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Abstract: The utilization of primary school buildings is multifaceted, primarily due to the high occupancy 

density, varying thermal preferences among occupants, diverse indoor activities (such as walking, sports, and 

conversation), and a constant flow of individuals entering and exiting the building. This results in frequent 

opening and closing of external windows and doors and fluctuations in internal heat gain. Consequently, 

frequent interactions between the indoor and outdoor microenvironments lead to energy losses. This study 

conducts a comprehensive literature review on building energy loss stemming from occupant behavior and 

the interactions between indoor and outdoor microenvironments. Furthermore, it proposes a dynamic real-

time monitoring system based on a computer data capture and visualization platform foundation for building 

energy loss. The research methods include data crawling, data association rule mining, and data association 

analysis. The research findings yield a universally applicable and informative building energy-saving design 

theory based on extensive data analysis. Additionally, the system presents information on occupants’ behavior 

and the microclimate data of indoor and outdoor environments on a computer screen, facilitating human-

machine communication and enabling timely adjustments to design strategies for new buildings and operation 

and maintenance strategies for existing buildings. 

Keywords: school buildings; building dynamic energy loss; microenvironment; occupants’ 
behavior 

 

1. Introduction 

In 2020, China set forth the ambitious goal of achieving carbon neutrality by 2060 and peaking 

CO2 emissions by 2030 [1]. Given that buildings represent a significant source of energy consumption 

[2–5], their role in achieving this “double-carbon” goal cannot be overstated. Of all building types, 

public buildings consume the most energy. At present, public buildings in China consume 2.4 and 3 

times more energy than urban and rural residential buildings, respectively [2]. Public buildings can 

be classified based on the size of their total floor areas into large (i.e., 2000 square meters or greater) 

and ordinary (i.e., less than 2000 square meters) public buildings [6]. Large public buildings mainly 

consist of commercial buildings and office complexes, characterized by stable operating conditions 

with few or no operable external windows. The control of the indoor environment primarily relies 

on active equipment such as central air conditioning, while the types of indoor occupants’ activities, 

such as slow walking and talking, are relatively simple. Consequently, the entire energy flow is 

relatively straightforward, with energy-efficient esign primarily focused on the envelope structure 

and heating, cooling, and ventilation equipment [7–9]. In contrast, ordinary public buildings mainly 

consist of schools, libraries, and single office buildings. The operating conditions of such public 
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buildings exhibit greater variability due to the presence of openable external windows and a variety 

of indoor occupant activities, including collective behaviors such as indoor exercises, loud reading, 

conversation, and group discussions, which result in a diverse range of energy transfers [10–12]. 

The typical characteristics of ordinary public buildings are particularly prominent in the context 

of educational buildings, such as kindergartens, primary schools, and university buildings. 

Educational building stock in China has expanded significantly in recent years [13]. Specifically, the 

stock area of school buildings in China in 2020 has reached approximately 3.1 billion square meters, 

which accounts for 24% of the overall public building stock and 50% of the ordinary public building 

stock [14]. Given the significantly higher occupant density of educational buildings, which primarily 

include active children and teenagers, than other types of public buildings, it is crucial to consider 

the unique features of educational buildings when designing energy-efficient buildings. 

Furthermore, unlike other public buildings with centralized flow of people in terms of time, school 

buildings have a constant flow of people, resulting in more frequent opening of exterior doors and 

more complicated energy transfer processes. The collective behaviors of children in educational 

buildings, such as group reading and activities, have also led to higher internal heat gain and 

temperature, which can further encourage frequent window-opening behaviors under constant 

heating. As a result, it is essential to address these unstable aspects when designing energy-efficient 

school buildings [15,16]. 

Currently, limited research has been conducted on the energy consumption patterns of 

educational buildings in China. Literature reports that the overall energy consumption levels of 

educational buildings range from 20-40kWh/m2∙a [17–20], with heating and cooling energy 

accounting for a significant portion (64-80%) of the total energy consumption [21]. Additionally, its 

overall energy consumption level is roughly half that of office and commercial buildings. However, 

it is important to note that comparing the energy consumption levels between school buildings and 

other public facilities using annual averages may not be appropriate due to differences in occupancy 

patterns. It is commonly believed that educational buildings consume less energy because they are 

not occupied for two and a half months of the year due to winter and summer vacations. However, 

this is not the case in reality. For example, in the southern provinces of China, such as Zhejiang, Fujian 

and Guangdong, air conditioning is typically used from May to October, and if one-and-a-half 

months of summer vacation are removed, air conditioning is used for three-and-a-half months in 

school buildings. Similarly, in northern regions, the heating period in winter lasts from November to 

March, and when the one-month winter vacation is removed, the heating period of educational 

buildings also extends to three months.  

