as well as building surrounding system, which is mainly controlled by user-oriented well-defined rules. These well-defined rules are the groundwork to model agents’ behaviors, interactions, and their relationships. However, there is a lack of proper agreement or rules for building a theoretical foundation for ABM model development [12,16]. Still, several problems exist in the latest ABM support behavior studies.





5. Influential Parameters of Occupant Energy Conservation (EC) Behavior


Energy conservation (EC) is defined as reducing the consumption of energy by using minimum energy essential services. There are numerous influential parameters that are directly or indirectly related to EC. The key influential parameters of occupant energy conservation (EC) behavior from this review study have been summarized in Figure 9. Usually, the existing approaches for achieving energy conservation goals mainly focus on systems-oriented optimization. Nonetheless, this review focuses on EC from a different perspective by highlighting the building occupant outlook [99], since maintaining the energy consumption by the occupant plays an important role in the building’s energy efficiency. For example, inadequate cooling or heating in space will cause occupant dissatisfaction with thermal comfort, and consequently incur increased control over their thermal conditions [63,70]. An illustration of such a type of control is the operation of a personal fan or space cooler, which will not only provide better occupant comfort but also consume more energy. The behavior, through occupant control of the built environment, is a usual form of rebound effect (i.e., psychological), which is opposing to building energy conservation in spite of the maximum efficiency accomplished by the building energy systems [100,101]. It also reduces the ability to make accurate predictions of energy requirement in the early design phase. So, it is critical to make design decisions that relate to building energy conservation.



In response to the thermal predictability, several studies claim that occupants are more satisfied with a change in thermal conditions in a specific climate [102,103], or occupants feel the necessity to react due to the changing environmental stimulation [77,89]. The concept of adaptation is not a new trend; both Persian Plateau courtyard houses and ancient dwellers in Mesa Verde caves migrated indoors in adapting to changing seasonal and diurnal climatic states [68]. This is also the theory behind the human adaptive comfort model, which focuses on the occupants’ enhanced tolerance to the indoor environment through thermal adaptation [104,105]. Among building occupants, activity type [56,59] can also be demonstrated as the effective control of their ambient thermal environment with regard to enhancing the the comfort level in the workplace (similar to occupants using personal fans or space heaters) [69]. The behaviors linked with these activities are of primary interest not only to define the indoor climate of occupying individuals’ space, but also help define how economic [3,106,107] and socio-personal [105] regulations may affect the style of energy consumption in the building. A limited number of earlier studies indicate the above relationship between the building occupant’s behavior and energy performance [108,109,110], which is also listed in Table 1. On the one hand, an advanced knowledge of occupant behavior will help us to develop a better energy prediction model, which would contribute to better controlled algorithms and systems design [111,112,113] as well.




6. Research Gaps for Future Study


6.1. Occupancy Centric Space Layout Deployment


The literature review revealed that most of the behavior research focuses on single prototype buildings, and several city-scale influences have not been studied properly, forming a highly recommended area for future research. Moreover, a few analyses have attempted to assess the impacts of interior space layout on building energy performance [32]. Numerous investigations have shown that layout can significantly affect building energy performance. Besides, the greater parts of these analyses are mixed space designs with different factors; for example, occupant’s movement and operation strategy [17], window to wall ratio [114], and shading framework [115]. In addition, at the micro-level, it includes the influence of building interior arrangement in terms of occupant layout preferences, fittings and fixtures, and thermal sensitivities on their energy behavior. It also specified that building space layout may impact occupant’s presence and movement, as it might link to the individual action or activities which occur at the specified position within a space [32]. The occupant’s presence and movement probability in a specific position is based on several functions (i.e., energy spot distance) of the space that could be simulated. So, occupant-centered design (OCD) techniques, for example, layout preferences, can add to seeing how and why individual occupants consume more energy [32], and this information can guide the plan regarding the interventions to advance energy conservation.




