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Abstract 

A simulation modeling occupant behavior should be 

performed, as occupant behavior is a factor that has a 

considerable influence on building energy. However, 

there is a systematic process that should be explained as 

there are countless measurement and pre-processing 

methodologies. The modelling should be implemented 

close to the actual energy usage through a behavioral 

application simulation. To do this, the data was pre-

processed using the behavioral and power requirements of 

the cooling period measured for two weeks, and a 

simulation was developed using the data. The results of 

the data collection and subsequent modelling are 

presented. 

Key Innovations 

• Two weeks of occupant behavioral and real-time 

power requirements data collection in a Passive 

House 

• Detailed explanation of the behavioral data 

collection and pre-processing process 

• Occupant behavior application simulation and 

error rate evaluation 

Practical Implications 

The pre-processing of occupant behavioral data with 

uncertainty, and the influence of behavior was 

quantitatively grasped by the simulation that modelled the 

behavior. 

Introduction 

The behavior of building occupants is a factor that has a 

considerable influence in terms of building energy, and 

IEA Annex 66 and 79, which are study projects under the 

International Energy Agency. The IEA developed and 

suggested the importance of building energy design and 

management techniques based on human behavior. 

Additionally, Mun et al. (2019) stated that although 

various factors of residential building behavior are highly 

uncertain, they can conversely act as an advantage in 

saving building energy. 

There is no set manual for collecting behavioral data, and 

there are numerous pre-processing methods and tools, 

depending on the characteristics of the building and the 

intention of the researcher. In general, although pre-

processing in the data analysis process is the most 

important and time-consuming step, detailed studies of 

the process of the collection of behavioral data through 

pre-processing are insufficient. A detailed explanation of 

subjective settings in the study process is required 

because residential buildings have more irregular spatial 

configurations and occupancy patterns than buildings for 

other purposes.  

In addition, there is a considerable difference between the 

standard usage profile that has been applied to general 

building energy simulations and the behavior that appears 

when real occupants use buildings (Antonio et al., 2019). 

The simulation of occupant behavior can be implemented 

closer to the actual energy usage, and if an additional 

calibration work is added to the behavior application 

simulation, it can be used as a baseline for future building 

energy management. 

A pre-processing of the behavioral data and detail of the 

collection method and tools for behavioral data in a 

passive house during the cooling period are presented in 

this study. Subsequently, a simulation was performed to 

reflect the behavior using the extracted data.  

The collected behavioral data were utilized in two stages, 

as illustrated in Figure 1. A pre-processing step of 

behavioral data in units of 10 min was performed based 

on the cooling period data measured over two weeks. The 

pre-processed data were used as the hourly input data of 

EnergyPlus 9.3.0, and the errors were reviewed after the 

simulation. 

This study explains the pre-processing of data from 

behaviors with various uncertainties in detail, and the 

influence of behaviors was verified through a simulation 

that reflected the behavior data. 

 

Figure 1: Data utilization 

Study subject 

The cooling period data was collected from a passive 

residential detached building built in 2020, located in 

Yeoju-si, Gyeonggi-do, Korea, for two weeks from July 

14–July 27, 2020. 
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As shown in Figure 2, the behavioral data of the occupant 

opening/closing a window or exterior venetian blind 

(EVB), and room temperature were collected using the 

HOBO Logger installed in each room. Real-time data was 

collected using the Cloud Monitoring System through 

smart plugs collecting power requirements of packaged 

air conditioners (PAC) installed in the living room and 

attic. Information on the measurement points and devices 

is shown in Table 1. The target building is a small 

residential building with a gross floor area of 83.23 m2, 

and since the temperature difference between rooms on 

the same floor was analyzed to be insignificant at about 

0.49℃, while the other floor which PAC installed was 

1.10℃, only the data measured in spaces where the PAC 

was installed were used. The collection interval of the data 

from sensors installed in the target building was 10 min 

for temperature and humidity, and 5 min for all other 

items. 