Based on comparisons of energy consumption per unit area during the occupied period, the 

levels of energy consumption in educational buildings are found to be similar to those of other types 

of public buildings [22]. For instance, during the heating period in winter, average energy 

consumption for office buildings in Tianjin is approximately 170kWh/m2 [22], whereas the energy 

consumption during the same period for 270 school buildings located in the same area is roughly 

140kWh/m2 [21], accounting for 82% of the former and exceeding 50%. During summer and 

transitional seasons, lower energy consumption in educational buildings, compared to other public 

buildings, can be attributed to the reduced indoor comfort resulting from limited use of active control 

devices such as air conditioning and fresh air filters [23]. This results in many school students and 

teachers relying solely on natural ventilation through open windows and electric fans for cooling 

purposes. 

Along with the development of the economic level and the increasing concern for group health, 

parents and students have more stringent requirements for indoor environmental quality. As a result, 

more and more classrooms are installing air conditioners, air purifiers, and fresh air systems. The 

energy consumption level of school buildings is anticipated to increase gradually due to the large 

building stock, high occupant density, continuous occupant movement flow, and significant indoor 

heat gains. Therefore, it is crucial to research energy-saving design and control strategies tailored to 

school building characteristics.  
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Currently, energy losses in buildings are a crucial contributor to increasing energy consumption 

and carbon emissions of buildings [24]. Typically, building energy losses occur in the winter and 

summer (significant temperature difference between indoor and outdoor). The energy loss caused by 

conduction through the building envelope (external walls, windows, doors, roofs, and other physical 

objects) is referred to as solid conduction energy loss. The energy loss caused by air convection 

through the gaps in the windows and doors is referred to as convective energy loss. The magnitude 

of these two types of energy losses depends mainly on the difference between indoor and outdoor 

temperature, the heat transfer performance of the envelope, and the number of indoor and outdoor 

air changes, and their values are typically fixed under specific working conditions (indoor and 

outdoor temperatures and building airtightness levels are assumed to be fixed values) [25].  

In addition to the aforementioned categories of energy losses, there exists an additional form of 

energy dissipation that arises from the interplay between building occupants and the indoor/outdoor 

microenvironments. For example, energy loss is caused by opening external windows during indoor 

heating or cooling or by not reducing the heating amount when the indoor heat gains increase. In 

buildings with high pedestrian flow, external doors will be opened frequently. However, the way 

and direction of the opening fail to consider the surrounding microenvironment, resulting in cold air 

backflow in winter or cooling air outflow in summer. The energy loss mentioned above is called 

dynamic energy loss because it occurs in a dynamic process. It is primarily caused by the excessive 

usage of external windows and doors, which results in frequent interaction between indoor and 

outdoor environments.  

Nowadays, for solid conduction and convection energy losses, researchers have more precise 

methods and tried-and-true techniques to reduce such losses, such as increasing the insulation 

thickness and enhancing the airtightness of windows and doors [26,27]. However, current studies do 

not have precise ways to quantify dynamic energy losses, and there are no effective control strategies 

to limit such losses. First, dynamic energy losses typically occur in a dynamic process, and it is 

difficult to estimate their loss values. For example, the opening of windows and doors, the occupants’ 
activities, and the outdoor wind speed and direction are constantly changing, and such changes 

significantly affect such losses. Current quantification methods, such as software simulation and 

mathematical model calculation, are based on the assumption of steady-state conditions (doors and 

windows are constantly open or closed, and occupants’ density and indoor and outdoor temperature 
are fixed values); therefore, it is impossible to develop effective control strategies from the perspective 

of building design and operation. 

To sum up, it is necessary to conduct research on energy conservation in school buildings due 

to the rapid expansion of stock areas and the rising trend of energy consumption in school buildings. 

An essential aspect of tapping and releasing the energy-saving potential of school buildings is 

departing from the conventional method of energy conservation and emission reduction in buildings 

and focusing on the dynamic energy loss caused by indoor-outdoor microenvironment interaction 

and user behaviors.  

2. Literature review on dynamic energy losses of buildings 

Searching the major databases (Scopus, Web of Science) with keywords such as 

“microenvironment” and “occupants’ behavior” reveals that related studies can be categorized into 
three groups (Table 1): (1) occupants’ behavior studies pertaining to energy-consuming terminals 

such as lamps, air conditioners, and televisions; (2) occupants’ behavior studies related to building 
fabrics such as windows and shading devices; (3) occupants’ behaviors prediction models. These 
three types of studies cover both residential and public buildings. Office buildings are the sole 

concentration of the research on public buildings.  
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Table 1. Reviewed international studies and their main contents and outcomes. 

