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Abstract— The problem of real-time estimation of occupancy
in a commercial building (number of people in various zones
at every time instant) is relevant to a number of emerging
applications, such as green buildings that achieve high energy
efficiency through feedback control. Due to the high deployment
cost and large errors that people counting sensors suffer from,
measuring occupancy throughout the building accurately from
sensors alone is not feasible. Fusing sensor data with model
predictions is essential. Due to the highly uncertain nature of
occupancy dynamics, modeling and estimation of occupancy
is a challenging problem. This paper makes two contributions
toward addressing these challenges. We develop an agent-based
model to simulate the behavior of all the occupants of a building,
and extract reduced-order graphical models from Monte-Carlo
simulations of the agent-based model. The agent-based model is
validated with sensor data for the special case of one room and
one occupant. Noisy measurements from a few sensors are fused
with the graphical model predictions using the classical LMV
estimator to estimate room-level occupancy in the building.
Simulations illustrate the effectiveness of the proposed method.

I. I NTRODUCTION

In the United States, buildings are responsible for38%
of CO2 emissions,71% of electricity consumption, and
39% of energy use [1]. Improving energy efficiency of
buildings is therefore becoming a national priority. Feedback
control based on real-time sensing and estimation is expected
to play a significant role in achieving the high-degree of
energy efficiency. One of the key variables that needs to be
monitored to achieve high energy-efficiency is occupancy,
which refers to the number of people. The number of people
in a zone affects the zone’s cooling load and ventilation
load, which determines the amount of conditioned air to be
delivered to that zone to maintain thermal comfort and air
quality. Besides energy efficiency, occupancy informationin
a large commercial buildings is valuable during evacuation
of fire, terrorist attacks, earthquake and other emergencies.

Due to the highly uncertain nature of occupancy and
wide fluctuations seen over multiple time-scales, occupancy
cannot be predicted ahead of time based on expected building
use, and has to be monitored in real-time. Several kinds
of sensors currently can provide information on occupancy,
such as video cameras equipped with people-counting soft-
ware [2], [3], optical tripwires and PIR (pyroelectric infrared)
motion sensors that count the number of people crossing a
particular area,CO2 sensors that measure the concentration
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of CO2, etc. However, sensing alone is not enough for occu-
pancy measurement, because each of these sensors have large
uncertainty [4]. Optical tripwires, PIR sensors and video
cameras suffer from false counts, whileCO2 sensors have
large delay (order of 10-15 minutes [5]), calibration driftand
uncertainty in the relationship between the number of people
and CO2 concentration. As a result, simply estimating the
total number of people in a building from various sensor data
is a challenging problem; sophisticated methods are required
to estimate total building occupancy [4], [5]. In addition,
deploying enough sensors to cover all areas of the building
to measure zone-level occupancy will lead to prohibitively
large deployment and maintenance costs and unacceptable
level of intrusion into building occupants’ privacy. Therefore,
real-time occupancy estimation with high spatial resolution
requires fusion of sensor data with model predictions. In
fact, Meyn et. al. [5] reports that a large improvement in
building occupancy results when prior information, such as
knowledge of meetings at a specific room, is used, compared
to using sensor information alone.

Constructing mathematical models of occupancy dynamics
in a building that are appropriate for real time estimation
is a challenging problem, because of the high uncertainty
of people movement that governs occupancy evolution. The
occupancy models suggested in [6] rely on the correlation
between occupancy and lighting and equipment load. To esti-
mate zone-level occupancy with this method, sensors at each
zone will be required. The paper [7] proposes a probabilistic
model to predict and simulate occupancy in a single person
office, where vacant and occupied intervals are modeled
as exponential distributions. The results of the study were
mixed. A stochastic model of occupancy in UK households
was proposed in [8] that can be used to generate statistically
representative sample paths of household occupancy.