6.2. Understanding Occupant Behavior in the Context of Developing or Low-Income Economies


Beyond the fact that several approaches described for the above-mentioned model developments for the building energy monitoring field, still they are related to numerous difficulties and challenges that should be addressed effectively. This review work exposed that most of the existing research focuses on occupancy or occupants from high-income or developed economies, while information on occupants from low-income or developing economies still remains unclear, complex and conflicting. So, it is recommended that people from low-income or developing countries, and their energy-associated behavior in buildings, should be well-understood in terms of economic, social, and other behavioral contexts. Usually, the energy usage of a building is extremely dynamic, and also relies on multiple parameters in terms of socio-economic condition and energy conservation policy.




6.3. Lack of Qualitative Behavior Research Compared to Quantitative


As for a completed analysis, it is inevitable that both quantitative and qualitative information will be utilized. However, most of the current research used quantitative research techniques. In the earlier study, the researcher concentrated more on “what” occupant behavior is instead of “how” and “why” occupant behavior is created [39]. It needs to be noticed that to reduce the effect of human behavior on building energy consumption, it is important to have a comprehensive investigation of the construction pattern of occupant energy behavior, which implies the need for mixed-method techniques. Recently, a few researchers started to understand the significant role of mixed-method techniques when looking into the investigation of the nature of occupant energy behavior [11,39]. It is noted that mixed-method techniques in the field of energy-related occupant behavior are still at their early stages.




6.4. Exploitation of Survey or Secondary Data and Lack of Real Data Involvement for ABM Validation


One of the significant approaches within the preceding research studies used national surveys or secondary data and built ABM approaches without real data involvement [12,70]. A few scholars validated their ABM or behavior models using realistic data [12,69]. Quite often, the model depends on an example or improved model that may prompt questions of whether the simulated agent will play out the behavior in which genuine occupants partake, consequently prompting insufficiency in the model’s consistent quality. Just a few model-validation or -verification studies were seen in the earlier works of literature. In [67], a validation study led to the assessment of the ABM via perceptual control theory (PCT). The model’s outcomes were seen as practically identical to the field estimations for individual and accumulated projections. However, the model just assumed about thermally adaptive behavior, and the selected behaviors were validated. Putra et al. [69] studied the effect of load shedding on human comfort and behavior. The ABM involved mixed agents/operators and perception capabilities, and a few simulation states. However, just four of the simulation states were analyzed with calculated data, and the test outcomes failed to illustrate an adequate degree of precision.




6.5. Inclusion of Diverse Category’s Buildings and Big Data Stream


Approximately 85% of the peer-reviewed studies in this review work focused on the influence of occupant behavior on building energy consumption, particularly in terms of offices and residential buildings (33% and 52%, respectively). However, very few articles have examined educational or laboratory buildings. In addition, some other building categories, such as recreational, exhibitions, hotel, clinic, or hospital buildings, have been given sparse attention and require further study [19,31]. On this subject, the big data stream also offers a powerful system to illustrate the full effects of occupant behaviors via a diverse range of data. Besides this, big data will play an important role in automatically generalizing valid, novel, and potentially useful occupancy patterns from a large-scale data set [59]. It might be essential to establish a public process for data reporting to reap the advantages of occupancy data sharing for comprehensive occupancy modeling.




6.6. BIM Integration with the Existing Occupant Behavior Modeling/Simulation Approach


Nowadays, BIM implementation for all the advanced stakeholders has been developed because of the plentiful opportunities it offers for their construction schemes, including being value- and time-saving, first-rate and performance-improving, decreasing human resources and clash detection, and allowing greater collaboration and communication. BIM models can be used for behavior engineering analyses while occupant behavior simulation using BIM models is still lacking [3,45,98,116]. BIM-incorporated occupant behavior simulation in buildings helps researchers and engineers to identify the design deficiencies, and improve the overall building performance as well as the automation capability [117]. Thus, it is necessary to add another feature to the existing occupant behavior study for upgrading the simulation performance. However, occupant behavior studies using BIM technology are relatively lacking, leading to challenges in understanding the consistency between occupants and buildings.