Types References Main content Main outcomes 

1 [28–34] 

Investigates the relationship between 

energy-using terminals and energy 

consumption in unoccupied 

buildings 

 Public buildings consume more energy 

during non-occupied periods than occupied 

periods because people leave computers 

and lights on when not working. 

 Modifying user behavior with 

household appliances can reduce energy 

consumption in residential buildings. 

2 [35–42] 

Focuses on user behavior related to 

building fabrics such as windows, 

shading devices, and ventilation 

louvers 

 The indoor comfort environment is the 

main driving force behind occupants’ 
behavior, with parameters such as CO2 

concentration, indoor temperature, and 

humidity being the most relevant. 

 People may adjust the indoor 

environment by opening windows even 

when the air conditioner is on. 

3 [43–61] 

Focuses mainly on the establishment 

of simulation models through the 

collection of user behavior data and 

implementation of mathematical 

calculations 

 There is a need to find a reliable and 

cost-friendly method of collecting large 

amounts of data. 

 The accuracy of behavior prediction 

models needs to be improved. 

The first type of research investigates the relationship between energy-using terminals and the 

energy consumption of unoccupied buildings. Al-Mumin et al. discovered that most Kuwaitis do not 

turn off their lamps when they leave a room [28]. Wood and Newborough proposed that modifying 

user behavior with household appliances could reduce energy consumption in UK residential 

buildings by 15% [29]. Mahdavi et al. revealed the relationship between lighting-related user 

behavior and office building indoor and outdoor environments [30]. In commercial buildings, 

Masoso and Grobler found that energy consumption was higher during the non-occupied period 

than the occupied period, primarily because people left computers and lights on when they were not 

working [31]. Pedro et al. discovered that lighting-related user behaviors significantly affected the 

indoor environment more than outdoor climate conditions [32]. Azizi et al. and Almeida et al. found 

that inappropriate user behavior regarding computers and lamps can result in greater energy 

consumption in certified green buildings than in non-certified green buildings [33,34].  

The second type of research focuses on the user behavior associated with building fabrics such 

as exterior windows, shading devices, and ventilation louvers. This behavior is typically driven by 

the indoor comfort environment, with CO2 concentration, temperature, and humidity being the most 

relevant parameters. For example, Rijal et al. discovered that people adjust the indoor environment 

by opening windows even when the air conditioner is on [35]. Chen et al. found that indoor and 

outdoor temperatures, indoor CO2, and PM2.5 concentrations in naturally ventilated buildings are 

the main factors influencing users’ window-opening behavior [36]. Nicol found that the main reasons 

why people adjust exterior windows and shading devices are related to indoor thermal comfort and 

air quality [37]. At the same time, such user behaviors significantly contribute to the increase in 

building energy consumption [38–40]. Hong et al. summarized the recent progress and limitations of 

research on the impact of occupant behavior on residential building energy consumption. It 

concluded that there is a high degree of variability in the operation of windows, shades, and blinds 

in buildings and that these operations affect thermal comfort, indoor air quality, and building energy 

consumption [41]. Heebøll et al. found that the effectiveness of increasing ventilation rates through 

window openings is primarily influenced by outdoor conditions, including the location of the school 

(urban or rural), climatic conditions (wind speed and direction, outdoor temperature), and the extent 

to which students and teachers are accustomed to opening windows [42]. 
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The third type of research focuses mainly on establishing simulation models through collecting 

user behavior data and implementing mathematical calculations; these models enable researchers to 

forecast building energy consumption more correctly [43–47]. The most renowned case of this type 

of research is Annex 66: “the project of Definition and Simulation of Occupant Behavior in Buildings,” 

undertaken by the International Energy Agency (IEA) from November 2013 to May 2018. The 

primary outcome of this project was the development of predictive models of occupant behavior to 

analyze the effect of occupant behavior on building energy consumption using software simulations 

[48–51]. Annex 66 presented some solutions for occupant behavior definition, simulation design, and 

data collection. However, the project admits that three main challenges remain for such research [51]. 

(1) There is a need to find a reliable and cost-friendly method of collecting large amounts of data. 

The data collection methods for the project were questionnaire research, scenario simulation, and 

interview transcription. Such methods’ time and financial expenses are significant, and the data 

collected are limited and only represent some behaviors. 

(2) The behavioral prediction model was not able to take indoor occupants’ interactions into 
consideration, i.e., the accuracy of the prediction models is impacted by the energy transfer generated 

by people performing different activities in the room (playing games, talking, etc.).  

(3) The project fails to form guidelines or standards for the practical application of predictive 

models concerning investment, efficiency, and energy policy formulation. 