 

Figure 2: Target building and measuring point 

Data Preprocessing 

All of the data were collected at 10 min intervals, and the 

average value was applied to the data collected at 5 min 

intervals during this process. The data pre-processing was 

performed on a dataset in intervals of 10 min. The 

correlation between the behavioral data used in this study 

is shown in Figure 3. Other behaviors at the top of the 

overall behavioral data occur as a result of occupancy, and 

the final outcome is influence of room temperature. The 

relationship between window/door (WIN) and EVB and 

WIN and PAC have a negative mutual influence, whereby 

one side works when the other does not. EVB has a 

positive influence on room temperature as the room 

temperature decreases when EVB is activated to block 

solar radiation during the day. However, the inverse 

relationship is not established because the activation of 

EVB is due to external conditions, such as solar radiation, 

rather than room temperature. When the WIN is opened, 

the room temperature (TEM) increases or decreases. PAC 

has a positive influence on the room temperature as the 

room temperature is lowered when PAC is activated. 

However, it can be considered a negative influence when 

PAC is inactivated when the room temperature decreases. 

Pre-processing of the data extracted the input information 

required for the energy performance analysis of the 

building considering the mutual influence between these 

behaviors. The following is a summary of the analysis of 

each collected data and the extraction process for new 

information. 

 

Figure 3: Behavioral data relevance 

Occupancy 

The occupancy data were measured using the HOBO 

UX90-006x sensor, which detects occupancy and 

illuminance. This sensor records the activity time per unit 

time through the heat detection of the human body, but 

not a separate image or specific activity state. Although it 

is able to capture the level of activity while protecting the 

privacy of the occupants, it is not able to determine the 

number of participants in the activity, or whether people 

are actually away or in a static state, such as sleeping late 

at night, when all activities are recorded as zero. 

Therefore, if there were no occupants in the building, they 

were excluded through interviews with occupants, and 

then the data were filtered by densely setting the 

measuring points according to the spatial relationship of 

the target building. 

As for the spatial relationship of the target building, each 

room is connected around the entrance (Ent), which is at 

the boundary with the outside, and the living room and 

kitchen (Liv+Kit) with passage characteristics, as shown 

in Figure 4. If the occupancy rate of the entrance and the 

living room was 0% within the main occupancy time 

(from 24:00–06:00, based on the interview) when the 

external activity was 0%, the occupancy rate was set to 
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100%, assuming that the rooms (Bed1, Bed2, and Attic) 

were all occupied. The static occupancy state in the late-

night period, when all activities were recorded as 0, were 

classified accordingly. As a result, 30.14% of the first-

floor Liv+Kit, 42.33% of Bed1, 26.15% of Bed2, and 

26.08% of the second-floor Attic were analyzed, as shown 

in Figure 5. The derived occupancy data were used in the 

behavior application simulation section. 

 

Figure 4: Occupancy data filtering 

 

Figure 5: Occupancy data (7/14~7/20) 

Window Opening/Closing 

Window opening/closing data were measured using the 

UX90-001 sensor of HOBO, and the measured results are 

shown in Figure 6. It was opened 8.37% of the time in 

Bed1 on the first floor, and 34.54% of the time in Bed2. 

Although the measuring points of the window 

opening/closing sensor were set in all rooms as in the 

occupancy sensor, there were points that could not be 

measured smoothly because of the malfunction of some 

sensors. Additionally, only the opening/closing data of 

Bed1 and Bed2 were input, and the rest of the rooms were 

set as closed when the simulation was performed by 

checking the points that were not used at all. 

 

Figure 6: Window operation data (7/14~7/20) 

External Venetian Blind (EVB) 

The EVB data were measured using the UX90-006x 

sensor of HOBO. Although EVB monitoring methods 

include video recording (Oh et al., 2012) or real-time data 

from building automation systems (Gunay et al., 2017) in 

addition to the sensor, a method of indirectly predicting 

EVB operation from the illuminance sensor was adopted 

in this study owing to the privacy problem of occupants 

because of the characteristics of residential buildings.  

The illuminance sensor records the operating time per unit 

time when light of 65 lx or above is detected. The EVB 

measuring sensor was attached to the outer window frame 

where the blind is installed, as shown in Figure 7, in a 

position to detect the change in illuminance when the 

blind is operated. This setup allowed both the light and 

the operation of the blinds were detected simultaneously, 

and therefore, the EVB operation data were extracted, as 

shown in Figure 8, based on the change in illuminance 

from sunrise to sunset during the period. In other words, 

the illuminance sensor installed inside the EVB had a low 

measurement value owing to low illuminance when the 

EVB was operated during the day, through which the 

EVB operation was indirectly predicted. However, data 

resulting from other scenarios, such as blocking the inside 

view at night, other than solar radiation protection, could 

not be distinguished. The data indicates that EVB was 

operated 0.91% of the time in the Liv+Kit, 2.25% in Bed1, 

and 0.23% in Bed2. 
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Figure 7: EVB sensor installation 