7. Conclusions


The building occupants and their behavior are crucial components in our built environment, and their tremendous impact on building energy consumption has recently begun to increase in appreciation. The latest studies on occupant comfort and adaptive control, lighting control, HVAC control, operable window control and shading control are some of the research topics that have started to investigate the occupant behavior or behavioral influences in building energy performance. By reviewing the selected papers published from 2010 to 2019, this study identified the key influential parameters, different behavior modeling approaches, and remaining research gaps by means of systematic analysis. The review analysis revealed that personal (i.e., psychological, physiological), climatic (i.e., environmental, physical), occupant movement, building design, social, and economic criteria are the main features considered by the numerous researchers across the globe. There are mainly five categories of modeling introduced—probabilistic or stochastic, statistical techniques, data mining approach, agent-based modeling (ABM) and others (i.e., BPS, data-driven, ANN, etc.). These are relevant and well-known, and are still frequently used in the latest occupant behavior studies. In addition, as a powerful simulation-based system, recently ABM has become the most popular for the occupant behavior modeling approach in the built environment. The review study also identified six significant research gaps: occupant-centered space layout deployment; occupant behavior needs to be understood in the context of low-income or developing economies; lack of qualitative occupant behavior research compared to quantitative; lack of real data involvement for ABM validation; behavior studies are required for multi-categories buildings; and BIM integration with an existing occupant behavior modeling/simulation approach.



Technology alone will not accomplish building energy conservation targets. People and their energy-associated behavior in buildings should be evaluated for better energy performance. However, there are a few cases where this understanding of the occupant behavior plays a complete role in the decision-making system. So, the need to furnish occupant behavior modeling has attracted much attention from several researchers. Thus, numerous experimental/modeling studies have been conducted with insightful literature reviews to summarize the key findings. However, due to inadequate data collections, limited or restricted numbers of articles or keywords for review studies and limited scopes, this study provides a systematic review analysis through a keywords search of occupant behavior modeling. This systematic analysis has drawn findings from approximately 83 peer-reviewed articles published between 2010 and 2019 using Scopus and Science Direct databases. Based on the findings, this study has concluded that despite the tremendous achievement in occupant behavior studies for building energy conservation, other significant areas (i.e., the above-mentioned six research gaps) of occupant behavior need to be considered. In addition, comprehensive keyword co-occurrence analysis and research themes were also effective, providing an accurate representation of previous behavior studies while stating the plausible research areas, such as “building energy” and “energy efficiency” due to relatively low publications in these areas.



Despite the contributions of this study, there are limitations that are worth noting regarding the findings. The number of retrieved article records is limited due to the choice of keywords. It is important to note that the keywords used to conduct this study are not exhaustive. Moreover, behavioral factors and other findings of this study are based solely on peer-reviewed journals archived in the Scopus and Science Direct databases. Therefore, this review study has helped to focus the limited purposes of the study. By identifying the major contributions with more wide-ranging determinants of building occupant behavior, these contributions will serve as benchmarks for the relative analysis of the outcome of the study’s objective. For example, data collected from the US time-use survey (TUS) would be compared to findings from the more comprehensive or realistic contribution of other surveys or data.
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Table A1. Frequency and total link strength for the selected keywords.
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	Keyword
	Frequency
	Link
	Total Link Strength





	Energy Utilization

Buildings

Energy Efficiency

Occupant Behavior

Office building

Behavioral Research

Energy Conservation

Architectural Design

Performance Assessment

Simulation

Building Performance Simulation

Residential Building

Stochastic System

Survey

Computer Simulation

Energy Management

Air Conditioning

Stochastic Model

Thermal Comfort

Intelligent Building

Modeling

Indoor Air

Building Simulation

Regression Analysis

Space Heating

Building Design

Human Behavior

Heating

Energy Model

Energy Plus

Data Mining

Forecasting

Sensitivity Analysis

Optimization

Window Opening
	36

32

25

23

23

19

17

17

11

11

11

11

10

10

9

9

8

8

8

7

7

7

7

7

6

6

6

5

5

5

5

5

5

5

5
	47

45

45

39

44

38

37

35

37

35

33

33

29

30

28

26

32

27

28

33

30

25

24

24

26

17

21

26

18

25

21

24

18

18

16
	235

184

159

143

138

126

111

103

87

79

73

71

59

56

61

55

52

51

45

55

52

37

41

35

40

28

31

37

34

39

31

33

27

25

22
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Figure 1. Flow chart of review study. 
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Figure 2. The trend in keyword “Occupant Behavior”. 
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Figure 3. The trend in keywords “Occupant Behavior” and “Modeling”. 
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Figure 4. The trend in keywords “Occupant Behavior”, “Modeling”, and “Building”. 