In addition to the Annex 66 topic, additional studies have also developed predictive models for 

the window-opening behavior of occupants [52–55]. For example, Wang and Greenberg used energy-

plus to simulate different types of window-opening behavior in an office building to analyze the 

impact on building energy use and thermal comfort and to optimize window-opening strategies to 

reduce building energy consumption [56]. Cedeno Laurent et al. investigated the effect of user 

window-opening behavior on energy consumption in university dorms. They found that the effect 

of different window-opening operation modes on simulated energy consumption was significant 

[57]. By simulating the behavior of occupants of a residential building in Iran in different climate 

zones, Yousefi et al. discovered that their different window-opening behavior patterns could result 

in a 20% variation in energy consumption [58]. Pan et al. used a Gaussian distribution model to 

predict the window-opening behavior of office buildings, which can more accurately predict the state 

of office building windows [59]. Daniel et al. discovered that the assumptions of energy use behavior 

in existing energy consumption simulations are inaccurate; thus, they advocated that user behavior 

patterns accurately reflect occupant behavior to better match the actual situation [60]. Mori et al. 

explored the behavioral drivers of occupants in the tropics. They concluded that user window 

opening is one of the most critical adaptive behaviors affecting the tropics’ indoor thermal comfort 

and home energy consumption [61]. Meanwhile, several typical daily patterns of window opening, 

air conditioner use, and fan use were extracted separately. A predictive model of window opening 

patterns was developed by logistic regression analysis. 

The following findings emerged as the most significant by reviewing the abovementioned 

studies.  

(1) Early studies mainly concluded that user behavior could influence building energy 

consumption, with quantitative means relying on energy recording devices (e.g., electricity meters) 

and failing to distinguish the corresponding energy losses caused by different user behaviors. Later 

research emphasized the collection of user behavior data for the development of behavior prediction 

models. 

(2) There are many papers on user behavior but less on interactions between indoor and outdoor 

microenvironments. Most published research disregards the impact of indoor-outdoor micro-

environmental interactions on the energy consumption of buildings. 

(3) The majority of research on energy-consuming terminals (lamps, appliances) is undertaken 

in residential buildings. In contrast, all research on public buildings is conducted in office buildings, 

and there is no literature on educational buildings.  

(4) There are more studies on exterior windows but no studies on exterior doors. 
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(5) In 2018, the number of relevant studies began to decrease, and the research on this topic 

entered a low level.  

In China, it has been suggested in the literature that studies divorced from user behavior cannot 

fundamentally achieve the energy efficiency goal in buildings [62]. The use of windows and doors 

[63], air conditioners [64–66], and lighting [67,68] by occupants has a substantial impact on building 

energy consumption. The importance of occupants’ behavior has been overlooked for a long time in 

building energy efficiency, while the emphasis has been on the optimization and innovation of 

various technologies and equipment [69]. Studies should be carried out independently according to 

location, climate zone, and building type to accurately forecast occupants’ behavior in buildings [70]. 
Existing studies in China can also be divided into three categories (Table 2). 

Table 2. Reviewed Chinese studies and their main contents and outcomes. 

Types References Main content Main outcomes 

1 [71–77] 

Analyse the factors that 

influence occupants’ 
behaviour. 

 Occupants’ comfort tolerance temperature and 

thermal comfort preference are significant factors in 

their behavior, such as opening windows. 

2 [78–81] 

Quantified the energy losses 

associated with occupants’ 
behaviour. 

 The quantification methods employed mainly 

consisted of surveys, behavioral records, and 

measurements of energy-using terminals (e.g., 

electricity meters). Many dynamic factors were not 

considered; thus, the accuracy of their results is low. 

3 [82–89] 

Focuses on collecting 

occupants’ behavior data 
and developing behavior 

prediction models for 

simulation software. 

 The accuracy of user behavior prediction models 

is low. Thus, it cannot accurately quantify the energy 

losses associated with user behavior. 

The first category analyzed the factors influencing occupants’ behavior [71–73]. For example, 

Jian et al. discovered that the energy usage of air conditioners could be significantly influenced by 

the occupants’ comfort tolerance temperature [74]. Zhou et al. [75], Chen et al. [76], and Li et al. [77] 

all found that occupants’ thermal comfort preference is the main factor influencing the opening of 

building exterior windows. However, most of these studies have not quantified occupants’ behavior 

(e.g., window opening duration and magnitude). The second type of study quantified the energy 

losses associated with occupants’ behavior [78,79]. Unfortunately, the methods employed mainly 

consisted of surveys, behavioral records, and measurements of energy-using terminals (e.g., 

electricity meters), and many dynamic factors were not considered. Thus, the accuracy of their results 

is low. Pan et al. analyzed the influence of office building occupants on Beijing’s window opening 

rate by considering environmental factors (indoor and outdoor temperature, outdoor PM2. 5 

concentration) and non-environmental factors (personal preference). They discovered that these 

influences could impact indoor occupants’ window-opening behavior, contributing to the study of 

occupants’ window-opening behavior model in office buildings [80]. Ma et al. studied the effect of 

hazy weather on residential window-opening behavior and the feasibility of a combined strategy 

with air purification [81]. Owing to China’s vast area and large population, it is still worthwhile to 

further explore the specific factors that influence the window-opening behavior of Chinese indoor 

occupants in future studies. 

