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a  b  s  t  r  a  c  t

Building  occupancy  is a paramount  factor  in building  energy  simulations.  Specifically,  lighting,  plug loads,
HVAC  equipment  utilization,  fresh  air requirements  and  internal  heat  gain  or loss  greatly  depends  on  the
level of  occupancy  within  a building.  Developing  the appropriate  methodologies  to  describe  and  repro-
duce  the  intricate  network  responsible  for human-building  interactions  are  needed.  Extrapolation  of
patterns  from  big  data  streams  is  a powerful  analysis  technique  which  will  allow  for  a better  understand-
ing  of  energy  usage  in  buildings.  A three-step  data  mining  framework  is  applied  to  discover  occupancy
patterns  in  office  spaces.  First,  a data  set  of  16  offices  with  10  min  interval  occupancy  data,  over  a  two
year  period  is  mined  through  a decision  tree  model  which  predicts  the  occupancy  presence.  Then  a rule
induction  algorithm  is  used  to learn  a pruned  set  of rules  on  the  results  from  the  decision  tree  model.
Finally,  a cluster  analysis  is  employed  in order  to obtain  consistent  patterns  of  occupancy  schedules.
The  identified  occupancy  rules  and  schedules  are  representative  as  four archetypal  working  profiles  that
can  be used  as input  to  current  building  energy  modeling  programs,  such  as  EnergyPlus  or  IDA-ICE,  to
investigate  impact  of  occupant  presence  on design,  operation  and  energy  use in  office  buildings.

©  2014  Elsevier  B.V.  All  rights  reserved.

1. Introduction

One of the paramount efforts engineers, architects and policy-
makers are currently facing is the need to deliver highly efficient
buildings. In the roadmap toward net-zero energy buildings, office
buildings play an important role as they represent approximately
17% of the energy used in the U.S. commercial building sector [1].

Several efforts have been made to accelerate the uptake of
energy efficiency technologies in office buildings. While the driving
factors of building energy performance such as climate, build-
ing envelope and building equipment are well recognized, the
description of factors such as operation and maintenance, occupant
behavior, and indoor environmental conditions are still over-
simplified. Often building occupancy schedules are based upon
generalized assumptions that hinge on standards, energy codes or
rely on the experience of energy modelers. The American Society
of Heating, Refrigerating and Air-Conditioning Engineers (ASHRAE)
Standard 90.1-2004 [2] provides standardized occupancy factors
for different building types which can be used to design occu-
pancy when actual schedules are unknown (Fig. 1). A daily profile,
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handled differently for weekend and weekdays, is composed of
hourly values, each of which corresponds to a fraction of the occu-
pancy peak load.

Nevertheless the stochastic nature of occupant behavior, the
number of people that occupy a space and the duration occu-
pied, is a non-trivial aspect to characterize. Literature studies have
focused on the impact of occupancy presence scenarios on energy
use in office buildings, with Burak Gunay et al. [3] providing a com-
prehensive and up-to-date critical review of observation studies,
modeling, and simulation of adaptive occupant behaviors in offices.
In 2013 a study conducted by Duarte et al. [4] analyzed the occu-
pancy sensors of a large commercial multi-tenant office building
and showed up to 46% variation in occupancy patterns for the time
of day, day of the week, holidays and months, when compared with
the standardized occupancy schedules in ASHRAE Standard 90.1-
2004 [2]. The discrepancy presented by Duarte et al. [4] may  lead
to the incorrect design of office building equipment and to sys-
tem inefficiencies. Chang and Hong [5] demonstrated the stochastic
nature of occupancy profiles was one of the driving factors behind
the discrepancy between the measured and simulated energy con-
sumption in buildings. Based on statistical analysis of measured
lighting-switch data, Chang and Hong [5] proved the frequencies
of occupants leaving their cubicles and the corresponding dura-
tions of absence had significant impact on the total energy use and
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Fig. 1. Recommended office building occupancy factors [%] by day type, ASHRAE
Standard 90.1-2004.

operational controls of the office building. Results from Energy-
Plus simulations to evaluate the impact of occupant behavior on
energy use of private offices with single occupancy [6], demon-
strated that occupants with wasteful work-style consumed up to
90% more energy than standard users, while austerity work-style
occupants used half of the energy of the standard occupants. More-
over, real-time estimation of occupancy in commercial buildings is
largely treated with the aim to achieve better dynamic modeling
results. However, it is a challenging task to develop reliable math-
ematical models of occupant presence due to the stochastic nature
of human behavior [7].