Figure 4. The trend in keywords “Occupant Behavior”, “Modeling”, and “Building”.



[image: Buildings 11 00041 g004]







[image: Buildings 11 00041 g005 550] 





Figure 5. The trend in keywords “Occupant Behavior”, “Modeling”, “Building”, and “Energy Conservation”. 
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Figure 6. Network of countries/regions of research publication. 
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Figure 7. A network of co-occurrence of keywords from the selected articles. 
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Figure 8. The structural framework of behavior modeling and simulation. 
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Figure 9. Key influential parameters of occupant energy conservation (EC) behavior. 
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Table 1. List of quantitative modeling for building occupant behavior (2010–2019).
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Modeling

Approach

	
Study Goal/

Technology/Theme

	
Building

Category

	
Case/Study Location

	
Modeled/Targeted Behaviors

	
Tools/Platform

	
Occupants/

Datasources

	
Model

Validation?

	
References






	
Probabilistic or Stochastic

Modeling

	
To identify seven typical occupancy patterns using hierarchical clustering.

	
Residential

	
Belgium

	
Occupancy

sequences at (1) home and

awake, (2) sleeping or (3) absent.

	
Not Mentioned

	
Belgian

Time-Use Survey (TUS)

Household Budget Survey (HBS)

	
Not Mentioned

	
[46]




	
Integrating occupants’ presence and behavior data with the urban energy modeling tool.

	
Laboratory

	
Switzerland

	
Occupants’ presence, opening and closing windows, raising and lowering of blinds

	
CitySim

	
Survey data

	
Not Mentioned

	
[47]




	
Develop an approach for suitable recordings of occupants’ presence and simulation of single- to multiple-persons office environments.

	
Office

	
San Francisco

	
Presence of occupants

	
Not Mentioned

	
Passive infrared sensors

	
Not Mentioned

	
[48]




	
Modeled diary-based individuals’ daily activities for 24 h, starting and ending at 04:00 including weekdays and weekends.

	
Residential

	
Denmark

	
Occupancy pattern, energy-related activities

	
A questionnaire, a diary, and an expenditure booklet

	
Danish Time-Use Survey (TUS)

	
Not Mentioned

	
[49]




	
The application of hidden Markov models (HMMs) to create methods for indirect observations of energy consumption for 14 residences.

	
Residential

	
Spain

	
Electricity consumption/Occupancy pattern

	
Smart meter

	
Occupant survey

	
Yes

	
[50]




	
To estimate the predictive accuracy of four sets of models for window opening behavior.

	
Residential

	
Denmark

	
Window opening

	
Not Mentioned

	
Secondary data

	
Yes

	
[51]




	
Application of probability distribution for occupancy dependent input parameters such as air change rates, internal heat gains.

	
Laboratory

	
Italy

	
HVAC Energy

	
Not Mentioned

	
Sensor

	
Calibration

	
[44]




	
Statistical

Modeling

	
To determine behavioral patterns associated with the heating energy consumption and identify the household and building energy characteristics.

	
Office

	
Netherlands

	
Behavioral Patterns, HVAC systems

	
Not Mentioned

	
A household survey

	
Not Mentioned

	
[52]




	
To construct a multiple linear regression model for four specific parameters.

	
Residential

	
Ireland

	
Occupant characteristics of domestic electricity consumption patterns

	
Smart meter

	
Survey

	
Not Mentioned

	
[53]




	
Models of occupants’ interactions with windows and window opening behavior were judged using a simulation program.

	
Residential

	
Denmark

	
Window opening and closing

	
IDA ICE

	
Secondary data

	
Not Mentioned

	
[54]




	
A new approach to combine probabilistic user profiles for both thermostat set-points and window opening as well as adjustments into a building energy model.

	
Residential

	
Denmark

	
Thermostat and window opening occupant behavior

	
IDA ICE

	
Field monitoring campaign, sensor

	
Not Mentioned

	
[55]




	
To predict the occurrence and frequency of intermediate activities during office hours.