Similar to Annex 66, the third type of research focuses on collecting occupants’ behavior data 
and developing behavior prediction models for simulation software [82]. For example, Zhou and Fu 

calculated the opening and closing of building exterior windows in 95 cities during the transition 

season and created a model to forecast window opening status [83]. Chen developed a combined 

model of window opening behavior and building energy consumption using multiple linear 

regression to estimate heat loss from window opening in office buildings in severe cold regions [84]. 

Liu et al. studied the actual monitoring of people’s window-opening behavior in seven residential 
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buildings in Zigong City and categorized the user behavior into three significantly different typical 

window-opening behaviors, namely, habitual window-opening type, high-intensity window-

opening type, and habitual window-closing type; and established a binary regression prediction 

model for high-intensity window-opening behavior in summer based on this, with a prediction 

accuracy of 86% [85]. Yao simulated and analyzed the indoor wind environment of residential 

dwellings in hot summer and cold winter regions and proposed a window-opening method to 

enhance the quality of the indoor living environment [86]. Based on the actual window openings of 

five residential buildings in Changchun, Han et al. identified the characteristics and drivers of 

window-opening behavior in residential buildings in severe cold regions, analyzed the data obtained 

from the actual measurements using logistic regression analysis, and then obtained a regression 

model of indoor occupant window opening behavior in residential buildings in Changchun during 

the winter with an accuracy of 76.7 % [87]. Park et al. discovered that in the spring and autumn, office 

building occupants depended mainly on regulated window states for natural ventilation to achieve 

a comfortable workplace atmosphere [88]. Gu et al. examined the association between indoor-

outdoor environmental parameters (temperature, CO2 concentration, humidity, and PM 

concentration) and the window status of one office building in Xi’an by using a binary logistic 
regression model [89]. 

By reviewing studies in China, the main findings are summarized as follows.  

(1) There are few relevant papers in China, as only 170 studies were found in the most extensive 

database CNKI over the past two decades.  

(2) The current studies are mainly on residential and office buildings, and the studies on 

educational buildings are blank.  

(3) The quantitative accuracy of existing studies is low, and they cannot accurately reflect the 

relationship between occupants’ behavior and energy consumption. 
(4) Due to the low accuracy of the data related to user behavior, the behavior prediction model 

is only applicable for reference. 

3. Research hypothesis 

3.1. Research gap identification 

As noted in Section 2, the diversity of public building utilization is primarily attributable to the 

high occupancy density, the variety of indoor activities (walking, sports, conversation), and the 

constant flow of people entering and exiting the building. Hence, public buildings’ external windows 

and doors are frequently opened and closed, and the internal heat gains change often. As a result, the 

inside and outside micro-environment interacts frequently, leading to energy losses. School 

buildings, as ordinary public buildings with educational functions, have the most significant 

characteristics listed above. Through the literature review, it is found that current studies both in 

China and other countries are facing problems with data collection and data accuracy. Thus, this 

study proposes a dynamic real-time monitoring system based on the computer data capture and 

visualization platform foundation for building energy consumption. This system presents occupants’ 
behavior information and the microclimate data of inside and outside environments on the computer 

screen. Additionally, building designers and operation managers can timely alter the building 

operation and maintenance strategies to reduce building energy losses.  

This study overcomes the limitations of previous research regarding the inaccurate estimation 

of energy consumption in educational buildings. In contrast to previous research, the present study 

introduces an energy loss control system that relies on real-time monitoring of multiple variables to 

enhance the accuracy of energy loss calculations. The term “multiple variables” encompasses all 

variables associated with energy loss, such as indoor and outdoor air temperature, door and window 

opening time and duration, and heat generation from indoor activities. Prior studies primarily relied 

on estimating single-variable data. For instance, some studies accurately monitored user behavior in 

opening windows but employed hypothetical indoor and outdoor temperatures (typically indoor 

heating or cooling and outdoor average temperatures) when converting to energy loss calculations. 
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Furthermore, such single-variable estimation is inadequate in accounting for the interaction of 