Some stochastic models of the occupancy level of single offices
have been proposed in the last decade within the scientific com-
munity [8–10]. Wang et al. [8] examined the statistical properties
of occupancy in single person offices of a large office building in San
Francisco and found that, while vacancy intervals could be treated
as a constant over the day, occupancy intervals were more com-
plex due to their varied distribution in time. Tabak and de Vries
[9] proposed a model to predict the occurrence and the frequency
of intermediate break activities during an office working day (i.e.
walking to a printer/mailbox or using the bathroom). For each
intermediate activity, a probabilistic formula was presented for
use in office occupancy schedule designs. More recently, Sun et al.
[10] developed a stochastic model, using a binomial distribution
to represent the total number of occupants working overtime and
an exponential distribution to represent the duration of overtime
periods. Moreover, Stoppel and Leite [11] presented a probabilis-
tic occupancy model simulating annual building occupancy rates
based on frequency, duration and seasonality of occupants’ long
vacancy activities that can be further implemented into a building
simulation model.

Additionally, there has been a gowning interest in agent-based
models (ABM) to simulate patterns of human individual action and
presence at the building level. Most notably, the Markov Chain
method, provides a simulation approach to capture the movement
process per occupant in the time and space dimensions of build-
ing models. The earliest ABM of occupant presence using a Markov
Chain was proposed in 2005 by Yamaguchi et al. [12] in the devel-
opment of a district energy system simulation model. The working
state of each occupant of a group of commercial was  simulated
based on appliances energy consumption data, where the times of
arrival, lunch break and departure were selected on a 5 min  interval
with a random distribution by using the inverse function method
(IFM).

One of the first agent-based models of occupancy in single
office was provided in 2008 by Page et al. [13]. The model pre-
dictions used a Markov Chain to create random occupancy profiles
(i.e. time of arrival and departure, periods of intermediate absence
and presence, as well as periods of long absence from the space)

based on and validated by sensor data, and were later used as an
input to occupant behavior models within building simulation tools
[13]. Wang et al. [14] handled occupancy as the straightforward
result of occupant movement processes which occurred among the
spaces inside and outside a building. By using the Markov Chain
method, the model generated the location for each occupant and
the zone-level occupancy for a whole office building type. Addition-
ally, Virote and Neves-Silva [15] used the Markov Chain method to
relate behavior in an office space catalogued by data logger mea-
surements to occupant presence in the office building.

More recently in 2014, Dong and Lam [16] developed a real-time
predictive control model for building heating and cooling systems
based upon the occupancy behavior pattern detection in coordi-
nation with local weather forecasting, using advanced machine
learning methods including Adaptive Gaussian Process, Hidden
Markov Model, Episode Discovery and Semi-Markov Model.

Currently, more granular real-time measurements of the occu-
pant presence, movement and interaction with system controls
(thermostats, lighting) and building envelope action (windows,
shades) are streamed. Sensor networks enable multidisciplinary
and integrated layers of big data source collection, providing reli-
able information on occupancy recognition and scheduling, in
addition to building performance and operation.

State-of-the-art data mining methods provide a powerful anal-
ysis technique to extrapolate useful and understandable occupancy
patterns from big data streams.

For clarity, data mining is defined in 2001 by Hand et al. [17] as:
“The analysis of large observation datasets to find unsuspected rela-
tionships and to summarize the data in novel ways so that owners
can fully understand and make use of the data.” Cabena et al. [18]
provided another definition as: “An interdisciplinary field bringing
together techniques from machine learning, pattern recognition,
statistics, databases and visualization to address the issue of infor-
mation extraction from large databases.” In many applications, it is
difficult to extrapolate useful information from monitored building
data due to large data scattering. Instead patterns of data discovered
through data mining techniques may  present applicable solutions
at high levels of abstraction. Data mining of frequent patterns has
been a focused theme in data mining research for over a decade
with a comprehensive review provided by Han et al. [19]. Although,
data mining techniques are largely applied to research fields such
as marketing, medicine, biology, engineering, medicine, and social
sciences, the application of a data mining framework to building
energy consumption and operational data, is still in elementary
phases. One highly effective technique of data mining for obtaining
information on human-building interaction is the use of patterns
correlating repetitive behaviors and actions to typical user profiles
[20–22]. In this context, between 2011 and 2012 Yu et al. [23–26]
tested several systematic data mining methodologies for identi-
fying and improving occupant behavior in buildings. The results
showed that the analysis methodology was  powerful in providing
insights into energy patterns related to the occupant behavior, facil-
itating evaluation of building saving potential by improving users’
energy profiles as well as driving building energy policy formula-
tion [23–26].

2. Methodology

Traditional methods of turning data into useful knowledge
require data cleaning, analysis and interpretation. However, such
manual data analysis often becomes impractical, slow and expen-
sive as data volume grows exponentially. In view of these facts,
researchers in the field of machine learning, pattern recognition,
databases, statistics, artificial intelligence, knowledge acquisi-
tion and data visualization, have focused their attention on the
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