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Occupancy is one of the main factors affecting building energy consumption. The occupancy data, which
refer to the occupancy number in this paper, has been widely used in the building simulation field. How-
ever, due to the stochastic nature of occupant behavior, it is hard to predict and measure how many
people stay in a given building. The rapid development of mobile Internet technology provides an effi-
cient and convenient option for occupancy detection. This paper proposes a concept of typical occupancy
data (TOD), which are extracted from real-time occupancy data collected by mobile devices. K-means al-
gorithm is employed to generate the TOD data through cluster analysis. An energy performance model of
an office building is used as a case study to demonstrate the effectiveness of the TOD data.
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1. Introduction

Occupancy is one of the main factors affecting building energy
consumption and it is also a main source of uncertainty in build-
ing energy simulation and prediction [1,2]. Due to the stochas-
tic nature and privacy issue of occupancy, it is not easy to char-
acterize occupancy in the buildings. Both the presence of occu-
pants and their interactions with building are often simplified by
some predefined schedules in current simulation programs [3],
which is mainly acquired from building standards or design man-
uals of different countries and organizations, as shown in Fig. 1.
According to the ASHRAE Standard 90.1-2013, schedules shall be
determined by the designer and approved by the rating author-
ity [4]. The user’s manual provide occupancy schedules for differ-
ent building types from ASHRAE standard 90.1-1989 when actual
schedule is unknown [5], where occupancy factors vary on week-
days, Saturdays and Sundays. Supported by the U.S. Department
of Energy (DOE) Building Energy Codes Program, Pacific North-
west National Laboratory (PNNL) made enhanced prototype build-
ing models for 16 commercial building types in 17 American cli-
mate locations with modified schedules [6]. However, actual occu-
pancy schedules are more complicated than those in the model.
Not all the schedules can be simply divided into weekdays and
weekends, and not all the occupancy schedules are same for the
same building type. Thus, discrepancies may exist between stan-
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dard schedules and actual occupancy and then may influence the
accuracy of simulation results [7,8]. How to obtain reliable occu-
pancy data, which only refer to the count of occupancy in this
paper, for building energy simulation remains as a challenged
problem.

Several studies have measured actual occupancy data on sites.
These measurement methods could be grouped into question-
naire method, sensor direct detection method [9-14], indirect de-
tection method [8,15-17] and mobile device detection method [18-
23]. Using questionnaires to survey real-time occupancy in the
buildings saves the cost of installing sensors but needs a large
work so that the data is statistic significant. Thus, questionnaires
are not suitable for buildings with a large amount of occupancy
and big variance, such as transportation centers. A large number
of studies measured the real-time occupancy directly by installing
sensors indoors, including PIR sensors, pressure sensors, imagine
sensors and so on. Data collected from sensors are more accurate
but require implementation of many sensors. Some sensors are ex-
pensive, such as imagine sensors, and the implementers need to be
concerned with the privacy of occupants. With the indirect mea-
sure method, real-time occupancy data is obtained indirectly by
detecting other environmental parameters such as CO, concentra-
tion, on/off lighting status, electricity consumption data, etc. These
measured data are not as reliable and accurate as direct measure-
ments. However, with the development of mobile Internet technol-
ogy, it is convenient and credible to use mobile devices such as
mobile phones to track human motion and detect occupancy in a
specified area. Compared to the former two methods, the mobile
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(b) Occupancy schedules for office building
from Chinese design standard GB 50189
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Fig. 1. Occupancy schedules for office building.

device detection method does not require any additional cost to
install and maintain sensors, and the location data can be obtained
in real time.

Although actual measured occupancy data has very high accu-
racy, it has two limitations in practical application. On one hand,
it is labor intensive for installation, maintenance and computation.
On the other hand, the actual measured data can be only collected
from existing buildings. For buildings in the design stage, it is im-
possible to measure occupancy data because the building does not
exist yet. However, for the majority of building types, occupancy
data follow some patterns. Accurate, real-time occupancy data in
building simulations and control systems may not be necessary.
Instead, a series of typical occupancy data can be used to allevi-
ate the simulation and computation workload on the premise of
accuracy.