multiple variables. By contrast, the energy loss monitoring system proposed in this study acquires 

dynamic and real-time data on multiple variables, resulting in accurate energy loss calculations 

within one second rather than an extended period. During the calculation process, the system can 

automatically account for the interaction of multiple variables using scientific algorithms, thereby 

ensuring the accuracy of the resulting energy loss estimates. This study integrates a variety of 

contemporary advanced analysis methods and research tools (data capture, data association mining, 

and visualization techniques) to develop an exploration logic that supports the optimal combination 

of multiple variables and ultimately uses a lightweight model to build a visualization operating 

system for building energy efficiency design and control strategies. As a result, such an operating 

system can significantly improve the accuracy and efficiency of quantifying dynamic building energy 

losses and scientifically determine the optimal design and operation strategies for buildings under 

certain situations. Ultimately, this study aims for low energy consumption, explores the intrinsic 

mechanism of action between dynamic energy loss of buildings and multiple variables, forms a 

universally applicable mathematical model of building energy-saving design, and provides a 

theoretical foundation for the low-energy design of educational buildings. Therefore, the theoretical 

research outcomes of this research have substantial guiding significance. Moreover, the visualization 

operating system presents the complicated mechanism of dynamic energy loss of buildings. The 

whole process is fully automated by computer, which is fast and accurate. To sum up, the dynamic 

real-time monitoring system proposed by this research has high practical application value and can 

be universally promoted. 

3.2. Technical support and workflow of the dynamic monitoring system 

In recent years, simulation tools for calculating building energy consumption have proliferated. 

Nevertheless, these simulations assume steady-state operating conditions, and their results do not 

accurately reflect building energy consumption [90–92]. With the advancement of data transmission 

and computer technology, however, more and more invisible, unmeasurable, and volatile data are 

becoming available. Specifically, (1) real-time data monitoring and wireless transmission 

technologies allow changes in a building’s indoor and outdoor microenvironment to be saved and 

uploaded to a cloud server at any time and from any location; for example, variables such as indoor 

heat, indoor and outdoor temperature, and wind speed and direction can be captured by sensors at 

any time and displayed on a computer screen through format conversion; (2) The conventional 

approach of data correlation analysis may construct a mathematical model of the intrinsic 

relationship between gathered data and dynamic energy loss, and quantify the value of dynamic 

energy loss. For instance, in the winter, by monitoring the length and magnitude of the opening of 

exterior doors, as well as the wind speed and temperature of the air entering the room, it is possible 

to calculate the quantity of cold air entering the room when exterior doors are opened, and thus the 

corresponding energy loss. (3) Utilizing data correlation analysis algorithms, mathematical models 

of the relationship between building energy-efficient design and various variables can be developed 

[93–95]. Nowadays, the most prevalent algorithms are the Apriori and FP-growth algorithms, which 

can perform correlation mining analysis on a vast amount of data and seek the optimal multivariate 

combination for problem resolution. This study can establish the theory and method of building 

energy-saving design and contribute to developing architectural design theory by using such 

scientific algorithms. (4) The development of visualization technology realizes the real-time display 

of dynamic monitoring data on a computer screen, enabling architects and engineers to interact with 

a computer to detect problems in the building design and operation process promptly to modify the 

design and control strategies and achieve the goal of reducing building energy consumption [96–
100]. Figure 1 shows the workflow of the dynamic real-time visualized monitoring system. In 

summary, the future of building design and operation is not merely the control of individual devices 

or variables but rather comprehensive decisions based on analyzing massive amounts of data. The 

development and popularity of existing technologies, such as real-time monitoring technology, 
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correlation algorithms, wireless transmission technology, cloud-based data storage, and automatic 

control, make this research feasible.  

 

Figure 1. Workflow of the dynamic real-time visualized monitoring system. 

3.3. Data capture based on smart sensors 

The data collection of this study relies mainly on intelligent sensors. Approximate sensors must 

be chosen based on the various data types and their characteristics. For example, magnetic suction 

angle sensors can be used for swing doors and windows (in the case of sliding doors and sliding 

windows, scale sensors can be used) to record the amplitude of opening outdoor doors and windows 

and to calculate the total opened areas. Wind speed and wind direction sensors can be utilized to 

measure the velocity and direction of air movement indoors and outdoors. Face capture sensors and 

behavior recognition sensors can be used to determine the number of occupants and type of activities 

within a room. Table 3 provides a summary of the primary studied variables, suitable sensor types, 

and their output data formats.  

Table 3. Studied variables, sensors and data formats. 