	
Office

	
Netherlands

	
Intermediate activity behavior in an office

	
Not Mentioned

	
Other resources

	
Not Mentioned

	
[56]




	
A model that gives the probability of air conditioning turn on, turn off.

	
Residential

	
China

	
AC Operation

	
EnergyPlus

	
Field measurement, temperature sensor,

Reco APP

	
Yes

	
[57]




	

	
To identify the effectiveness and potential of smart meters and real-time IHDs for reducing household energy consumption.

	
Residential

	
China

	
Electricity consumption pattern in two groups of occupants

	
Not

Mentioned

	
IHD, smart meter, and on-site installation

	
Not Mentioned

	
[58]




	
Data Mining

	
A three-step data mining framework to discover occupancy patterns in office spaces.

	
Office

	
Germany

	
Occupancy pattern /schedule

	
RapidMiner

	
Sensor

	
Not Mentioned

	
[59]




	
To investigate the occupants behavior for adjusting thermostat settings and heating system for a housing complex.

	
Residential

	
USA

	
Occupant behavior patterns (on/off space heating)

	
RapidMiner Studio 6.0

	
Sensor/Manual

	
Not Mentioned

	
[40]




	
A new methodology for monitoring energy consumption and end-use loads to build a review system.

	
Residential

	
Japan

	
Total energy consumption

	
Field measurement, a questionnaire

	
Secondary data (Japan)

	
Yes

	
[60]




	
To develop an indirect data mining approach using occupant passive behavior.

	
Office building

	
USA

	
occupancy schedules

HVAC operation

	
Fitbit FlexTM pedometer,

Bluetooth Dongle

	
Plugwise wireless smart meters

	
Yes

	
[61]




	
To propose an inexpensive and minimally invasive approach to recognize the behavioral data from environmental factors.

	
Residential

	
China

	
AC operations

	
Algorithms developed to recognize the AC operations

	
Wireless data collection system (WiFi gateway)

	
Yes

	
[62]




	
To model the occupancy pattern by cluster analysis, decision tree, and inducted rules.

	
Office building

	
USA

	
Occupancy pattern/schedule

	
Matlab 2015 and RapidMiner 6.5

	
Sensors

	
Yes

	
[30]




	
To investigate the correlation between energy-related behaviors and cooling energy consumption including empirical data.

	
Residential

	
China

	
Energy-related behaviors of male and female

	
Matlab7.0

	
Energy Management

System and questionnaire

	
Not Mentioned

	
[63]




	
To examine the influences of occupant behavior on building energy consumption using basic data mining technique (cluster analysis).

	
Residential

	
Japan

	
HVAC, hot water, lighting, refrigerator, other house works

	
WEKA

	
Field measurement, questionnaire, inquiring survey

	
Not Mentioned

	
[64]




	
Agent-Based Modeling

	
To propose a new agent-based approach for building energy modeling by considering diverse and dynamic energy consumption profiles among the occupants.

	
Commercial (Office)

	
USA

	
Light, blinds, hot water

	
AnyLogic/

e-Quest

	
Secondary data

	
Not Mentioned

	
[65]




	
To propose a new co-simulation approach for smart homes that takes into account occupants’ dynamic and social behavior.

	
Residential

	
France

	
Inhabitants behavior profile, general

modeling (not specific)

	
Brahms, MATLAB/Simulink

	
Assumption

	
Not Mentioned

	
[66]




	
To develop and validate an agent-based model using data from a one-year field study.

	
Commercial

	
USA

	
Windows;

dans on/off; thermostat; clothing adjustment

	
MATLAB/EnergyPlus

	
Survey, data logger,

WhatsApp

	
Yes

	
[67]




	
New simulation approaches using agent-based modeling and coupling, the behavior impact on the thermal conditions, and energy consumption can be scrutinized.

	
Commercial (office)

	
USA

	
Window, blind; door; clothing adjustment; fan/heater

	
MATLAB/EnergyPlus

	
Secondary data/assumption

	
Not Mentioned

	
[68]




	

	
To evaluate in two office buildings that vary in terms of controllability and the set of adaptive actions available to occupants.

	
Commercial (office)

	
USA

	
Light, task light, blinds,

heater/fan; adjust clothes

	
NetLogo/EnergyPlus

	
Baseline survey, BMS

	
Yes

	
[69]




	

	
To represent a new OB modeling tool, that enables co-simulation with a BPS program (e.g., EnergyPlus).

