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ABSTRACT
Plug load and Heating Ventilation and Air Conditioning (HVAC) systems are the two largest
energy consumers in commercial buildings. The use of the 2 systems is closely related to
occupant behavior and schedule. It is significant to learn the occupant behavior pattern and
predict occupancy schedule for controlling the systems to save energy. A data mining study is
performed on the office appliance energy consumption data to predict the individual occupant
behavior and the occupancy schedule in an open office space.
An experiment is conducted for 2 weeks by using wireless electric outlet meters. The 5minute interval electricity consumption data of computers, computer monitors, task lights, and
other office appliances are monitored for 6 office workers. Occupant behavior is categorized
as “Occupied computer-based work”, “Occupied non-computer-based work”, “Unoccupied
remote work”, and “Unoccupied”. C4.5 algorithm is used for pattern recognition over the
appliance electricity consumption data individually. The average percentage of correct of the
6 individuals is 92.39% using 10-fold cross validation. The occupancy schedule for the space
is predicted by using total energy consumption of each subject with Linear Regression
algorithm. The correlation coefficient is 0.92 using 10-fold cross validation. The results
suggest the models are feasible and can be applied to the plug load and HVAC control
systems to reduce energy consumptions.
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INTRODUCTION
In the U.S., More than 80% of the total site energy in commercial buildings is consumed by
office appliance, service equipment and HVAC systems [1]. The use of appliance and HVAC
is highly dependent on occupant behavior and schedule, which are difficult to directly control
by traditional means. Besides, the standby power of office appliances, known as “phantom
load”, is often neglected and uncontrollable by occupants. Thus, the need for understanding
occupant behavior is essential for reducing plug load.
Several studies have explored methods to predict the occupant behavior and schedule in
commercial and residential buildings. Environmental sensors were often used to detect and
predict occupant behavior and schedule. Infrared motion, temperature, CO2, acoustics, and/or
light sensor data were used in the studies of [2-7]. Stochastic modeling method was used to
predict occupant behavior in [8-11].
The research above has demonstrated the data mining method is capable of predicting
occupant behavior and/or schedule for both plug load and HVAC energy saving purpose.
However, on the one hand, due to the diversity of human behavior, stochastic modeling may
only valid for the tested subjects in the tested location, and on-site sensor data seems to be
essential for generalizing the learning method. On the other hand, environmental sensor
networks can be costly for installing and maintenance in office buildings. And the robustness
of environmental sensors can also influence the prediction result.
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In this study, electricity meter data of office appliances are used to predict occupant behavior
and schedule, respectively. The presented results show the feasibility of the method in the
tested open office.
METHOD
Experiment Setup and Data Processing
The experiment set up in an open office space in the Intelligent Workplace (IW) on the
Carnegie Mellon University campus in Pittsburgh, Pennsylvania USA was designed to collect
individual office appliance electricity consumption data and record occupant behavior
concurrently for 2 weeks. 6 voluntary office workers (4 males and 2 females) age from 24 to
28 years old participated in the experiment.
The metered office appliances include desktop computer, computer monitor(s), task light,
speaker, laptop computer, hard drive and personal heater. Plugwise meter/switch devices are
used to collect individual office appliance electricity data for each participant [12]. A webbased data collection system is developed by [13] and is modified to collect power
consumption data in 5-minute interval for this study. A Matlab program is developed to
extract the data from a web-based SQL server and generate a “clean” CSV-format file.
Occupant behavior is classified into 4 categories, (1) “Occupied computer-based work”
indicates the occupant is working with the computer actively at his/her bay. (2) “Occupied
non-computer-based work” indicates the occupant is at his/her bay, but does not use the
computer. The possible activities include paper-based tasks, discussing with colleagues,
having lunch, having phone calls and so on. (3) “Unoccupied remote work” suggests the
occupant is not at his/her office bay, but is using the desktop computer by remote connection.
(4) “Unoccupied” means the occupant is not in his/her office bay and is not working remotely
either.
Occupant behavior is recorded for “ground truthing”, which should be the “true” result of the
prediction that will only be used for training and testing the model for the model building
period. The implementation of the trained model would not need this part of experiment.
First, a Java program is developed to detect mouse and keyboard activities and record the time
that both devices are not used within 5 minutes. Second, a Fitbit ZipTM pedometer is used to
indicate whether the occupant is at his/her office bay [14]. Subjects are required to wear the
device on his/her wrist for the period of the study. The device contacts the desktop Bluetooth
dongle every 9 seconds when it is within a 20 feet (6.09 meter) range from the computer. By
reading the 2 pieces of information, the occupant behavior can be recorded and categorized,
as shown in Table 1.
“Occupied computer-based work”
“Occupied non-computer-based work”
“Unoccupied remote work”
“Unoccupied”

