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ABSTRACT

This paper presents findings from two years’ case study of
occupants’ thermostat use and related environmental conditions in 53 office rooms long-term data were collected by
datalogger measurements of the thermal environment and
behavior. It was observed that occupants infrequently interacted with their thermostats and when they did, they increased the setpoint temperature by an average of 1 °C. Overall, occupants interacted with thermostats only 10% of the
time, during the monitored period. To study the correlation
between the indoor, control and outdoor temperatures with
the thermostat setting of occupants, regression analysis was
done. The linear regression analysis showed that only indoor
temperature had a meaningful correlation with thermostat
temperature set by the occupants. To study if there is any
correlation between the orientation of the offices and temperature demand by occupants, offices facing the same direction
were clustered. The study showed a weak correlation between orientation and thermostat settings. By explaining the
nature of human-building interaction, the objective of this research is to achieve a more reliable prediction of occupant
behavior, in this case, thermostat setting, as a part of future
low energy building design and operation practices.
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INTRODUCTION

Often there is a difference between computed energy performance of buildings and actual measured energy use, once
buildings are operated. This difference in energy performance measurement is called the “performance gap”, which
depends on time and environmental conditions. The performance gap may arise from various sources, among which,
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there are some factors which have uncertain nature. Occupant behavior is one of the sources of this uncertainty. In recent years many researchers direct their efforts in studying
human-building interaction [1]. Occupants are not passive
participants and they interact directly with building systems
(i.e. thermostats, lighting and etc.) and their presence affects
the heating, ventilation and lighting requirements [1].
It is found that building control systems focus primarily on
energy savings rather than incorporating results from thermal
comfort, especially when it comes to occupant satisfaction
[2]. Due to the lack of information, user behavior is usually
simplified and exaggerated in building performance simulations through one standard user pattern. To get more precise
energy demand simulations, user patterns are needed that
capture the wide variations in behavior without making simulations too complex [3]. Factors that affect occupant behavior, in general, include physiological factors, cultural parameters, personal traits, psychological parameters, corporate
and social practice, social habits, climate, regulations, policies, and random factors. However, according to Pieter De
Wilde the current challenge for energy evaluators is “Getting
to the realization that from a building point of view, we are
not really interested in ‘behavior’ – we need to refocus on
occupant presence and actions only and stop pretending we
can/want to model the factors that cause these.”
As building envelopes and mechanical systems become more
efficient, the influence of occupants on building energy increases. Meanwhile, trends in teleworking, co-working and
home-sharing mean much different occupancy than the
standard occupancy schedules. Lastly, expectations for comfort are growing globally, while new technologies may or
may not succeed in meeting this demand. The convergence
of these trends has demanded a new look at how occupants
are incorporated into building design and operation during
the building life cycle [4].
Due to the prevalence of technologies of heating, ventilation
and air conditioning (HVAC) in buildings, individuals have
been able to create a comfortable indoor thermal environ-
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ment. “If a change occurs such as to produce discomfort,
people react in ways which tend to restore their comfort” [5].
There are two main complications arising with this, one is
how should we define discomfort and the other is that occupants don’t make logical decisions all the time and their actions are generally stochastic. On the other hand, an increasing number of new buildings tend to provide thoroughly constant and uniformly neutral indoor climate at the expense of
high energy consumption [6], which does not necessarily
benefit occupants’ thermal comfort and health [7] [8].
By measuring variations in energy consumption in identical
buildings with different occupants, many studies indicate
that different occupants' behaviors affect energy consumption in buildings [9]. A few previous research and case studies have shown that occupancy-based energy management
system can offer up to 60% energy savings in commercial
buildings [10] [11]. Although it is a huge contributor to
building energy conservation, most of the current studies focus only on technical efficiency without considering human
dimensions. Low energy buildings often fail to meet expected performance, with occupant behavior contributing decidedly toward building energy consumption and indoor environmental quality [12]. While occupant behavior can significantly affect the design and operation of low energy
buildings, it is often under-recognized or over-simplified by
energy evaluators. Analyzing the impact of occupants on
building’s energy consumption level is challenging, due to
its complex, stochastic and multidisciplinary nature.
There are two approaches towards modelling the occupant
behavior, one is a deterministic approach which assumes that
certain situations will lead to certain actions, for example, the
window is considered to be open if the temperature threshold
is exceeded, or lighting system will be on if lux level is below
a certain degree. However, the deterministic approach has
some limitations. One is that fixed schedules lead to repeatable and predictable actions. Accordingly, the variations of
behavior are lost. Also, it is not accurate to consider that users make perfectly rational choices, towards the control of
their indoor environment. The deterministic approach does
not consider the personal preferences of occupants. Since, in
many cases, personal preferences or habits play an important
role in decision making, a probabilistic approach is taken towards occupant behavior. For modelling of user behavior,
probabilistic models could be used, which typically use statistical data to estimate the likelihood (or probability) that
certain action occurs, correlating observed behavior with indoor climate-related variables such as the indoor temperature
[13].
Current limitations in study of occupant behavior include: (1)
a collection of suitable data for behavior understanding and
modeling, (2) an ontology specific and broad enough to represent occupant behavior in buildings, (3) the evaluation of
applicability of behavior models, (4) quantifying the effect
of energy-related occupant behavior on building energy performance, and (5) providing metrics and insights to incorpo-
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rate sustainable behaviors into robust buildings and smart
communities [14]. From the point of view of some experts
working on the topic, some of the challenges include: “The
challenge is the lack of a standard method to collect highquality data and of the availability of model algorithms” Yiwen Jian. Mikkel Kjaergaard underlines the need in “Respecting privacy while developing new sensing technologies
for the many types of occupant behaviors” and Clair Das
Bhaumik suggests “Effective communication and
knowledge sharing between the different disciplines involved (e.g. social scientists and engineers).”
This paper presents findings from two years’ longitudinal
case study of thermal environment and occupants’ thermostat use in an air-conditioned office setting in Austin, TX
USA (ASHRAE climate zone 2A, hot and humid). Collection of longitudinal data allow one to observe occupant comfort and adaptive behavior as they evolve together across the
day and season [9]. Offices were chosen for this research because of their substantial contribution to energy use in the
United States, presenting the most common type of floor
space in the commercial sector, which contributes to 19% of
U.S. energy consumption [10]. The main objectives of the
research include a study of (1) the frequency of interaction
of occupants with thermostats and (2) the degree of effectiveness of indoor, outdoor and control temperature in predicting the probability of thermostat use.
2

