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Abstract 
In simulations of the energy demand of commercial 
buildings, assumptions regarding building operations are 
used to characterise the magnitude and temporal variation 
of the energy demand. However, the operating conditions 
of building stock are rarely available, preventing building 
stock and urban building energy models from simulating 
realistic time variations in energy demand. Based on this 
background, this paper presents a method for extracting 
an operation schedule from the time-series data of 
building electricity demand. The method consists of a 
demand disaggregation, parameterisation of operation 
conditions, and development of joint probability 
distributions for parameters that can be used to assign 
operation conditions to simulated buildings. This method 
was applied to a few thousand commercial buildings in 
six building groups located in Japan. The results 
demonstrate that the method is useful for capturing the 
variations in the operation conditions of buildings.  
Key Innovations 

• A simple method is proposed for extracting 
building operation conditions of commercial 
buildings. 

• The operation conditions of Japanese offices, 
schools, hotels, hospitals, retail, and restaurant 
building groups are summarised by several 
statistical distributions; these can be integrated 
into building stock energy models.  

Practical Implications 
Time-series electricity demand data is a promising source 
for extracting building operation conditions. It should be 
further explored, e.g. for integration with building stock 
energy models.  
Introduction 
Studies on building stock energy modelling (BSEM) and 
urban building energy modelling (UBEM) have 
established useful methods for quantifying the energy 
demand of a building stock, and for analysing its 
performance and potential improvements owing to 
available technologies and energy management measures. 
Physics-based simulations using reference building 
models have been recognised as one of the most 
advantageous modelling methods for the energy demands 
of building stocks, as they can quantify the contributions 
of changes in the building stock while reflecting the 

dependencies on various influencing factors (Brøgger et 
al., 2017, Langevin et al., 2020). Currently, there is a 
growing interest in the modelling of the time-series 
electricity demand of a building stock for electric power 
system analysis. In simulations of the energy demand of 
commercial buildings, the assumptions concerning 
building operations characterise the magnitude and 
temporal variation of the energy demand. However, 
building operation information is rarely available, and 
deterministic occupancy-related schedules have been 
widely used in BSEM/UBEM. Nevertheless, recent 
studies have developed methods for assuming more 
realistic operational conditions, aiming to derive realistic 
electricity demand data. The methods that can be applied 
to BSEM/UBEM can be divided into three groups. The 
first group uses stochastic activity-based models that 
stochastically simulate occupancy conditions based on 
survey-based data, such as time use data and trip-survey 
data (e.g. Keirstead et al. 2012, Kim et al. 2019, Mosteiro-
Romero et al. 2020). The second group uses building 
occupancy conditions extracted based on personal 
location data (e.g. Parker et al. 2017, Peng et al. 2018, 
Happle et al. 2020, Wang et al. 2020). The third group 
uses operation schedules derived based on time-series 
electricity demand data measured at buildings (Bianchi et 
al. 2020).  
This study focused on the third group. The group has an 
advantage compared to the first two groups, as it can 
provide operational conditions even for buildings with 
energy demands independent of occupancy conditions. 
Bianchi et al. (2020) developed a method called the 
parametric schedules method for parameterising the start 
and stop operation times of buildings based on measured 
time-series electricity demand data. Statistical 
distributions of the parameters were developed and used 
to assign operation conditions to simulated buildings. 
They demonstrated that the method successfully 
reproduced the time variations in the electricity demand 
of a building stock. The parameter schedules method was 
also useful for capturing the general characteristics of 
building operation conditions within building stock 
groups.  
This paper presents the application results from a similar 
method for extracting building operation conditions based 
on time-series electricity demand data, with some 
improvements from Bianchi et al. (2020). In this study, 
the method was applied to Japanese commercial buildings 
(e.g. offices, schools, hotels, hospitals, retail, and 
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restaurant usages) to understand the characteristics of 
building operation conditions. As this study is still in a 
preliminary stage, we only show an analysis of the time-
series data. An integration with BSEM/UBEM is not 
included in this study, as discussed in the discussion 
section based on the application results. 
Method 
Figure 1 illustrates the procedure for the proposed method. 
This study used the hourly electricity demand of buildings 
in a database published by the Sustainable Open 
Innovation Initiative (SII), Japan (SII, 2021). In the SII 
data, the electricity demand data of buildings equipped 
with a building energy management system are available. 
Each sample contains a 12-month period of hourly 
electricity demand data. In this study, the electricity 
demand data were first disaggregated by using a load 
profile disaggregation method to extract the average 
profile of a one-week period, that is, 24 hours × 7 days = 
a 168-hour profile, with seasonal variation is removed. 
We considered that the average week-length profile 
represented the magnitude of the building operation at 
each time of the day of the week. Therefore, we derived 
parameters representing the relationships between the 
times of day, days of the week, and magnitudes of the 
profile. Before the parameterisation process, several 
transformations were conducted on the week-length 
profile to derive the parameters. Finally, the parameters 
derived from all the sample buildings were used to 
develop statistical distributions for the parameters as a 
representation of the operation conditions of buildings 
within a building group.  
The use of the load profile disaggregation before 
parameterisation was the most important improvement 
from Bianchi et al. (2020), in which parameterisation was 
applied for all the days of a year. By using the average 
load profile, the influence of seasonality on the electricity 
demand can be avoided, and the building operation 
conditions can be summarised using a smaller number of 
parameters.  
Data 
The SII data contains the hourly electricity demand data 
of buildings measured for a 12-month period from 2012 
to 2016. Table 1 lists the sample sizes of the targeted 
building groups, i.e. offices, schools, hotels, hospitals, 
retail, and restaurants. Although SII data contains 
information for several retail categories, we only used the 
food supermarket category as a representation of the retail 
building group.  
As a pre-process, electricity demand data were 
transformed to time-series data ranging from 0 to 1 by 
dividing by the maximum demand during the 12-month 
period, so that the demand data of all sample buildings 
could be compared.  
Load profile disaggregation 
The 12-month period hourly electricity demand data were 
disaggregated using a load profile disaggregation method, 
i.e. seasonal decomposition of time series by loess (STL) 
(Cleveland et al. 1990). STL is a filtering procedure for 