Based on the on-site measured occupancy data, several stud-
ies [24-28] used stochastic models including hidden Markov
Model and Semi-Markov Model to capture the patterns of oc-
cupant presence and behaviors and make prediction. This kind
of method can provide more realistic occupancy data but need
a lot of work in computing, validation and calibration process.
Some studies used statistical method to get occupancy patterns.
Chang and Hong [29] used statistical methods to analyze light-
ing switch data collected from 200 cubicle offices to identify vari-
ations in occupancy patterns. Duarte et al. [7] used descriptive
statistics and two-sample t-tests to reveal occupancy patterns in
an office building. Hong and his research group proposed a se-
ries of studies to apply data-driven methods, such as cluster-
ing analysis and decision tree, to understand and predict occu-
pancy data [30-32]. However, due to the limitation of data mea-
surements, these studies cannot provide enough case studies and
mainly focus on office buildings, where the occupants are easy to
monitor.

A similar problem exists in building energy simulations, which
is the treatment of weather data. Simulation software usually uses
typical weather data, such as test reference year (TRY), weather
year for energy calculation (WYEC) and typical meteorological year
(TMY), instead of the actual weather data. TMY [33] proposed by
the Sandia Laboratory and the national climatic data center (NCDC)
in 1978 is the most widespread method. It constructs a year with
12 individual months of real weather data selected from historical
records using Finkelstein-Schafer (FS) statistics. Considering dif-
ferent weather components, such as dry bulb temperature, dew
point temperature, wind speed, solar radiation, etc., the FS statis-
tics are calculated for each weather component and summed to a
weighted value. TMY provides a relatively accurate and convenient
method for the characterization of outdoor climatic conditions and
is widely used in building design and simulation.

Referring to the TMY method, this paper proposes a concept of
typical occupancy data (TOD), which is generated from real-time
occupancy data collected by mobile devices. In the following sec-
tion (Section 2), we introduce the data source and cluster analysis
method applied to generate the typical occupancy schedule. The
clustering results of different building types are demonstrated in
Section 3 and a case study and application perspective are given in
Section 4. The originality, limitation and future work of this study
is discussed in Section 5, and the URL of the TOD database is at-
tached at the end of this paper.

2. Method

In this paper, the building occupancy data is collected by mo-
bile devices and stored in a database. After preprocessing, k-means
cluster analysis is applied as the data mining method to extract the
typical occupancy data (TOD). The process is illustrated in Fig. 2.

2.1. Data collection

We collected occupancy data from a mobile social network
company. If users turn on location services in mobile phones, PCs
and other mobile devices, when they use the applications (APPs)
developed by our cooperative Internet company, the positioning
software development kit (SDK) embedded in APPs would compute
and store their positioning requests and form real-time positioning
data. Through data analysis and feature extraction, we can obtain
hourly occupancy rate and distribution of buildings. Our cooperator
is one of the largest Internet companies in China, Tencent, and the
services of which include social network, web portal, e-commerce,
mobile games, etc. The social APPs developed by this company are
involved in many basic activities of life and share approximately
60% of the market. The average daily global positioning requests
have been more than 50 billion, covering more than 600 million
people. The data obtained from this company are the total num-
ber and distribution of occupancy in certain buildings rather than
personal information of users, so it does not involve privacy issues.
To date, the hourly occupancy data of 60 buildings have been col-
lected, and the collection work is still in process. A database needs
to be built to store and manage these occupancy data.

2.2. Data classification and database construction

In existing standards and design manuals, occupancy data is
related to the type, location and scale of the building. Different
types of buildings have different occupancy schedules and densi-
ties. The same type of buildings in different locations follow dif-
ferent patterns. Buildings on different scales may differ in both
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Fig. 3. Real-time occupancy data of two quick service restaurants in different location.

count and occupancy schedule. In addition, from the collected oc-
cupancy data, we find that the age of a building has an effect on
occupancy data. Therefore, in this paper, buildings descriptions are
constructed with the following four attributes: building type, loca-
tion, scale and age, which could be easily queried in the following
preprocessing and cluster analysis.