Another line of research on occupancy modeling that
has seen a recent spurt in activity is through agent-based
models. Agent-based models to mimic individual behavior
has been in development over the last 40 years; see the review
article [9] and reference therein. Many of these models
are used to simulate behavior of individuals in emergency
situations such as fire [10], or to study the patterns in
pedestrian traffic [11]. However, there has been little work
on agent-based modeling for building occupancy in normal,
day-to-day, operations. A notable exception is the work by
Page et. al. [12]; which proposes an agent-based model for
a single person in a single room and validates the prediction
of the model from collected sensor data over a long period
of time. However, extending the model proposed in [12] to



the case of a building with many rooms occupied by a large
number of individuals is not trivial.

A weakness of agent-based-models is that even if ac-
curate models are constructed, they suffer high-degree of
complexity that makes them unsuitable for real-time data
fusion. We adopt a two-tiered strategy to address the mod-
eling challenge. (i) First, we develop a novel agent-based
stochastic model which can be used to simulate the behavior
of an arbitrary number of individual occupants (agents) of a
building with arbitrary number of zones. The information
needed to construct these models can be obtained from
surveys, collected sensor data, or a combination of the two.
Simulations of these models yield realizations (time series
data) of zone-level occupancy. (ii) Next, we extract so-called
graphical models of zone-level occupancy from Monte-Carlo
simulations of the agent-based model. Graphical models
are widely used in spatial statistics, image analysis and
bioinformatics, and are convenient for representing statistical
relationships between variables (see [13], [14] and references
therein). The usefulness of graphical models for occupancy
estimation is that they extract a reduced-order statistical
model of room-level occupancy (means and correlations as
a function of time) from the stochastic agent-level behavior.
A key advantage of a graphical model is that it identifies
correlations among room-level occupancy that arise out of
complex behavior of individual occupants. This information
helps predict occupancy in locations without sensors based
on measured sensor data in other locations. Finally, the
extracted graphical model is used with the classical LMV
(Linear Minimum Variance) estimator [15] to compute the
number of people in all the zones of the building from the
noisy measurements of occupancy from a few sensors. We
assume that each sensor measures a noise-corrupted value of
the occupancy in a zone in which it is located.

The primary contribution of this paper is a novel agent-
based model for occupancy simulation in multi-zone multi-
occupant buildings and its preliminary validation from ex-
perimental data for the special case of single-room single-
occupant. The experimental data is borrowed from [12]. We
calibrate the agent-based model for a building in the Uni-
versity of Florida campus based on preliminary survey data,
extract graphical models and perform occupancy estimates.
We present performance evaluation of estimation method
through simulations, which show promising results.

The paper is organized as follows. Section II describes
the model of agent-based model of building occupancy that
we have developed, and preliminary model validation from
sensor data. Section III describes identification of covariance
graph models from agent-based models. Section IV describes
estimation of occupancy using sensor data and covariance
graph models. Simulation studies to evaluate performance of
the proposed method is described in Section V. The paper
concludes with a discussion on future work in Section VI.

II. A GENT-BASED MODEL OF INDIVIDUAL OCCUPANTS

Although agent-based models have a long history of
application in many disciplines, to the best of our knowledge,

Fig. 1. The process of constructing the agent-based MARM model and
generating occupancy time-series using it.

the paper by Pageet. al. [12] is the only one that focuses on
developing agent-based models for simulating the occupancy
profile in a building during normal operation over long
time intervals. We will refer to the model in [12] as the
“Page model” in the sequel. The Page model considers a
single person who nominally occupies a single room. The
motion between the room and “outside” is modeled as a
time-inhomogeneous Markov chain. Extending the model to
multiple rooms/zones that are peopled by a large number of
individuals is not trivial. The reason is that since accurate
motion model of an individual necessarily has to be time-
inhomogeneous, it is cumbersome to specify the time-varying
Markov transition probability matrices for each individual.
Therefore in this paper we propose an alternate agent-based
model that is easily scalable to large number of zones and
individuals. The model is inspired by that in [12], and shares
several key attributes.