decomposing a time series into trend, seasonal, and 
reminder components, based on iterative loess smoothing. 
The seasonal component is the mean of a given time 
length repeated throughout the given time series, whereas 
the sum of the seasonal component is zero. The remainder 
is smoothed to quantify the trend component, which is the 
average of the given time length, to quantify the seasonal 
component.  
 

Table 1: Sample size of targeted building groups. 
Category Sample size Category Sample size 

Office 194 Hospital 496 
School 94 Retail 654 
Hotel 89 Restaurant 488 

 
Figure 1: Procedure of analysis. 

 
In this study, we set the time length for quantifying the 
seasonal component as 24 hours ×7 days = 168 hours. 
Then, the average load profile for a week was extracted as 
the seasonal components of the STL. The week-length 
profile did not include the electricity demand data with 
seasonal differences for space cooling and heating, water 
heating, refrigeration, and other seasonally dependent 
demand, as such effects were represented by the trend 
component. For this process, we used the STL package in 
R (R Core Team, 2021).  
In the following subsections, we illustrate the processes 
based on the time-series data of an office building. Figure 
2 shows the original time-series data of the example office 
building (top figure), and the three components quantified 
by STL. The bottom figure shows the seasonal component, 
which is a week-long profile. As shown, the general 
characteristics of the building operation conditions can be 

Time-series electricity demand data 
(1-hour resolution for 12 months).

Load profile disaggregation
• to extract a week-length average electricity demand 

profile (24 hours ×7 days, 168 hours).

Week-length load profile transformation
• Magnitude transformation to extract minimum activity 

on the 24-hour period with the maximum demand. 
• Time shift to start the data from the time at which 

occupants’ activity is minimized on Monday.
• Spline interpolation to transform 1-hour resolution to 

5-min resolution.

Parameterisation
• Parameters are derived from all building samples that 

represent characteristics of the week-length load 
profile.

Meta modelling
• Development of statistical distributions of the selected 

parameters as the representation of the operation 
condition of a building group.
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extracted in regards to the time variations on weekdays 
and magnitudes of the demand during weekend days. The 
week-length profile does not contain electricity demand 
data with seasonal changes; as noted above, these are 
quantified in the trend component, as shown in the second 
figure from the top for the 12-month period starting from 
July 1st. A peak is found in August for space cooling. The 
trend component also contains holidays other than 
weekends, as there are three drops in August, the period 
from the end of December to the beginning of January, 
and in May.  
Weekly load profile transformation 
The seasonal component identified in the load profile 
disaggregation process was used to parameterise the 
average time-series electricity demand of all the sample 
buildings. Before the parameterisation process, the 
seasonal component, denoted as Yt (t = 1 to 168), was 
transformed in terms of magnitude and time.  
The magnitude of Yt was transformed by applying 
Equation (1) to derive the weekly load profile, WLt, for 
which the minimum and maximum values are 0 and 1, 
respectively, as follows: 

 𝑊𝑊𝑊𝑊𝑡𝑡 = Y𝑡𝑡−min (Y)
max(Y)−min(Y)

 (1) 