A. Building type

Stocki et al. [34] presented a set of standardized assump-
tions for commercial building energy analyses. They define
the following seven building types: large office, small of-
fice, retail, education, apartment, small hotel, and hospital.
The 2003 Commercial Buildings Energy Consumption Survey
(2003 CBECS) [35], which contains 5215 buildings separated
into 29 categories and 51 subcategories, provided the most
typical building types. Gowri et al. [36] added the mid-rise
apartment model in a separate PNNL study. The final set of
16 building types was selected by consensus among DOE,
NREL, LBNL, and PNNL, which represent approximately 70%
of the commercial buildings in the U.S. [37].

Considering the existing building type categorization and the
actual situation in China, the collected occupancy data of 60
buildings are classified into seven categories and 19 subcat-
egories, which are listed in Table 1.

B. Building location

The occupancy data in buildings is also related to their geo-
graphical location. People in different cities, countries and
time zones have different lifestyles and schedules. Even in
the same building type in the same city, the occupancy data
follow different patterns with different surrounding environ-
ment. As shown in Fig. 3 below, there are two quick service
restaurants at different locations. One is near a highway and

the other is in a residential community. The real-time occu-
pancy data of them, collected from January to March, vary
significantly differently. Although both restaurant occupancy
peaks appear during daily meal time, in the remainder of
the day, only the staff stay in the restaurants near the high-
way; however, in the restaurant in the community, there are
several consumers all the time, so the curve is more inten-
sive.

According to contrast result of above data, we classify the oc-

cupancy location information of buildings at four layers, in-
cluding time zones, countries, cities and detail location. In
detail location, we describe the surrounding environment of
buildings, such as whether they are near the highway, in the
community, near a school, etc.

C. Building scale

The size of a building not only affects the total number of oc-

cupancy but also the complexity of the schedule. Two shop-
ping malls with 10 times in size difference may have entirely
different schedule structures. Thus, in this paper, we do not
normalize the occupancy data into density and schedule. In-
stead, the original occupancy data is reserved, and the build-
ing area is given to describe the scale of the building as ref-
erence.

D. Building age

The building age would also have an effect on the occupancy

schedule and the number of occupancy. For instance, build-
ings could not be fully occupied at the beginning stage. For
some public buildings such as shopping malls, the occu-
pancy data vary with the increase of building age and the
enhancement of reputation. Fig. 4 shows the real-time occu-
pancy data of a shopping mall from January 2016 to October



138 G. Jiefan et al./Energy & Buildings 180 (2018) 135-145

2000

1800
1600
1400
1200
1000
800
600
400
200
0
2016/1/1

Occupancy Data

2016/3/11 2016/5/20 2016/7/29 2016/10/7 2016/12/16 2017/2/24 2017/5/5
Time

2017/7/14
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Fig. 5. Real-time occupancy data of an inpatient department of hospital for two days.

42

2017. Compared to 2016, the number of occupancy in 2017
increases obviously. Therefore, building age is chosen as an
attribute to describe buildings in this paper.

2.3. Data preprocessing

The method used to collect occupancy data in this paper has
the following three requirements: (1) using one of these popular
APPs developed by our cooperative Internet company, (2) having
access to network, and (3) turning on location services. If occu-
pants do not have any one of the above, they cannot be counted
and located. Thus, the following preparatory work is necessary:

(1) Correction of occupancy data due to the utilization rate of APPs

Based on the cases in public security, tourism, transportation
and urban planning, the samples we collect cover approxi-
mately 70% of the total samples. Thus, we need to modify
the obtained occupancy data considering that estimation by
0.7. It'’s noteworthy that this 0.7 estimation would vary with
the popularization of APPs and needs to validation.

(1) Correction of occupancy data due to turning off APPs at night

For some building types, such as hotels, hospitals, etc., occu-
pants will stop using APPs and turn off the Internet when
sleeping, which will cause a certain deviation. From the data
we collect, we find that the occupancy data of these build-
ings would climb to a peak during 9 p.m. to 12 p.m., which
is in accordance with the bedtime. Thus, in this case, we
choose the peak value of the occupancy before sleeping as
the occupancy data of the entire night. Fig. 5 shows the real-
time occupancy data of an inpatient department of a hospi-
tal for two days. Before correction (Fig. 5(a)), the number of

occupancy climbed to a peak of roughly 260 at 9 p.m. and
then dropped to 50 from O to 4 a.m., which differed by ap-
proximately 200 people. Therefore, we use the peak value at
9 p.m. as the occupancy data during night and multiply the
data by 0.7. The corrected data is shown in Fig. 5(b).