	
Commercial (office)

	
USA

	
HVAC, lighting and window operation

	
obFMU, EnergyPlus

	
Prototype buildings

	
Not Definite

	
[25]




	

	
To construct and validate an occupant behavioral model with the visualization approach and calculation of quantification metrics.

	
Commercial (office)

	
USA

	
Window, blinds, and door

	
PMFserv

	
Sensor

	
Yes

	
[12]




	

	
The developed ABM framework is to illustrate the multidisciplinary approach required to capture the various aspects of building performance.

	
University Campus

	
UAE

	
Occupancy pattern/schedule, comfort level (PPD)

	
MATLAB-EnergyPlus

	
Assumption

	
Yes

	
[70]




	

	
To develop an agent-based model as regards students as heterogeneous occupants.

	
University

	
China

	
Occupancy pattern and appliance-use behaviors

	
AnyLogic

	
SIMS intelligent electricity query system, survey questionnaire

	
Yes

	
[71]




	

	
To propose a new modeling framework that incorporates BPS in the ABM model by using trained regression surrogate models.

	
Office

	
USA

	
Energy use attributes of building occupants and facility managers, uncertainty in occupant actions

	
MATLAB/

EnergyPlus

	
Prototype buildings developed by US DOE

	
Not Mentioned

	
[42]




	

	
A toolkit uses the Building Controls Virtual Test Bed (BCVTB), an agent-based model with EnergyPlus.

	
Office

	
USA

	
HVAC, plug loads

	
MATLAB, BCVTB, EnergyPlus

	
Prototype buildings developed by US DOE

	
Not Mentioned

	
[72]




	

	
To evaluate the impact of extreme energy users on their peers and energy effectiveness of commonly employed interventions.

	
Office

	
USA

	
Occupancy interventions

	
Anylogic

	
Survey, CBECS

	
Not Mentioned

	
[73]




	

	
To develop an agent-based computational model for individual energy consumption patterns.

	
Residential

	
USA

	
Peer networks in buildings and energy conservation behaviors of occupants.

	
Not mentioned

	
Secondary data

	
Yes

	
[74]




	

	
To recognize the gap by suggesting a multilayer ABM approach that serves as a test bed to simulate and optimize.

	
Commercial

	
USA

	
Energy feedback within social circles

	
Anylogic

	
Secondary data

	
Yes

	
[75]




	
Others (BPS, Data-Driven, ANN, etc.)

	
To perform a numerical–experimental operation through sophisticated modeling.

	
Residential

	
Italy

	
Human-based energy retrofit scenarios

	
EnergyPlus

	
Field

monitoring and occupants’ survey

	
Calibrated validated

	
[76]




	
To propose an online learning-based control strategy along with its design method including four domains (e.g., time, indoor and outdoor climates, and occupant behavior).

	
Office

	
Singapore

	
HVAC systems

	
Advanced algorithms

	
Sensors

	
Yes

	
[77]




	
It recognizes the energy consequences of conventional approaches to occupant’s behavior modeling.

	
Office

	
Canada

	
People, lighting, and equipment profiles

	
SketchUp, OpenStudio, MATLAB R2017a

	
Questionnaire

	
Not Mentioned

	
[78]




	
To recommend an integrative modeling approach for energy consumption behaviors in the residential background.

	
Residential

	
Portuguese

	
Total energy consumption behavior

	
Energy plus/DesignBuilder

	
Time-of-use survey of Portuguese households

	
Yes

	
[79]




	
To develop a framework for extracting relevant data about the uncertainties relating to occupant profiles of heating energy consumption.

	
Residential

	
Canada

	
Space heating

	
MATLAB Simulink

	
Sensor

	
Not Mentioned

	
[80]




	
To construct a building occupant behavior model using simulation approaches as well as estimating the potential energy savings.

	
Office

	
USA

	
Lighting energy consumption

	
DeST software

	
Data portal

	
Calibration

	
[81]




	
To assess the energy performance and comfort indices of the building and recognize the reasons for malfunction.