We then shifted the time t of the WLt to adjust the start 
day and time. The WLt started from the first day of the 
week at which the measured data started. Therefore, time 
t was shifted so that the WLt started on Monday. 
Additionally, the time t was shifted to consider the 24-
hour period starting from the time at which the activity of 
building occupants was the smallest in a day. We referred 
to that time as the day start time TDst. To determine the 
TDst of buildings, we first identified the day of the week 

during which the sum of the WLt was the largest. The time 
step at which the smallest value was observed was 
detected on that day. The WLt was shifted so that the WLt 
started from TDst on Monday.  
Figure 3 illustrates the transformation of the magnitude 
and time for the example office building. The maximum 
occupancy period was identified as Tuesday. The TDst 
was identified as 4:00. 
Finally, the time interval of the WLt was transformed to 
5-minute intervals using spline interpolation.  
Parameterisation of WLt 
We identified several parameters representing the shape 
of the week-length load profile WLt. Table 2 lists the 
identified parameters.  
 

Table 2: Identified parameters. 
Parameter Definition 
TS10, TS25 and 
TS50 

The first time at which WLMt
’ 

exceeded 10%, 25%, and 50%. 
TE10, TE25 and 
TE50 

The last time of day at which 
WLMt

’ exceeded 10%, 25%, and 
50% in the maximum occupancy 
period. 

Du10, Du25 and 
Du50 

The differences between the start 
and end times listed above. 

ORwd The proportion of the sum of WLt 
of the days of the week over the 
sum of the maximum occupancy 
period.  

 

 
Figure 2: Result of seasonal decomposition of time series by loess (STL) for the example office building. 
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The first nine parameters were derived based on the WLt 
during the 24-hour period starting from TDst, during 
which the sum of the WLt was the maximum. We referred 
to the 24-hour period as the maximum occupancy period, 
denoted as WLMt, where t = 1 to 24. These parameters 
represented the times at which the activity of the building 
occupants started and ended. To derive the parameters, 
the WLMt was transformed using Equation (2), as the 
minimum value of WLt was unnecessarily 0.  

WLM𝑡𝑡
′ = WLM𝑡𝑡−min (WLM)

max(WLM)−min(WLM)
                     (2) 

Figure 4 illustrates an example of the WLMt
’. The first 

three parameters, TS10, TS25, and TS50, are the first times 
of day at which the WLMt

’ exceeded 10%, 25%, and 50%, 
respectively, in the maximum occupancy period. TE10, 
TE25, and TE50 are the last times of day at which the 
WLMt

’ exceeded 10%, 25%, and 50%, respectively, in the 
maximum occupancy period.  
The duration of activity was represented by the difference 
between the start and end times, i.e. Du10, Du25, and 
Du50.  
Finally, we quantified the differences in the activity level 
of each day of the week by dividing the sum of the WLt 
within a 24-hour period starting from TDst by the sum 
during the maximum occupancy period. The proportion 
was denoted as the occupancy ratio, ORwd, for the 7 days 
of the week.  
Meta-modelling 
The final step of the method was to develop statistical 
distributions representing the characteristics of the load 
profile within the targeted building group. In general, 
statistical distributions can be used to produce the average 
load profiles of buildings. We considered two types of 
statistical distributions, as explained below.  
The first type was the joint distribution between the start 
time and duration. We assumed that the building 
operation started within the hours between TS10 and TS25, 
by occupants arriving earlier than the majority of building 

occupants, whereas the majority of building occupants 
arrived during the hours between TS25 and TS50. In the 
same manner, we assumed that the majority of building 
occupants left the building during the period between 
TE25 and TE50, whereas the remaining occupants left the 
building between TE25 and TE10. The relationship was 
modelled by the two-dimensional kernel density 
estimation for the combinations of the start time (TS10, 
TS25, or TS50) and duration (Du10, Du25, or Du50) for 
the 10%, 25%, and 50% points. 
The second type was based on the occupancy ratio ORwd. 
We estimated the joint distributions of the occupation 
ratios of Saturday and Sunday using a two-dimensional 
kernel density estimation method.  
Result 
Results for office building 
This section presents the results for the office building 
group. Figure 5 shows the WLt values derived for all the 
samples starting from midnight on Sunday. As shown in 
the figure, the majority of the buildings show a typical 
pattern for office buildings, with a sharp rise in the 
morning, a slow decrease during evening hours, and low 
values during night hours. There are some samples with 
high values during night hours and low values during 
daytime hours. These samples may have a storage device 
for storing heat produced by electricity-driven 
refrigerators or heat pumps; alternatively, they may not be 
office buildings, even though they are categorised as such 
in the SII data.  
Figure 6 shows the estimated statistical distribution of the 
relationships between the three start times and durations. 
The number of grid points in each direction is set to 50. 
The two-dimensional density of each grid point is 
indicated by the colour scale shown in the legend. The 
TS10 values of the majority of samples are distributed 
between 5:30 and 8:00, whereas the range is between 6:00 
and 8:30 for TS25, and between 7:00 and 9:00 for TS50. 
The Du10 values of the majority of samples are 

 
Figure 3: Transformation of WLt. 