DATA COLLECTION AND PROCESSING

A field monitoring of indoor and outdoor climate conditions
and occupants control actions were performed in fifty-three
closed offices with active chilled beam units, located in one
of the buildings at University of Texas at Austin, in the period from February 2017 to November 2018. The building,
built in 2013, is a LEED gold-certified building. The gross
area is 19,745 [m2]. All offices have single occupancy and
are situated on the third floor of the 7-story building, along
the periphery of the building, facing all four directions. Envelope details are not available. Also, the detail information,
i.e., age and gender of occupants was not included in data
collection.
Environmental condition data were recorded every ten minutes in each office: indoor room temperature, thermostat temperature, control temperature and outdoor temperature. As
some data during the period of 10th March 2017- 30th April
2017 was missing, this period was excluded from the analysis. The collected data were recorded in the imperial unit,
(Fahrenheit degrees, later converted to Celsius). Considering
that the main aim of the research was to model the thermostat
use of occupants, non-occupancy hours were excluded from
the study and the data from working hours, from 8 am to 5
pm were analyzed. The data collected in 10 minutes intervals, was converted to hourly values and datasets were analyzed, to monitor the thermostat setting behavior of occupants in certain environmental conditions, to find if there is
any correlation between the action of occupants and environmental variables.. Figure 1 shows the variation of hourly
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values of all the four variables, outdoor temperature (OT),
indoor room temperature (RT), thermostat temperature (TT)
and control temperature (CT) in one of the rooms (room 13),
from April 2017 to October 2018. TT indicates thermostat
dials, which is located right next to the room doors, where
light switches are placed. CT is internal control variable,
which is a target supply air temperature, and it is automatically calculated temperature from other variables through a
feedback loop set by the Building Automation System (BAS)
provider.
40
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perature is a dependent variable, connected to independent
variables, such as outdoor temperature, control temperature
and indoor room temperature. Thermostat temperature was
considered as a dependent variable and the other three temperatures were considered as independent variables.
Figure 3 shows the correlation coefficient of independent
variables with the thermostat temperature. The results vary
from a negligible correlation to a strong correlation in different rooms. In most of the rooms that correlation is very
strong, the thermostat temperature was constant throughout
the monitoring period, i.e. occupants did not interact with the
thermostat. In those rooms, as for any change in outdoor,
control and room temperature, thermostat temperature was
constant, therefore, it is easy to predict the possible next time
step of the thermostat temperature and thus the correlation is
strong.
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Figure 1. Temperature variation during the measured period (For
interpretation of the references to colour, the reader is referred to
the Web version of this article)
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Figure 2 demonstrates the indoor room temperature throughout the measured period in all 53 offices. Although medians
of temperature in all rooms are approximately 22 to 23 °C,
variations between the offices indicate that different occupants have different preferences.