	
Residential

	
Hungary

	
Energy

performance and comfort indices

	
IDA ICE

	
Self-reported surveys, occupancy sensors, and fan-coil

	
Calibration

	
[82]




	
A centralized system to consider energy-efficient profiles by considering solar energy and high-level services for hot water systems.

	
Residential

	
China

	
Domestic hot water (DHW) system

	
Not mentioned

	
Survey

	
Yes

	
[83]




	
To develop an activity-based (e.g., socio-demographic and economic attributes) framework for quantifying occupant energy consumption behavior.

	
Residential

	
France

	
Domestic energy consumption

	
Not mentioned

	
National statistical data

	
Yes

	
[84]




	
To establish an engineering-based bottom-up model for cooling energy consumption.

	
Residential

	
China

	
Cooling energy consumption

	
DeST

	
Survey, case monitoring

	
Not Mentioned

	
[85]




	
To improve the accuracy in the energy simulation process by considering the occupancy data to calibrate the energy model.

	
Residential

	
Hong Kong

	
Occupant schedule, devices, air-conditioners, windows, lights, domestic hot water, and cooking

	
DesignBuilder and EnergyPlus

	
Questionnaire survey

	
Yes

	
[86]




	
To evaluate the building energy performance and construct a reliable simulation model for energy- and cost-efficient retrofit design.

	
Residential

	
UK

	
Occupancy profile,

energy consumption patterns,

thermal comfort

	
DesignBuilder

	
A questionnaire, structured interviews, data loggers

	
Not Mentioned

	
[87]




	
To investigate the role of occupant

behavior for supporting decision-makers dealing with the renovation strategies.

	
Residential

	
Italy

	
Thermostat, heating system, building characteristics

	
DeST

	
Surveys and interviews, observations, reading from meters and statistics

	
Yes

	
[38]




	
Introduce a simulation approach to estimate five typical occupant behavioral actions for potential energy savings.

	
Office

	
USA

	
Occupancy schedule, lighting, plug load, HVAC control, window control

	
EnergyPlus, Occupancy Simulator

	
Site survey

	
Not Mentioned

	
[22]




	
To examine the impact of physical and behavioral variables for energy saving from the retrofitting protected housings.

	
Residential

	
London

	
Energy-saving from selected housing retrofit

	
IESVE

	
Existing models and the literature

	
Calibration

	
[88]




	
To explore the occupant factors that influence the energy consumption of a case building in Seoul, Tokyo, and Hong Kong under the climatic changes.

	
Office

	
Hong Kong, Japan, and South Korea

	
HVAC energy

	
EnergyPlus Runtime Language (Erl)

	
Prototype building model developed by US DOE

	
Not Mentioned

	
[89]
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Table 2. A brief comparison of the different modeling approaches.
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	Modeling

Approach
	Most Suitable Building Type (s)
	Key Application/

Modeling Purpose
	Real-Time Modeling Capability
	Incorporation with Simulation (i.e., with BPS)
	Additional

Remarks





	Probabilistic or

stochastic model
	Commercial
	For better capturing and representing of the probability that a specific behavior occurs dependent on recorded or statistical data.
	Yes
	Medium
	i. Modeling the long-term behavior profile.

ii. Mostly used for occupancy modeling.

iii. A stochastic nature followed by a Markov property, whereby the future condition depends only on the current condition.



	Statistical analysis
	Commercial
	Relationship between the behavior and other determinants, or dynamic factors.
	No
	Low
	i. To identify the influential factors of occupant behavior.

ii. Outputs are being interconnected by the occupancy state or the probability of observed behavior.



	Data

mining
	Commercial/

Residential
	Categorize the consistent profile or/and a systematic relationship between the variables.
	No
	Medium
	i. It is the process of discovering patterns in a large data set.

ii. To comprehend the long-term behavior pattern.

iii. Data collection and data managing are simple to implement.



	Agent-based

modeling(ABM)
	Commercial/

Residential
	A comprehensive study of the agent’s relationships, interactions, and behavior.
	Yes
	High
	i. Upgrading the simulation accuracy.

ii. Mostly used in the simulation-based model (lack of real data to support ABM).

iii. It can produce more precise schedules as input for BPS (i.e., EnergyPlus).
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