2.4. Cluster analysis

Referring to TMY, we propose a concept of typical occupancy
data (TOD). However, we do not choose the same method for TMY
by separating historical data into a fixed month time span. In-
stead, the k-means algorithm is applied to extract TOD because
the weather components contain dry bulb temperature, dew point
temperature, wind speed, solar radiation, etc.,, which should be
considered as the weighted sum to determine the data for the typ-
ical meteorological month. However, for occupancy data, only the
count of occupancy is considered. Thus, the cluster analysis can be
used to cluster the occupancy data following similar patterns, and
the geometric center of each cluster can be drawn as the typical
data.

Clustering is the process of grouping the data objects into sub-
jects. Each subject is a cluster, which means an occupancy pat-
tern in this paper. It is known as an unsupervised learning method
because the class label information is unknown. This method is
very useful to discover the previously unknown information within
data. The K-means algorithm, which is one of the most widely
used cluster analysis method, aims to find a partition in which
the squared error between the empirical mean of a cluster and the
points in the cluster is minimized [38]. Typically, Euclidean dis-
tance is used to describe the squared error (shown in Eq. (1)).

k
E=)"> (r-)’ (1)

i=1 peG
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Fig. 6. Clustering results of office buildings.
Table 1
Categorization of building types in this paper.
Category Subcategory Category Subcategory
Office Government buildings  Restaurant Full service restaurants
Enterprise companies Quick service restaurants
Shopping area  Shopping malls Hospital Outpatient department
Supermarkets Inpatient department
Shops Clinic
Hotel Luxury hotels Transportation  Airport
Business hotels Train station
Budget Inns Bus terminus
Education Primary school

Secondary school
University

where p=(p1,p3,...,pn) are points in an Euclidean n-space and c;
is the cluster center of cluster C;. In this paper, both p and ¢; are
24-dimensional points, and p represents occupancy data of 24 h a
day.

The main steps of the k-means algorithm are as follows: first
select k points as initial cluster centers. The remaining points are
assigned to the closest cluster center. Then, new cluster centers are
calculated by repeating the previous steps until the partition is sta-
ble.

In this paper, the k-means algorithm is applied to cluster the
occupancy data of each building. The optimal number of clus-
ters kop is determined by the Calinski-Harabasz (C-H) criterion
[39] and is regarded as the day type number of TOD. The annual
TOD is made up by the cluster centers of each day type. Consider-
ing that the internal and surrounding environment change during
building lifespan and occupancy data is related to the age of the
building, we update the TOD every year.

3. Results

Table 2 shows the statistics of kop for each building type, which
stands for the number of day types of TOD. For restaurants, ho-
tels and educational buildings, the occupancy data is classified into
two types. For office buildings and hospitals, kop could be 2 or
3. The clustering results of shopping area and transportation are
more complicated. The optimal number of clusters varies from 2
to 4.

The following figures show the clustering results of different
building types. The left figures compare the clustering results with
the actual day types, while the right figures show the typical days
(cluster centers). In the left figures, the actual day types are classi-

Table 2

Statistics of ko, for different building
types.

kop 2 3 4
Office 78% 22% 0%

Shopping area 55% 30%  15%
Transportation ~ 55% 27% 18%
Hospital 57% 43% 0%

Hotel 100% 0% 0%
Education 100% 0% 0%
Restaurant 100% 0% 0%

fied into nine types, including Monday to Sunday as well as hol-
iday and shift days, which are weekends paid back for working
because of legal holidays in China such as Spring Festival and Na-
tional Day Holiday. The points with the same color represent that
they are assigned in the same cluster. The numbers show the per-
centage of each actual day types assigned in this cluster. The more
actual day types are in the same cluster, the points are plotted
outer in left figures. For instance, the point circled in Fig. 6 repre-
sents that 60% shift days are assigned in Cluster 1 by the k-means
algorithm. Some weekdays (Mondays to Fridays) are also assigned
in Cluster 1, but there are still several weekdays assigned in Clus-
ter 0. The right figure shows the cluster centers, which presents
the typical occupancy data of clusters. From the clustering results,
we can draw the following conclusions for different building types:

(1) For office buildings, obviously, occupancy data could be di-
vided into weekdays and weekends. From the clustering result
(shown in Fig. 6), it could be seen that when kop=3, the oc-
cupancy data of weekdays would be assigned into two clus-
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Fig. 7. Clustering results of shopping area.
ters (Cluster 0 and Cluster 1), and the typical occupancy data week, spread from October to February, so the weekdays in this
of Cluster 1 are fewer than Cluster 0. Looking back to the ac- period tend to be assigned in Cluster 1.
tual occupancy data, we find that the weekdays with fewer oc-  (2) For the shopping area, the clustering results are more compli-
cupancy (Cluster 1) often appear before or after holidays. Most cated. From shopping buildings at different locations and scales,

of the holidays in China, especially the holidays more than one the number of clusters change from 2 to 4. Fig. 7(a) shows the
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clustering results of a shopping mall in the suburb. The occu-
pancy data on weekdays are fewer than weekends, but for some
Fridays and shift days, people are likely to go there for shop-
ping. Thus, parts of Fridays and shift days are also assigned
in Cluster 0. Fig. 7(b) shows the clustering results of a shop-
ping mall in downtown area. Different from the building of
Fig. 7(a), there is no obvious difference of occupancy data be-
tween weekdays and weekends. Seasonal discounts are another
factor that will influence the occupancy data. For the super-
market shown in Fig. 7(c), occupancy data varies differently be-
tween weekdays and weekends. On weekdays, the peak values
of occupancy data appear at the morning and evening hours,
while on weekends, it appears during 10 a.m. to 7 p.m. Part
of holidays and shift days are assigned into Cluster 2, which of-
ten appear during the Spring Festival and New Year’s Day. How-
ever, for shops, which are generally close to the community and
convenient for people to buy some daily necessities, consumers
will not stay too long and most of the occupants are staff in
the shop. The actual day types have no effect on the number
of occupancy. Occupancy data typically follow the same pattern
every day. However, the occupancy data will increase suddenly
for some factors, but this situation will not occur frequently and
will not last for a long time. In Fig. 7(d), only 20% occupancy
data are assigned in this case (Cluster 1).

(3) For transportation buildings, there is no significant difference

between occupancy data of weekdays and weekends (shown in

~

(5

N

Fig. 8). The occupancy data vary due to the holidays, such as
the Spring Festival, National Day Holiday, summer holidays, etc.
Generally, the occupancy data of holidays and the days before
or after holidays are much more than the other days. However,
Spring Festival is an exception. In China, people return home to
celebrate the festival. Thus, it comes to a peak value for occu-
pancy data in transportation buildings before and after Spring
Festival, while during the Spring Festival, there are fewer occu-
pants. According to the scale and sophistication of transporta-
tion buildings, kop would vary from 2 to 4.

For hotels, whether luxury hotels, business hotels or budget
inns, occupancy data can be divided into in-season data and
off-season data that is strongly related to the location deter-
mining whether the hotel is in season or off season. Not all
the hotels are in season during holidays or weekends (shown
in Fig. 9).

For hospitals, the occupancy data of outpatient departments
differ between weekdays and weekends, while the occupancy
data of inpatient departments decrease in holidays. The occu-
pancy data in hospitals increase from April to August (see Clus-
ter1 in Fig. 10(a and b)), which coincides with the flu season. In
January and February, the occupancy data are much fewer than
other times because of the Spring Festival. For clinics, the occu-
pancy data have no obvious difference between weekdays and
weekends.
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(6) The clustering results of educational buildings are clear. Occu-  (7) As mentioned before, the occupancy data of restaurant is re-

pancy data for holidays including weekends, holidays in China,
summer and winter holidays is Cluster 0. Non-holidays is Clus-
ter 1 (Fig. 11).

lated to its location, and the peak value of occupancy would
appear during meal time in a day (shown in Fig. 12).
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Fig. 13. Energy consumption from the simulation model vs. actual measured value.