Figure 3. Multiple regression analysis of independent variables
(CT, OT, RT) with the dependent variable TT (x-axis is Office id.)

Amongst the offices that had approximately medium correlation, room 13 was randomly selected for the future analysis. Figure 4 compares the real thermostat temperature measurements during the studied period, with the predicted values
from the multiple regression analysis. As the correlation coefficient in room 13 is 0.45 and is not a very strong correlation, in some events there is up to 3 °C difference between
the predicted value and the real value.
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Figure 2. Indoor temperature variation in different rooms
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ANALYSIS AND RESULTS

19

3.1 Regression Analysis

The first step towards the analysis of the data was to study
the correlation between the indoor, control and outdoor temperatures with behavior of occupants i.e. thermostat setting
in this case. Multiple linear regression analysis was performed in each room, in order to study the relationship between all the four variables and to check if thermostat tem-
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Figure 4. Comparison between real and predicted thermostat temperatures
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To study the effect of each individual variable on thermostat
temperature set by occupants, single linear regression analysis was performed. Figure 5 demonstrates the correlation between the indoor room temperature and the thermostat temperature. Figures 6 and 7 respectively show the correlation
between control temperature and outdoor temperature with
the thermostat temperature. Although the R2 value of RT and
TT is 0.22, this value is relatively high compared to other
relationships discovered in Figure 6 and Figure 7.
25
y = 1.1007x - 2.9023
R² = 0.2253

24

3.2 FREQUENCY OF THERMOSTAT USE

Next step of the analysis included the study of thermostat use
of occupants during the measurement period. Figure 8 shows
the minimum, first quartile, median, third quartile and maximum values of thermostat setpoints in different offices.
Some rooms which had irrelevant data (values outside the
range of the thermostat dial) were excluded.
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out. Results presented that in room 30, indoor room temperature had even greater correlation as compared to room 13,
i.e. R2= 0.66. In case of control temperature, the values were
very close, and the outdoor temperature had R2= 0.02. This
indicated that between the three dependent variables, indoor
temperature had a greater effect on thermostat use of occupants in comparison to other two variables.

Figure 5. Linear regression analysis RT and TT
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Figure 8. Statistical analysis of thermostat setpoints in the offices
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Change in thermostat temperature, ΔTT for the offices in two
years was calculated. It was done by calculating the difference in thermostat temperature setpoints in two consecutive
time steps. Figure 9 represents this.
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Figure 6. Linear regression analysis CT and TT
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Figure 7. Linear regression analysis OT and TT

The results showed that the indoor room temperature was
more correlated to the thermostat temperature as compared
to the other two variables. For further study, room 30 was
also randomly selected and the same analysis was carried
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Figure 9. ∆TT in all offices (changes between 0 and ±1 ̊C were
excluded in this graph)
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Figure 10 represents the average, minimum, maximum and
standard deviation of changes in thermostat dials in different
offices.

randomly chosen. It can be concluded that different occupants had different thermal preferences.
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3.3 Season Definitions

Figure 10. Statistical analysis of ∆TT in all offices
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Subsequently, the frequency of each Δ TT for all offices was
calculated. Figure 11 displays the percentage of Δ TT frequency distribution in all rooms during the measured period.
This indicates that occupants rarely interacted with the heating/cooling systems. Approximately 10 per cent of the time
they attempted to change the thermostat setting. The results
indicate that 90.24% of the thermostat changes, were 0 degrees i.e. no change and remaining 9.70% of the thermostat
changes were +1 ̊C, with few other exceptions.