 
Figure 4: Parameters identified based on WLMt. 
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distributed between 14 and 18 hours, whereas the range is 
between 12 and 16 hours for Du25, and between 10 and 
14 hours for Du50. 
Figure 7 shows the density of the occupation ratios on 
Saturdays and Sundays. The two-dimensional density of 
each grid point is indicated by the colour scale shown in 
the legend of Figure 6. The majority of buildings have an 
occupation ratio of less than 50% on both Saturdays and 
Sundays, indicating that fewer people use buildings on 
weekends than on weekdays. These results fit our 
empirical knowledge on the operating conditions of office 
buildings.  

 
Figure 7: Statistical distribution of the occupation ratios 

on Saturday and Sunday.  
Characteristics of building groups 
This section shows the probability distributions between 
TS25 and Du25 and those of the Saturday and Sunday 
occupation ratios estimated for all the target building 

groups. Figure 8 shows the results. The distribution for 
schools is similar to that of the office. TS25 is distributed 
within a relatively narrow range. The operation duration 
is shorter than that for the office. The hotel’s start time is 
concentrated in the early morning; Du25 is much longer 
than the offices and schools. The TS25 values of the 
hospital are also concentrated in the early morning. Du25 
decreases with an increase in TS25. This trend indicates 
that there is a concentration at the end of the building 
operation. A similar trend is observed for retail stores. 
TS25 has a two-hour delay relative to the hospital. The 
restaurant has a diverse pattern in regards to the start time 
and the duration of operation, as four clusters are observed 
in the figure. This may be owing to differences in opening 
hours.  
Figure 9 shows the statistical distributions of the 
occupancy ratios on Saturdays and Sundays. The office 
and school show similar trends, in which the occupancy 
ratios decrease in the majority of the samples. In contrast, 
the other buildings show a high probability (at the top-
right corner). This indicates that the operation conditions 
on weekend days are similar to those on weekdays.  
Discussion and conclusion 
Conventionally, the diversity in operation schedules is not 
well-understood or considered in BSEM/UBEM for 
commercial buildings. However, there is an increasing 
need to reflect the realistic operational conditions of 
buildings. Although several relevant survey and 
modelling studies have been conducted at the building 
level, there are no reliable stock-level data on building 
operations. Bianchi et al. (2020) established a method for 

 
Figure 5: WLt estimated for office building samples. 

 
Figure 6: Estimated statistical distributions of the start times and durations. 
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overcome this difficulty by extracting building operation 
data based on time-series electricity demand. This study 
applied a similar method to Japanese commercial 
buildings, with some improvements. The most important 
improvement from Bianchi et al. was the process for 
extracting the week-length average electricity demand 
profile in which seasonal variation was removed. By 
using the week-length profile, the operation condition 
could be summarised using limited parameters 
representing the variations over the times of day and the 
days of the week. The variations in the parameters among 
buildings were summarised with several statistical 

distributions considering combinations of parameters. 
These statistical distributions can be used to assign 
building operation conditions to the reference building 
models used in BSEM/UBEM. 
Several challenges need to be addressed to integrate the 
developed statistical distributions with BSEM/UBEM. 
The first challenge is to establish a method for assigning 
the operation conditions of plug-load appliances, lighting, 
and heating, ventilation, and air-conditioning (HVAC) 
systems in reference building models. Generally, 
occupancy conditions have different impacts on the 
electricity consumption of plug-load appliances, lighting, 

 
Figure 8: Joint probability of start time and end time for the six building groups. 

 
Figure 9: Joint probability of the operation ratios on Saturday and Sunday. 
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and HVAC systems. For example, a room is the unit of 
operation for the lighting system, whereas the building is 
the unit for a centralised HVAC system. Therefore, 
further analysis is needed to understand the relationships 
between the occupancy conditions, operations of these 
systems, and electricity demands of buildings.  
The second challenge is to understand the causes of 
variation among buildings in a building group. We did not 
consider the relationships between various factors and the 
derived operation parameters. However, building 
attributes, such as the building size and location, may 
have a significant influence on the building operation 
conditions. Such relationships should be addressed in the 
application of BSEM/UBEM.    
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