 Type of data Type of sensor 
Examples of data 

formats 

External 

doors 

Duration of the opening  Magnetic suction angle sensors Data format of magnetic 

suction angle sensors 

(for swing doors): 

08:01:57-08:02:00，open

，3s； 

08:02:01-08:02:03，close

，2s； 

Data format of magnetic 

suction scale sensors (for 

sliding doors): 

08:01:57，angle-0°； 

08:01:58，angle-30°； 

Magnitude of the 

Opening  

Magnetic suction angle sensors（

swing doors）; Magnetic suction 

scale sensors（sliding doors） 
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The airflow speed when 

the doors open and air is 

entering 

Air movement sensor m/s 

External 

windows 

Duration of the opening  Magnetic suction angle sensors 
The same as the data 

format for external 

doors 

 Magnitude of the 

Opening  

Magnetic suction angle sensors（

swing doors）; Magnetic suction 

scale sensors（sliding doors） 

The airflow speed when 

the windows open and 

air is entering 

Air movement sensor m/s 

Air 

Airflow speed Wind speed sensor m/s 

Airflow direction Wind direction sensor N, S, W, E, SW 

Indoor and outdoor air 

temperature 
Temperature sensor ℃, 

Air pollutants Air quality sensor 
PMs（μg/m3）、CO2（

PPM） 

Occupants 

Number of occupants 

inside 
Face capture sensors No. 

Type of activities 

Siting, walking, running, jumping, 

talking 

S-siting; W-walking; R-

running; J-jumping; T-

talking 

Infrared imaging sensor W/p 

This research is committed to obtaining precise analysis results through extensive data analysis. 

Traditional sensor data collection and analysis rely on manual work, which is time-consuming. This 

study set up a cloud data processor to capture various sensor data online in real-time and perform 

energy consumption quantification and visualization operations through format conversion. The 

accuracy of the data must be ensured in two ways: (1) The accuracy of the sensor used must match 

the requirements of scientific research, and it needs to be regularly calibrated prior to use; (2) The 

collected data variables can be assembled by compiling the data frequency distribution table or 

drawing the frequency distribution plots to identify outliers. To address abnormal values, it is 

required to compare and verify with multiple devices to determine the cause of the abnormality and 

prevent a reduction in the overall data’s precision. 
Figures 2 and 3 are three-dimensional diagrams of a typical classroom. The range in which 

sensors must be installed consists mainly of classrooms, corridors, and outdoor areas adjacent to 

exterior doors. The building and its surroundings are separated into grids (based on the same or 

similar air temperature, velocity, and direction within a cell). The intelligent wireless sensors are 

deployed at each spot. The monitoring time can span 24 hours or be decided by the building’s 

occupancy schedule. Figures 4 and 5 depict some of the sensors utilized in this study. The relevant 

national departments of China have verified the quality of these sensors, and the precision of the data 

they produce is sufficient for scientific research.  
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Figure 2. A typical primary school classroom. 

 

Figure 3. Sensor layout plan. 

 

Figure 4. Magnetic suction sensors (left) and web services gateway based on the LoRa (right). 

 

Figure 5. Indoor environment sensors. 
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3.4. Reverse and positive thinking for existing and future school buildings, respectively 

This research intends to use a data association mining algorithm (Apriori algorithm) and an 

association analysis algorithm (FP-growth algorithm). Both algorithms can find frequent item sets in 

multivariate combinations. The variable values corresponding to the frequency sets are the optimal 

combinations of control variables for buildings under specific microenvironments and user behavior 

conditions. In reality, the FP-growth algorithm is more efficient than the Apriori algorithm; 

nonetheless, the Apriori algorithm is more adaptable and has a broader range of applications. Based 

on their benefits, this study will cross-validate the two algorithms to determine the ideal algorithm 

for the dynamic real-time visualized monitoring system. In this study, there are two ways to seek the 

optimal mathematical theoretical model under multivariable conditions: (1) using reverse thinking 

for existing school buildings (Figure 6); (2) using positive thinking for future school buildings (Figure 

7). The objective of reverse thinking is to explore the mathematical theory and logical connection 

between multivariable and building energy-saving in the built environment. Hence, it is a 

multivariable data collection and analysis for the status quo of educational buildings. Positive 

thinking is implemented based on the universal applicability of this study’s findings while also 

considering the unique factors of new buildings to determine the optimal strategy for the energy-

saving design of school buildings. Besides microenvironment and user behavior information, the new 

building feature variables include building attribute variables such as building volume size (shape 

coefficient), orientation, location, occupants’ density, and number and placement of entrances and 
exits. Therefore, in the process of positively exploring the optimal combination of multiple variables, 

more variables are involved than in the process of reverse exploration. 