Computer in active mode
1
0
1
0

Subject is in the bay
1
1
0
0

Table 1: Occupant behavior ground truth labeling.
Individual Occupant Behavior Recognition Method
6 datasets of 4332 instances with 4-6 attributes are trained and tested individually using 10fold cross validation in Weka program [15]. 3 nominal classification data mining algorithms
are considered, including Support Vector Machine (SVM), C4.5, and Locally Weighted
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Learning (LWL) [15-17]. 2-tailed paired-T test with the confidence of 0.05 is used for result
comparison [15].
Occupancy Schedule Prediction Method
For economic and technical reasons, 2 datasets are compared for occupancy schedule
learning. One is sub-metered raw dataset from individual appliances, which has 33 attributes.
The other is the aggregated energy consumption data of all the appliances for each subject,
which has 6 attributes. The reason for comparing the two datasets is that the less data a
method requires the more practical the method will be. In most office spaces, appliance-byappliance sub-metering data may not be available but subject-by-subject meters are much
more economical. 3 numeric regression data mining algorithms –Support Vector Regression
(SVR), LWL, and Linear Regression (LR) - are tested by 10-fold cross validation in Weka
program. The results are compared by using 2 tailed paired-T test with the confidence of 0.05.
RESULTS
Individual Occupant Behavior Recognition Result
Figure 1 illustrates the ground truth value of all the subjects’ behavior schedule in a typical
work day. The figure indicates the subjects have diversified working schedules. Sub1 has an
earlier and regular office work schedule. Sub 2 works either remotely or without computer.
Subs 3, 4, and 5 have similar computer-based work schedules and lunch break schedules. Sub
6 is absence during the tested day.

Occupied computerbased work

Sub1
Sub2

Occupied noncomputer-based work

Sub3
Sub4

Unoccupied remote
work

Sub5
Sub6
7:00:00 AM
7:25:00 AM
7:50:00 AM
8:15:00 AM
8:40:00 AM
9:05:00 AM
9:30:00 AM
9:55:00 AM
10:20:00 AM
10:45:00 AM
11:10:00 AM
11:35:00 AM
12:00:00 PM
12:25:00 PM
12:50:00 PM
1:15:00 PM
1:40:00 PM
2:05:00 PM
2:30:00 PM
2:55:00 PM
3:20:00 PM
3:45:00 PM
4:10:00 PM
4:35:00 PM
5:00:00 PM
5:25:00 PM
5:50:00 PM
6:15:00 PM
6:40:00 PM
7:05:00 PM
7:30:00 PM
7:55:00 PM

Unoccupied

Figure 1: True value of all the subjects’ behavior schedule in a typical work day.
Table 2 shows the result of the “percentage of correct” and “kappa statistic” for the 6 datasets
using the 3 algorithms [15]. No statistically significant difference among the 3 algorithms is
found. Therefore, from the practical point of view, C4.5 can be a suitable candidate to be used
in practice. By comparing the 6 subjects, one can see Sub 1 and Sub 6 have highest
percentage of correct, but the kappa statistic value for Sub 1 is the highest among all the
subjects, while the kappa statistic value for Sub 6 is the lowest among all. The possible
explanation is that nominal value of Sub 6 is highly skewed to “unoccupied”, which is
89.93% of the entire class value. While other subjects’ “unoccupied” class value percentage
are 74.51%, 63.73%, 72.46%, 80.77%, and 72.25% for Sub 1 to Sub 5, respectively.
Despite the diversity of the subject behaviors, by using C4.5 algorithm, the average
percentage of correct is 92.39%, and the average kappa statistic is 0.68. The overall learning
result is satisfactory, although the patterns of each subject are dissimilar.
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SVM
95.96 / 0.87
82.06 / 0.61
94.92 / 0.85
90.65 / 0.62
89.26 / 0.71
96.69 / 0.04

Subject 1
Subject 2
Subject 3
Subject 4
Subject 5
Subject 6

LWL
96.00 / 0.87
82.05 / 0.61
94.94 / 0.85
90.61 / 0.62
88.85 / 0.70
97.02 / 0.29

C4.5
96.02 / 0.87
84.43 / 0.66
94.95 / 0.85
92.12 / 0.66
89.56 / 0.71
97.26 / 0.37

Table 2: Occupant behavior recognition result (percentage of correct / kappa statistic).
Occupied computerbased work
Occupied noncomputer-based work

Ground
truth value

Unoccupied remote
work

Predicted
value
7:00:01 AM
7:25:01 AM
7:50:01 AM
8:15:01 AM
8:40:01 AM
9:05:01 AM
9:30:01 AM
9:55:01 AM
10:20:01 AM
10:45:01 AM
11:10:01 AM
11:35:01 AM
12:00:01 PM
12:25:02 PM
12:50:01 PM
1:15:01 PM
1:40:01 PM
2:05:02 PM
2:30:01 PM
2:55:01 PM
3:20:01 PM
3:45:01 PM
4:10:01 PM
4:35:01 PM
5:00:02 PM
5:25:01 PM
5:50:01 PM
6:15:01 PM
6:40:02 PM
7:05:01 PM
7:30:02 PM
7:55:02 PM