4. Application

The TOD are described from building type, location, area and
age. For application, users choose the TOD of the most similar
building as reference. However, the attributes of different buildings
cannot be identical. Therefore, the TOD should be modified accord-
ing to the actual conditions.

A case study of an office building in Shanghai is described here
to show how TOD is applied in building energy simulation and to
analyze the accuracy of TOD in simulation. Two EnergyPlus mod-
els are built to compare the simulation results of using a standard
occupancy schedule and TOD. For Model 1, the occupancy sched-
ule is set according to the Chinese design standard for the energy
efficiency of public buildings [40]. For Model 2, the TOD of a simi-
lar office building, which is also located in downtown Shanghai, is
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chosen as the input and modified about the difference of building
area. The other input parameters of two models are same.

The comparison of the HVAC system energy consumption data
between the actual and simulated case is shown in Fig. 13. For
Model 1 (see Fig. 13(a)), the mean bias error (MBE) between the
simulated and actual energy consumption is 11.69%, and the coeffi-
cient of variation of root mean square error (CV(RMSE)) is 18.81%.
However, For Model 2 (see Fig. 13(b)), the MBE and CV (RMSE)
drop to 4.21%, 11.59% respectively. The model using TOD has higher
accuracy than that using standard schedule.

The above case study shows that using TOD in simulation
can improve the accuracy of the building model and simplify the
model calibration process; in particular, the proposed TOD can
be used as reference for buildings without any standard occu-
pancy schedule. TOD can also be used to develop more realistic
and stochastic occupancy model through further statistical anal-
ysis. In addition, for urban planning, TODs of different buildings
types in cities contribute to reasonable urban planning, including
transportation planning, architectural planning, and energy plan-
ning.

5. Conclusion

Building simulation requires accurate occupancy data. Existing
input methods such as fixed weekday and weekend schedules can-
not meet the demand of accurate simulation and control. Precise,
on-site measurements require substantial monitoring and expen-
sive equipment. Working with one of the largest social media com-
panies in the world and its mobile data, we propose an approach
termed TOD and its extraction method to solve the problem. The
simulation results demonstrated that the new approach is more ac-
curate than the traditional one.

Compared with traditional standard occupancy schedule, TOD
are collected by mobile devices, which embrace larger amounts
of data and various data types. Therefore, occupancy data classi-
fication is more specific. Unlike previous schedules, in this paper,
we not only provide 7 main classes and 19 subclasses of TOD of
different buildings, but we also describe the TOD from the loca-
tion, scale and age of buildings. Considering the change of envi-
ronment during building lifespans, we will update the TOD every
year. Moreover, with the increase in data collection, the existing
database will continue to expand, which is very useful for further
researches on occupancy.

In addition, this paper is based on the cluster analysis method
to classify the occupancy data, and the clustering results are data-
driven. Therefore, the results may classify issues that have not been
previously considered. For example, the occupancy data in hospi-
tals may be influenced by seasons; for example, the number of
people during flu season is significantly more than the number
during non-flu season and so on. These clustering results could be
used in research on occupant behavior models.

Due to the limited study period, the maximum data collection
time is 1.5 years, and the minimum is 0.5 years. In addition, data
collection was only concentrated in Shanghai and Beijing. With the
increase of acquisition time and the number of collection points,
the TOD proposed in this paper will be used more widely, and
the result will be more accurate. Moreover, in future research, the
analysis of typical occupancy information should be considered to
include gender and age ratios. These factors determine the comfort
requirements of building occupants and provide the data support
for further study on thermal comfort and delicate building control
strategies.

Although this paper mainly introduces the TOD application in
building simulation, its application scope can be extended to var-
ious industries such as transportation and urban planning, with
broad application value. The TOD of buildings that were col-

lected will be published on the Internet at http://a434.tongji.edu.
cn/typical%20occupancy%20data.html and will be free accessible to
researchers.
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