 

Figure 8: EVB operation data (7/14~7/20) 

 Packaged Air Conditioner (PAC) 

The PAC data was provided via the cooling power 

requirements data measured by a smart plug. The PAC 

power requirements data were used to derive the PAC 

on/off state along with the room temperature data, which 

was also a measured value that become a reference for 

comparison after simulation model calibration. The 

equipment installed at the site was a domestic 2-in-1 PAC, 

in which indoor units were located in the living room on 

the first floor and the attic on the second floor, with a 

shared outdoor unit. The power requirements data were 

recorded by dividing them into indoor and outdoor units 

without classifying each floor.  

The pre-processing of PAC power requirements raw data 

for standby power filtering was performed prior to 

deriving the PAC on/off state. The data before and after 

were mostly 0 when the energy usage per unit time (10 

min) was 1–2 Wh. These data were regarded as standby 

power, and therefore removed. When the energy usage 

per unit time (10 min) was 3 Wh or above, more 

significant data were distributed as a result of checking 

the data before and after. Therefore, this data was 

regarded as operating power. 

The process of determining PAC on/off state and PAC 

setpoint temperatures using PAC power requirements 

data and room temperature data is shown in Figure 9. 

Although the on/off state could be predicted from the 

PAC power requirements data, the floor was not classified 

owing to the characteristics of the domestic 2-in-1 PAC, 

and the floor data could be distinguished from room 

temperature data. Although the accuracy was low, it was 

indirect data according to PAC operation. Therefore, the 

PAC on/off state data and the PAC setpoint temperature 

data of each floor were extracted by comparing both data 

sets. The contents related to the setpoint temperature are 

described in the temperature section. 

 

Figure 9: Distinguishing PAC on/off and  

PAC setpoint temperature 

Indoor temperature 

The room temperature was measured using the HOBO 

UX100-003 sensor, which detects temperature and 

humidity.  

The room temperature data are the result of all behaviors, 

although insufficient data can be inferred. The room 

temperature was used to derive the PAC on/off state and 

PAC setpoint temperatures of each floor along with PAC 

power requirements data, and the graph is shown in 

Figure 10. The average temperature of the living room on 

the first floor during the period was 26.64 °C, the 

minimum value was 23.48 °C, and the maximum value 

was 29.25 °C. The average value of the attic on the second 

floor was 25.99 °C, the minimum value was 23.33 °C, and 

the maximum value was 27.88 °C. The sharp change in 

the graph is distinguished by shades and marked to derive 

the PAC on each floor. It was the section where the 

temperature decreased in time series data. By referring to 

the temperature at the time of decrease per unit time in the 
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relevant section, the setpoint temperature was matched to 

26 °C as the default setting value, and between a 

minimum of 18 °C and a maximum of 30 °C according to 

the PAC model. 

 

Figure 10: Room temperature and  

temperature change section (7/14~7/20) 

Simulation Model Calibration 

In general, the standard usage profile used in building 

energy simulations or profiles in building design 

documents differs significantly from behavior application 

simulations. Because the simulation reflecting the 

behavior of the occupants can more closely explain the 

actual energy usage, a behavioral simulation should be 

performed. To do this, the actual building and behavior of 

occupants for two weeks were modelled using EnergyPlus 

9.3.0. Next, through the process of comparing and 

reviewing the measured cooling energy and behavior 

simulation results, the pattern of energy usage and 

requirements was checked, the error rate for the difference 

was reviewed, and the uncertainty of the building energy 

calibration was considered. 

Simulation model 

Figure 11 shows the simulation model and zoning of the 

target building. In the case of Bed1 on the first floor, there 

is a dressing room inside the room, which is always open, 

so it was integrated into one room. The staircase room is 

modelled such that the first and second floors behave 

thermally together by setting the material with an air wall. 

Behavior data were applied only to the heating and 

cooling spaces Liv+Kit, Bed1, Bed2, and Attic. The 

actual hourly behavior data for two weeks was modelled 

in the simulation. 

Within the model, an energy recovery ventilation (ERV) 

system was installed as a ventilation device, and total heat 

exchange was performed throughout the model period on 

the first floor, and a packaged air conditioner (PAC) was 

installed on each floor as a cooling device. In reality, one 

outdoor unit is shared by two indoor units, but on 

EnergyPlus, the PACs on the first and second floors are 

implemented separately. 