Unoccupied

Figure 2: True value and predicted value of Sub 1 in a typical work day.
Figure 2 illustrates the comparison between the ground truth value and predicted value of Sub
1 in a typical work day. The model can predict fairly accurately for occupied computer-based
work. However, the model fails to distinguish “occupied non-computer-based work” and
“unoccupied” instances in 2 cases, as highlighted in Figure 2. First, from 11:00am to 11:20am,
there are several “non-computer-based work” instances, but the model categorized the
instances as “unoccupied”. When looking at the raw dataset of these instances, the 2 computer
monitors were off, due to the “sleep mode” setting of the computer. Given the fact that
“computer” and “computer monitor” have high weights on the model, it is expectable the
model may make mistakes in this situation. Second, at 12:35pm, the ground truth value is
“unoccupied”, while the predicted value is “occupied non-computer-based work”. Comparing
the raw data of electricity meters from 12:20pm to 12:35pm, no significant difference
between the first 3 instances and the last one can be found. Thus the authors believe the
ground truth value of 12:35pm may be a random error, which may occur when no movement
is detected by the Fitbit device for 5 minutes. This error case should rarely happen during the
experiment, since the device has an accurate acceleration sensor and the subject is required to
wear it on the wrist during the experiment period.
Occupancy Schedule Prediction Result

Dataset by appliances
Dataset by subjects

SVR
0.93 / 0.27
0.92 / 0.32

LWL
0.85 / 0.48
0.83 / 0.52

LR
0.93 / 0.28
0.92 / 0.33

Table 3: Occupancy schedule prediction result (correlation coefficient / relative absolute
error).
2 datasets are trained and tested by using SVR, LWL, and LR algorithms. The correlation
coefficient and relative absolute error are shown in Table 3 [16]. No statistically significant
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5
4
3
2
1
0
-1

Ground truth value
Predicted value
7:00:01 AM
7:25:01 AM
7:50:01 AM
8:15:01 AM
8:40:01 AM
9:05:01 AM
9:30:01 AM
9:55:01 AM
10:20:01 AM
10:45:01 AM
11:10:01 AM
11:35:01 AM
12:00:01 PM
12:25:02 PM
12:50:01 PM
1:15:01 PM
1:40:01 PM
2:05:02 PM
2:30:01 PM
2:55:01 PM
3:20:01 PM
3:45:01 PM
4:10:01 PM
4:35:01 PM
5:00:02 PM
5:25:01 PM
5:50:01 PM
6:15:01 PM
6:40:02 PM
7:05:01 PM
7:30:02 PM
7:55:02 PM
8:20:01 PM
8:45:01 PM

# of occupants

difference is found among the 3 different algorithms and among the 2 datasets. Hence, for
predicting occupancy schedule, using LR algorithm over the subject-by-subject electricity
meter data can be applicable. Figure 1 shows the comparison between the ground truth value
and predicted value of occupancy schedule in a typical work day by using LR algorithm over
the dataset by subjects. The relative absolute error is 0.33 for the tested period.

Figure 3 True value and predicted value of occupancy schedule in a typical work day
DISCUSSION
Although the 2 models suffer a similar problem that the information of energy use may not be
sufficient for distinguish “non-computer-based work” and “unoccupied” as mentioned in the
“RESULT” section. It may not be a problem for HVAC system control in a multi-person
zone, but could be a problem for single-person individually controlled HVAC system, in
which case, alternative solutions have been tested and implemented to predict single person’s
schedule [18]. To avoid the error disturbance for appliance control, time step can be increased
from 5 minutes to longer time, and the control algorithm should check for status change
consistency as well. For instance, only actuate the appliance when the behavior change
continues for more than 2 time steps.
Future work will be focused on implementing the two models into the HVAC and plug load
control systems and testing the energy saving results and recording the possible occupant
behavior change. For predicting occupancy schedules, the model may be applied directly to
the offices with similar appliance configuration without conducting ground truthing
experiment. Dissimilarly, for individual occupant behavior prediction, more subjects should
be tested and compared by using ground truthing method to draw a statistically significant
conclusion. Then a more generalized model may be applicable for control purpose.
CONCLUSION
The study proposed a solution to learn and predict occupant behavior and schedule in open
office spaces using office appliance electricity meter data. The average percentage of correct
of individual behavior recognition is 92.39%. The correlation coefficient of occupancy
schedule prediction is 0.92. The results suggest that despite the variation of individual
occupant behaviors and schedules, the method is feasible to be used for HVAC and plug load
systems control.
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