It is worth noting that the standardization of primary school buildings in China is a fundamental 

prerequisite for applying the mathematical model established in the proposed system to the design 

of new buildings. Primary school buildings are characterized by standardized features, including 

classroom sizes, student numbers per classroom, user age and behavior habits, building orientation, 

and window and door dimensions, which are often similar or identical. Additionally, the 

mathematical model is established based on the collection of extensive data from existing buildings, 

which reflects their real-world usage and can be used to predict the energy loss of future buildings. 

During the design phase, the 3D model of a new building can be imported into the proposed energy 

loss monitoring system, which provides optimization suggestions based on the energy loss control 

strategies stored in the system derived from existing building data. Therefore, the system effectively 

controls the energy loss of new buildings during the design phase. Based on the monitoring data, the 

system conducts real-time monitoring of existing buildings and proposes control strategies to reduce 

energy loss. The system may suggest optimization suggestions for the building during the design 

phase, such as altering the position of doors and windows to minimize the impact of outdoor 

environmental factors on the indoor environment. For existing buildings, the system may focus on 

optimizing operational strategies, such as adjusting the heating supply when the indoor temperature 

increases or recommending opening doors facing different directions in different seasons. 
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Figure 6. Reverse thinking for existing school buildings. 

 

Figure 7. Positive thinking for future school buildings. 

3.5. Expected visual operation interface 

According to the previous discussion, establishing the visualization platform operating system 

is based on intelligent sensor data collection, LoRa technology wireless transmission, Python 

language program, WebGL framework construction, Three.js rendering engine, and lightweight 

model technologies. Figures 8 and 9 depict two examples of the interface of the expected visual 

operating system. A multivariate data selection box based on environmental data and occupant 

behavior information is displayed on the left. The user can directly click on the variable that needs to 

be comprehended. Simultaneously, the real-time value corresponding to the selected variable and 

the dynamic change over a certain period (24 hours, one month) can be directly displayed on the right 

side. The middle part of Figure 8 depicts the real-time dynamic change cloud map of the monitoring 

spaces in indoor and outdoor environments. With this map, architects may more accurately predict 

the changes in future school buildings’ indoor and outdoor microenvironments in the real world. It 

can also have an intuitive understanding of the real-time dynamic changes in existing educational 

buildings’ internal and external environments. The lower part of the middle interface provides the 

graphic relationship between single or multiple variables and energy loss given by the visual control 

system, which is convenient for researchers to use. Simultaneously, the system can directly provide 

the value of energy loss and the corresponding carbon emission value, as well as theoretical 

mathematical models that can be used to optimize building design and operation. 
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Figure 8. The expected operation interface for the dynamic real-time visualized monitoring system-

external windows. 

 

Figure 9. The expected operation interface for the dynamic real-time visualized monitoring system-

indoor types of activities. 

4. Conclusions and future work 

This study began by conducting a literature review using the keywords “occupants’ behavior” 
and “microenvironment” to identify the main problem in the existing research: the building dynamic 
energy loss related to occupants’ behavior and indoor-outdoor microenvironment cannot be 

accurately quantified. Concurrently, it is discovered that there is no relevant research on school 

buildings. Thus, this study presents a dynamic real-time monitoring system based on a data capture 

and visualization platform for building heat loss. This system displays monitored data on the 
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computer screen regarding the occupants’ behavior and the indoor-outdoor environments’ 
microclimate conditions.  

In addition, building designers and operation managers can modify building operation and 

maintenance procedures promptly to minimize energy loss. This study overcomes the limitations of 

previous research regarding the inaccurate estimation of energy consumption in educational 

buildings by employing real time multivariate data capture and automatic computer calculations to 

quantify the dynamic energy loss in real-time and displaying it on a visualization platform to help 

researchers identify and unlock the energy-saving potential of educational buildings. This study 

integrates several contemporary advanced analysis methods and research tools to develop an 

exploration logic that supports the optimal combination of multiple variables and ultimately uses a 

lightweight model to create a visualization operating system for building energy efficiency design 

and control strategies. Thus, such an operating system can considerably increase the accuracy and 

efficiency of quantifying dynamic building energy losses and scientifically determine the optimal 

design and operation strategies for buildings under certain circumstances.  

This study aims to investigate the intrinsic mechanism of action between dynamic energy loss 

of buildings and multiple variables, form a universally applicable mathematical model of building 

energy-saving design, and provide a theoretical foundation for the low-energy design of school 

buildings. 

Future research should refine using sensors for data collection so that each variable may be 

precisely manipulated. It must also be investigated whether mathematical theory models can be 

constructed using algorithms other than the Apriori and FP-growth algorithms. Also, the economic 

benefit of the dynamic energy loss monitoring system must be considered in greater detail, as the 

economic benefit is tied to the system’s promotional value.  
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