The variables entered for the simulation of the target 

building are listed in Table 2. For the U-value, the items 

of the design document were entered, and for the facility, 

the cooling capacity of the installed product was entered. 

Meteorological data for the EnergyPlus simulation were 

created using the standard meteorological data of 

Pyeongtaek, Gyeonggi-do, and the Meteorological 

Administration data of Icheon, Gyeonggi-do. The 

climatic conditions of the target area were established by 

using the standard weather data accumulated in the 

Pyeongtaek area from 2004 to 2018 and interpolated data 

from the Meteorological Administration observed during 

the actual measurement period in the Icheon area. 

Occupancy, window opening, EVB, PAC on/off state, and 

PAC setpoint schedules extracted from the behavior data 

were entered for each room and part. For infiltration, 

electric equipment, and activity level, the information 

from the design document were entered. 

 

Figure 11: Simulation model zoning 

 

Table 2: EnergyPlus input variable 

Catagory Value Reference 

U-value 

[W/㎡ K] 

Exterior Wall 0.189 Document 

Exterior Roof 0.131 Document 

Exterior Floor 0.187 Document 

Door 0.631 Document 

Window 0.941 Document 
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System 

Energy 

Recovery 

Ventilation 

(ERV) 
Product 

specification 

+ 

optimization 

Blauberg 

Komfort 

ec s5b250e s14 

2in1 

Packaged 

Air 

Conditioner 

(2-in-1 PAC) 

Samsung 

AF18N5771DZ 

Weather Data 
Pyeongtaek 

+ Icheon 

Standard + 

Meteorological 

Schedule 

Occupancy Figure 5 Behavior 

Window 

Opening 
Figure 6 Behavior 

External 

Venetian 

Blind (EVB) 

Figure 8 Behavior 

PAC on/off 
Figure 9 

Behavior 

PAC Setpoint Behavior 

Infiltration [1/hr] 0.051 Document 

Electric Equipment [W/㎡] 2.17 Document 

Activity Level [W/person] 70 Document 

Simulation results and evaluation 

As a result of performing a two-week behavior 

application simulation, it appears to follow a pattern 

similar to the measured cooling energy usage, as shown 

in Figure 13. 

Figure 14 shows the measured cooling energy and the 

behavior simulation results per day. The day when energy 

was used the most was on Tuesday, July 21, and the 

measured cooling energy and behavior simulation were 

5598 and 4907 Wh, respectively. The day when energy 

consumption was lowest was on Tuesday, July 14th, and 

the measured cooling energy and behavior simulation 

showed 935 and 245 Wh, respectively. The average daily 

energy consumption was 3605 Wh for the measured 

cooling energy and 4907 Wh for the behavior simulation. 

 

Figure 12: Measured and behavior simulation cooling 

energy (daily sum) 

Figure 15 shows the measured cooling energy and 

behavior simulation results over time. The time period 

where energy was used the most was the measured 

cooling energy at 20:00 and 542 Wh, and behavior 

simulation at 19:00 and 348 Wh. The time period when 

the energy consumption is 0 is 6:00 to 9:00, which is the 

same as the measured cooling energy and behavior 

simulation. The interval in which the difference in energy 

consumption per hour is remarkably large is from 20:00 

to 24:00, and the difference between the measured cooling 

energy and behavior simulation at this time is more than 

100 Wh, with an error of 52% to 75%. 

 

Figure 135: Measured and behavior simulation cooling 

energy (hourly average) 

The total sum of the measured cooling energy for the 

entire two weeks was 50 467 Wh, and the behavior 

simulation was 33 144 Wh. Based on the error rate 

evaluation, the mean bias error (MBE) and coefficient of 

variation of the root-mean-squared error (CvRMSE) were 

34.33% and 99.83%, respectively. This is a value that 

does not satisfy MBE±5% and CvRMSE 20%, which are 

the hourly calibration standards of the International 

Performance Measurement and Verification Protocol 

(IPMVP) (Efficiency Valuation Organization, 2016; 

2002). 

