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Abstract

Building heating and cooling accounts for nearly 18-24% of
all energy usage. Building energy management can reduce
both its operating costs and its carbon footprint. We propose
the use of a factored Partially Observable Markov Decision
Process (POMDP) to model and efficiently control a commer-
cial building heating system. We use supervised learning and
ground truth data to capture the parameters of the POMDP.

Introduction
Energy consumption of residential and commercial build-
ings currently accounts for about 30-40% of global energy
use (UNEP 2007). About 60% of this energy is used for
space heating (or cooling), 18% for water heating, and only
3% is used for lighting. In high- and middle-income coun-
tries, energy is mostly generated from fossil fuel, directly
contributing to global climate change. Our work, therefore,
uses decision making techniques to reduce inefficiencies in
space heating and cooling. Specifically, we use decision
making to control the temperature of a building according
to the activity pattern of its occupants. We believe that plan-
ning is useful in optimizing the thermal control problem be-
cause it takes time to warm up a house.

Related Work
Energy resource monitoring and activity recognition have
been extensively studied in the literature. The SpotLight
system (Kim et al. 2008) monitors a user’s energy usage
profile using wireless sensors, assuming that user proximity
is the cause of measured energy usage. The ACme (Jiang
et al. 2009) system monitors household power consump-
tion in real time at a power outlet to help occupants under-
stand their electricity usage pattern. It does not monitor user
activity. The HydroSense (Froehlich et al. 2009) system,
similarly, monitors home water usage. Finally, the ViridiS-
cope (Kim et al. 2009) project monitors power usage indi-
rectly by sensing signals emitted by an electrical appliance.
Our work differs from these projects in two respects. First,
we study space heating and cooling, which account the bulk
of energy usage in most buildings. Second, we use an auto-
mated decision making system to optimize thermal control.
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Figure 1: Sound and light measurement for a day

Overview

We propose a fully autonomous decision-making system to
optimally control a building heating system. Our main goal
is to not expend energy on heating or cooling a space in the
building if there is no occupant currently present; although,
in the initial model we only tackle the space heating prob-
lem. We say that a room in a building is active if it has
an occupant. To preserve privacy, we do not directly ob-
serve if a room is active. Instead, we use measurements of
sound and light levels to infer activity. For instance, Fig-
ure 1 shows the sound and light level we measured in a typ-
ical room over the period from midnight to midnight on a
typical day. We see that sound levels increase perceptibly
at around 9am and drop off at 7:30pm, resuming at around
11:30pm. Light levels also show a similar trend. We veri-
fied that these correspond to room activity by students and
by custodial staff. This suggests that a control system based
on these measurements would make good decisions.

We define a policy to be the sequence of decisions that
control the temperature of a room in a building based on the
control system’s belief about current and past activity pat-
terns. We use a POMDP to find optimal thermal control
policies of a single room. This is a substitute for the tra-
ditional thermostat devices, which are oblivious to activity,
and therefore likely to be ineffective in practice.



Model
Figure 2 is the model of the system. The state variables are
the activity in a room (SA), its temperature (ST ), and the
current half-hour interval of time within a week (SC). To
keep the model tractable, temperature and clock state vari-
ables are discretized. In our current model, the domains of
these state variables are defined as follows:
Dom(SA) = {Active, Inactive}
Dom(ST ) = {15, 15.5, 16, ..., 29, 29.5, 30}
Dom(SC) = {0 : 30, 1 : 00, 1 : 30, ..., 167 : 30, 168 : 00}
We plan to investigate the sensitivity of our results to the
underlying discretization in future work.

The belief of being in a certain activity state is updated
based on the value of two observation variables: the sound
and light levels, denoted OS and OL respectively. Although
our sensors can measure sound and light levels with high
precision, we find it sufficient to define only three values for
these variables: high, normal and low.

We define only two possible actions A: blocking a heat-
ing or cooling vent and unblocking the vent. Blocking a vent
decreases energy consumption and is assumed to change the
temperature by a value δ (corresponding to heat loss or gain)
in one time step. Symmetrically, unblocking the vent in-
creases energy consumption and is assumed to change the
temperature by δ′ in one time step. Given fixed parameters
such as the size of the room, the difference between indoor
and outdoor temperatures, and the capacity of the heating
system, we can compute δ and δ′ from analytic models. To
this end, we use the monthly average outdoor temperature to
compute δ and δ′ for possible values of the indoor temper-
ature. These values can also be experimentally determined,
and we intend to do so in future work.

Finally the reward functionR is defined as a function both
of the comfort of the occupants and of the energy consumed.
If a room is active, then the reward is |Tpreferred − T | ×C,
where Tpreferred is the preferred temperature of the room,
T is the deterministically measured temperature, and C is
a normalizing constant. If a room is inactive, the reward is
|T − Tsetpoint| × C ′ where Tsetpoint is the minimum tem-
perature of the room andC ′ is another normalizing constant.
Since heating increases the temperature of the room, op-
timizing the energy consumed for heating is equivalent to
finding the optimized temperature profile.

Learning Model Parameters
To learn the standard POMDP transition and the observation
functions, we have deployed 24 WeatherDuck v2 sensors
that measure the temperature, humidity, light level, sound
level, and air flow around them. Each sensor attaches to
the serial port of one of a set of 40 Linux-based embed-
ded systems deployed in offices, labs and public areas in
three floors of the Davis Center at the University of Water-
loo (Ahmed and Ismail 2009). We poll each sensor every
two seconds and collect data from the sensors into a central
server weekly. To get ground truth data, we record the ac-
tivity inside one of the monitored rooms using a log sheet
that is filled out voluntarily by room occupants. We plan to
determine model parameters from the measurements and the
ground truth.

Figure 2: POMDP model

Roadmap
Here is an outline of our future work. First, in the parameter
estimation phase, we plan to use ground truth to determine
model parameters. We will also experimentally determine δ
and δ′. Second, in the optimization phase, we plan to use
the Symbolic Perseus package (Poupart 2005) for solving
factored POMDPs to determine optimal policies. Third, in
the evaluation phase, we plan to compute the averaged total
discounted reward for one or more of these policies corre-
sponding to users’ satisfaction and the energy saved using
that policy. Finally, based on the intuition gained from this
work, we plan to refine the model, for instance, analyzing
the sensitivity of the results to the choice of discretization,
the length of a time step and the setpoint temperature.

Conclusion
We present the use of POMDPs to model and solve the real
world problem of measurement-based building thermal con-
trol. We believe that the use of a sophisticated decision-
making approach coupled with a large-scale sensor deploy-
ment and field measurements will allow us to make signifi-
cant gains in energy efficiency.
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