Consider a building withn zones that is nominally occu-
pied by m individuals. The model is described in terms of
n+1 nodesthat are indexed asj = 1, . . . , n, n+1 (n+1-th
node refers to the “outside of the building”). The individuals
(agents) are indexed asi = 1, . . . , m. Time is measured by
a discrete time indexk. In this paper, each increment in
the time counter corresponds to a 15-minute interval. We
model the motion of agents for one week, assuming that the
statistics of agents’ behavior does not change among weeks,
so thatk = 1, . . . , 672. The model consists of deciding on
thestateof each agent at each time instant, where state refers
to the node that the agent occupies. The model, namedMixed
Agent-based Rules Model(MARM ), consists of a number of
modules for each agenti, the decision on the state of an agent
being modified by each successive module, the decision by
the last module being the final state. We now describe these
modules: (see Figure 1)

A. Description of the MARM model

• Denote byPi,j(k) the probability of agenti occupy-
ing node j at time k. A nominal occupancy profile,
{Pi(k), k = 1, . . . , K} is first specified for every agent
i, wherePi(k) = [Pi,1(k), . . . , Pi,n+1(k)]T , andK =
672 for the current investigation. During simulation,
each occupant’s state is initialized according to its
nominal occupancy profile with the help of a pseudo-
random number generator. The nominal behavior could
be obtained by conducting a survey, or collected by



occupancy sensors for a long term as done in [12].
• Occupants in the hallway tend to leave the hallway

quickly, while occupants of the other zones tend to stay
in where they are. An acceleration rule and a damping
rule are used to mimic this behavior, which is based
on a pre-specifiedtransition probability parameterph

and pr. The implementation of acceleration rule is as
follows. Suppose thek-th state of an agent is “hallway”
and his/her tentative(k + 1)-th state is also “hallway”.
With probability ph, the tentative(k + 1)-th state will
be reassigned by using nominal occupancy profile in
order to force that agent to transit out of the “hallway”
state as soon as possible. The damping rule is similar:
if the tentative(k + 1)-th state is different from thek
state (except hallway), with probabilitypr, the (k +1)-
th state will be reassigned back to the value of thek-th
state.

• To simulate long absence, we borrow the method used
in [12]. Long absence corresponds to an absence of
more than one days due to vacation, sickness, business
trips and conference, but not weekends. The probability
of initiating a long absence and the distribution of
duration of long absence for each agent is specified
a-priori, which are obtained from survey or sensor
data. During simulation, a long absence for an agent is
randomly initiated at timek according to the specified
probability using a random number generator, while
the distribution of duration of long absence decides the
duration of the long absence once it is initiated.

• Finally, each agent has associated access profile that
specifies which rooms he/she has access to. The access
rule is used to ensure that agents do not occupy nodes
without access, which is the last step in agents’ state
generation. Some nodes that have a maximum occu-
pancy like classrooms and restrooms also fit this rule.

B. Preliminary model validation with experimental data

We perform a preliminary validation of the proposed
model by simulating the special case of 1 room and 1 occu-
pant (m = n = 1), and comparing the statistics predicted by
MARM model with processed occupancy sensor data, as well
as that by Page model. The processed sensor data consists
of binary state information (occupied/unoccupied) collected
at 15 minute intervals, which has been provided to us by the
authors of [12]. The raw sensor data was collected using a
motion sensor for years in a room that was used by only one
person. We estimate a nominal occupancy profile as well as
long absence probabilities from the collected sensor data,as
done in [12]. Due to lack of space, the interested reader is
referred to [12] for details on the data collection and process-
ing. These profiles are used as inputs to both the proposed
MARM model and Page model. Figure 2 shows the nominal
occupancy profile extracted from the collected data and
used in the simulations for model validation. Monte-Carlo
simulations of our model and Page model are conducted,
and the resulting time series are used to estimate the CDFs
(cumulative distribution functions) of the following random
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Fig. 2. Nominal occupancy profile of the single occupant in the one-room
building extracted from sensor data reported in [12].

variables: first arrival time, last departure time, total duration
of daily presence, length of continuous presence, number of
daily changes and probability of presence. The statistics of
these variables are also estimated from the repeated segments
of one-week-long processed sensor data.