In order to identify the cooling and heating seasons for future
analysis, heating degree days (HDD) and cooling degree
days’ (CDD) data were studied. Figure 13 shows the number
of days in each month, that cooling, or heating is required.
Neutral days are those that did not qualify as heating or cooling days. To have a more precise analysis, the sum of the
total number of degree days in each month was calculated as
shown in figure 14.
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Figure 13. Heating, Cooling and Neutral days
500

To further analyze the use of thermostats by occupants, the
difference between the thermostat setpoints and control temperature was calculated for each time step. The range of differences varied from -14 degrees to +15 degrees. Figure 12
shows the percentage frequency of (TT-CT) in three rooms.
Room 7 was chosen because it had the highest positive difference, i.e. occupants demanded warmer temperature than
control temperature (set by BAS) and room 37 was chosen
because it had the highest negative difference, i.e. occupants
demanded cooler temperature. In addition, room 13 was
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Figure 11. Percentage frequency of ∆TT in all offices
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3.4 Seasonal Variation and Thermostat Use

As seasons and temperature change thermal preferences of
occupants are expected to change because of factors including changes to clothing level [15]. From the calculated HDD
and CDD the heating season was considered to be from 15th
October to 15th March and cooling season from 15th April to
30th September.
The average daily control temperature of each office was calculated. Daily running mean outdoor temperature was also
calculated by the following approximate equation:
Θrm = (Θed −1 + 0,8 Θed −2 + 0,6 Θed −3 + 0,5 Θed −4 + 0,4 Θed
−5 + 0,3 Θed −6 + 0,2 Θed −7)/3,8 [16]

̊ ]
Average Daily Indoor Control T [ C

Where Θrm is the outdoor running mean temperature for the
considered day (°C) and Θed-1 is the daily mean outdoor air
temperature for the previous day.
Figure 15 shows the scatter plot of average daily indoor control temperature versus running mean outdoor temperature
for all heating and cooling days in all offices.
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Figure 15. Heat Map (all offices), Average daily indoor control
temperatures based on the running mean outdoor temperature for
both heating (red) and cooling (blue) season days. The 90% comfort
acceptability limits from ASHRAE-55's adaptive comfort model
and PMV model (predicted lab based [15]) are included over its
prescribed range of temperatures. (For interpretation of the references to colour, the reader is referred to the Web version of this
article)
3.5 The Orientation of the Offices

The rooms were clustered based on the direction that they
were facing, to study if there is a correlation between the orientation of the room and the temperature demand by the occupants. Average daily thermostat temperature versus prevailing outdoor temperature (calculated by taking the average of previous 30 days’ outdoor temperature with equal
weighting [17]) was plotted for the cluster of rooms facing
each direction.
It showed that there is a weak correlation between the thermostat use of the occupants and the orientation that the office
is facing. Among the rooms facing the same direction, the
thermostat use behaviors were quite different. Also, the
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indoor room temperature analysis of each cluster of rooms,
indicated that there is not a significant similarity between the
rooms facing the same direction.
As all the 53 rooms (except the four rooms in the corners)
have the same amount of exposure, therefore it is safe to state
that amount of exposure is not a significant parameter in this
study.
4

CONCLUSIONS

In this article, two years’ temperature data of 53 private offices located in one of the buildings at the University of
Texas at Austin was studied. This longitudinal study of thermostat use in offices offers a better understanding of occupant’s temperature preferences. The main questions that
were addressed in this research included:
(1) If thermostat temperature was correlated to other variables such as indoor room temperature, outdoor temperature
and control temperature. The linear regression analysis
showed that indoor temperature, as compared to control and
outdoor temperature, had a greater correlation with thermostat temperature set by the occupants.
(2) How frequently occupants interacted with the thermostats? The analysis showed that occupants changed the thermostat setpoints only 10% of the time during the measured
period and when they did, they demanded temperature increase of approximately 1°C.
(3) If there was any correlation between the orientation of the
offices and temperature setpoint by occupants? The analysis
showed a weak correlation between orientation and thermostat settings.
Although the lack of interaction with thermostat could mean
that occupants are thermally satisfied, it should be noted that
thermal comfort is a function of air temperature, mean radiant temperature, relative humidity, and airspeed. In this study, the focus was only on the temperature. Our results show
that there were not many interactions between occupants and
their thermostat in this building, which could suggest that occupants may be generally satisfied with their environment.
On the other hand, it is unclear whether the lack of interaction stems from generally low desire to adjust settings, which
in turn could suggest the potential for energy savings, in particular if rooms are cooler/warmer than the occupants prefer.
To address this potential it is important to consider humanbuilding interaction knowledge with respect to occupant
comfort and productivity and adopt an occupant-centric approach for building control systems [18].
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