Building energy calibration has various uncertainties, and 

behavioral scenario uncertainty is considered to be the 

biggest factor in the simple passive house model 

calibration, as in this study (Dimitri et al., 2020). In the 

process of collecting behavior data, there was a limit to 

collection due to sensor errors, such as the dropout of the 

window opening/closing meter of the living room and 

kitchen. In addition, because of the nature of the 

occupancy data collection method, the number of 

occupants on the day of a special event other than the 

number of residents could not be measured. Also, among 

the major factors related to the behavior of occupants in 

buildings, plug load can also be a major cause (Bennett et 

al., 2019). All of these points can be factors that cause 

uncertainty in behavioral scenarios, and pattern 

recognition and optimization automated calibration can 

be clues to solving the limitations of research. 

About 80% of household electricity consumption for 

habitual behavior was explained through pattern 

recognition methodology, and these were presented as 

several profiles (Joana et al., 2012). If the baseline is set 

by categorizing the results of energy usage according to 

specific behaviors and climate conditions, it is believed 

that future changes or missing data can be supplemented. 

Optimization automated calibration can be a 

complementary method for optimizing manual calibration, 

such as in this study with an automated process (Tao et al., 

2016; Yan et al., 2021). If such a method is applied, it may 

be possible to sufficiently explain the physical 

characteristics of the building according to its behavior 

and, at the same time, supplement the limitations of this 

study. 
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Conclusion 

In this study, the behavior data was collected and pre-

processed for a passive house, and a simulation was 

performed that reflected the behavior. The main 

conclusions are as follows. 

1. Two weeks of individual HOBO sensor behavioral 

data and real-time cloud monitoring system cooling 

power requirements data were collected in the 

passive house. 

2. Pre-processing in units of 10 min was performed for 

behavioral data in five categories: occupancy, 

window opening, EVB, temperature, and PAC. 

3. An hourly simulation was performed to reflect the 

behavior, and MBE and CvRMSE were derived to be 

34.33% and 99.83%, respectively, as a result of 

evaluating the error rate.  

In the data collection process, there was a limit to the 

collection of some data due to the dropout of the 

instrument, and it is believed that this resulted in a high 

error rate. In future studies, it may be possible to examine 

the correlation between the error rate and behavior data 

that could not be collected, and it is necessary to consider 

how to collect the behavior data. Techniques using AI 

algorithms, such as pattern recognition and optimization 

automated calibration, may be considered to supplement 

the limitations of this study. 

The pre-processing of behavioral data with uncertainty 

was explained in detail, and the influence of behavior in 

setting the simulation model calibration was verified in 

this study. In the future, the derived process can be applied 

to the entire cooling and heating period. 
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Table 1: Measurement overview 

(Ent: entrance, Liv: living room, Kit: kitchen, Bed1: Bedroom1, Bed2: Bedroom2, Atc: Attic) 

HOBO Logger Interval 
Unit 

(decimal) 
Model Specifications (Reference) 

Occupancy 

Ent 

5min  

% 

occupied 

(0.00) 

 

 

 

UX90-006x 

 Detection Range: Maximum 12 m 

 Detection Performance: 

Horizontal 102° (±51°) 

Vertical 92° (±46°) 

(https://www.onsetcomp.com/products/data

-loggers/ux90-006/) 

Liv 

Kit 

Bed1 

Bed2 

Atc 

External 

Venetian Blind 

(E.V.B.) 

Liv 

% on 

(0.00) 
Bed1 

Bed2 

Window 

Opening 

Bed1 
% closed 

(0.00) 

UX90-001 

 Maximum state, event, frequency: 1 Hz 

 Preferred switch state:  

No magnet present (normally open) 

(https://www.onsetcomp.com/products/data

-loggers/ux90-001/) 
Bed2 

Temperature 

and Humidity 

Liv 

10min 
°C / % 

(0.000) 

UX100-003 

 Temperature Range: -20° to 70°C 

 RH Range: 15% to 95% 

(https://www.onsetcomp.com/products/data

-loggers/ux100-003/) Atc 

Cloud Monitering 

System 
Interval 

Unit 

(decimal) 
Model Specifications (Reference) 

Packaged Air 

Conditioner 

(PAC) 

Liv 

+ 

Atc 

5min 
Wh 

(0.000) 

 

 

AI Power Manager 

Smart Plug 16A 

 Communication: Wi-Fi 

 Frequency: 2.4GHz 

(https://pmshop.co.kr/product/detail.html?pr

oduct_no=59&cate_no=33&display_group

=1) 

 

Figure 143: Measured and behavior simulation cooling energy (2weeks hourly) 
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