Figure 3(a) compares the CDF of the first arrival time
predicted by the proposed model, and Page model and sensor
data. The figure shows that the proposed model predicts the
late arrivals better than it does the early ones, whereas the
Page model predicts the early first arrivals more accurately
than late first arrivals. Figure 3(b) shows the CDF of the
total duration of daily presence, which refers to the total
number of hours the occupant stays in the room in a 24-
hour period. Both MARM and Page models essentially track
the monitored data with equal amount of error. Figure 3(c)
shows the CDF of the length of continuous presence in a day.
The figure shows that MARM model predicts the length of
continuous presence better than the Page model does. The
interested reader is referred to [16] for comparison of the
remaining variables, which are omitted here due to space
limitation.

Based on this comparison, we conclude that occupancy
statistics predicted by the MARM model sufficiently matches
that estimated from sensor data, and the proposed MARM
model has the same level of accuracy as that of the Page
model. Efforts to gather data to validate the MARM model
in the multi-zone multi-person case is ongoing.

III. C OVARIANCE GRAPH MODEL IDENTIFICATION

The agent-based model described in the previous section is
useful to simulate room-level occupancy profiles in buildings,
and it predicts the statistics of occupancy evolution. However,
it is too complex for real-time estimation with sensor data.A
more compact representation of the occupancy dynamics is
required for real time estimation. Our choice of such a com-
pact modeling paradigm isCovariance Graph Model[17].
These graphical models are attractive for real-time estimation
since they can compactly represent marginal dependencies
among the occupancy of various nodes. In addition, they can
be identified from time series data collected from sensors
or agent-based model. Graphical models have been widely
used in spatial statistics, image analysis and bioinformatics;
see [13], [14] and references therein.

A covariance graph model of ann-variate distribution is
specified in terms of the meanµ and covariance matrix
Σ = {σij}. It is called a graphical model since the structure
of the covariance matrix defines a graphG = (V ,E ), where
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Fig. 3. Comparison the statistics predicted by the MARM model, Page
model and sensor data.

V = {1, . . . , n} is the node set andE ⊂ V ×V is the edge
set with the property that(i, j) /∈ E ⇒ σi,j = 0 [17]. For oc-
cupancy modeling, the random vector whose distribution we
are interested is the occupancy vectorX = [X1, . . . , Xn]T ,
whereXi is the occupancy (number of people) of nodei,
i = 1, . . . , n. Note that the “outside” node is not part of the
graph. Since occupancy statistics vary with time, the model
varies with time as well, so that we have a sequence of
covariance graph models(µ(k), Σ(k)), k = 1, . . . , K.

To describe model identification, we first consider the case
when the model does not change with time. The identification
of a covariance graph model(µ, Σ) from samples of the
random vectorX consists of two steps: (i) model selection
and (ii) parameter estimation. Model selection refers to
choosing the structure of the graphG (or equivalently, the
sparsity pattern ofΣ), while parameter estimation refers to
choosing the values of those entries ofΣ that have been
decided to be non-zero in the model selection step. The goal
of this two-step identification is to estimate the possibly
sparsest graph structure that can still explain the first and
second order statistics of the data. We follow the methods
proposed in [17], [18] to carry out the model selection and
parameter estimation steps. The first step is the computation
of the sample covariance matrix fromN samples of data.
Assuming we conductN Monte-Carlo experiments, for every
time k, we compute the sample mean

X̄(k) =
∑N

j=1 X(j)(k), (1)

where X(j)(k) is X(k) observed in thej-th simulation.

Similarly, we compute the sample covariance of the state
at timek as

W (k) =
1

N

N∑

j=1

(X(j)(k) −X̄(k))(X(j)(k) −X̄(k))T. (2)

Model selection is based on hypotheses testing on all edges
(i.e., all entries ofW (k)) at an overall confidence level
determined by a designed parameterα [17]. Assuming that
the data comes from the true graph modelG, this method
leads to an estimated graph modelĜα with the following
confidence levellim

n→∞

inf P (Ĝα = G) ≥ 1−α. This means,
for fixed α, the correct model is selected with probability at
least1 − α for large sample size. Once the structure of the
graph model is chosen based on model selection, an iterative
conditional fitting algorithm based on maximum likelihood
estimation is used for estimating the values of the non-zero
entries ofΣ. The interested reader is referred to [18] for
the details. Although rigorous results on identification of
graphical models require the assumption that the underlying
distribution is multi-variate Gaussian, applications of these
models to non-Gaussian data is common [19].

Using multiple time-series of occupancy in then-room
building obtained from Monte Carlo simulations of the agent-
based model, we estimate672 covariance graph models
(µ(k), Σ(k)), k = 1, . . . , 672, one for each 15-minute
interval. There is one difficulty in applying methods for
graphical model identification to this application in a straight-
forward manner. The sample covariance matrixW in (2)
is required to be non-singular for these methods to be
applicable [17], [18]. At certain time instants, especially at
night, the probabilities of certain rooms being occupied are
very small. In this case, we may get zero rows and columns
in the sample covariance matrix due to finite number of
Monte-Carlo simulations. In order to use proposed model
identification method, we eliminate these rows and columns
and construct reduced sample covariance matrixW (k)r.
The reduced covariance matrixΣ(k)r can be obtained by
using the techniques described above, and thenΣ(k) can be
regained by plugging in the zero rows and columns back to
Σ(k)r.

IV. OCCUPANCY ESTIMATION

In this paper we consider sensors that can measure a
function of the occupancy at a location directly. The total
number of sensors in the building is denoted byNs; and
si ∈ V is used to denote the node of the graph where the
i-th sensor is located (excluding noden + 1, the “outside”).
Note that this meanssi can be any zone of the building
except the “outside”. We assume a measurement of the
form ysi

(k) = η(xsi
(k) + ǫi(k)) is available from thesi-

th sensor, whereǫ is a measurement noise andη(·) is a
(typically) nonlinear function of its argument. For example,
video cameras with people counting software fall into this
category. The measurement vector at timek is denoted by
Y (k) = [y1(k), . . . , yNs

(k)]T . The estimation problem is to
estimate the state vectorX(k) from Y (k), using the graph-
ical model information(µx(k), Σx(k)), for k = 1, . . . , K.



Fig. 4. The floor plan of the 3rd floor of MAE-B in the Universityof
Florida campus, in which estimation was carried out.

The LMV (Linear Minimum Variance) estimator of a
random vectorX in terms of anotherY is given by [15]

X̂(k) = µX + ΣxyΣ−1
yy (Y (k) − µY ), (3)

where Σxy = cov(X, Y ) and Σyy = cov(Y, Y ). In the
linear sensing model (η(x) = x), Y (k) = CX(k) +
ǫ(k), where C is a Ns × n matrix of 0’s and 1’s, and
ǫ(k) = [ǫ1(k), . . . , ǫNs

(k)]T . Assumingǫ(k) is zero-mean
and E[ǫ(k)ǫ(κ)T ] = Rδ(k − κ), the LMV estimate in (3)
reduces to

X̂(k) = X̄(k) + Σ(k)CT (CΣ(k)CT + R(k))−1

× (Y (k) − CX̄(k)), (4)

where the invertibility of(CΣCT + R) is assured by the
positive-definiteness ofR and positive semi-definiteness of
CΣCT . When a sensor measures the occupancy of a room
with an additive white noise, the estimate of occupanices
in all the zones can be computed by using the classical
LMV estimator as described above. The mean and covariance
information needed to compute the estimates are provided
by the covariance graph model. When the sensing model
is nonlinear, the LMV estimate does not have a simple
expression as it does in the linear case.

V. PERFORMANCE EVALUATION VIA SIMULATION

In this section we describe the results of performance
evaluation of the proposed methodology carried out for a
building shown in Figure 4. This is the simplified floor plan
of the 3rd floor of the MAE-B building in the University
of Florida campus. The floor has 19 nodes (12 professor’s
offices, 4 labs, 2 restrooms and 1 hallway). Forty-five people
work in this floor in a typical work day.

A. Modeling

An informal survey was conducted to obtain information
on schedules of occupants (such as first arrival and last
departure time, frequency and during of absence, etc.) as
well as information on who occupies which room, etc. Based
on this information, we generated a nominal occupancy
profile, the probability of initiating a long absence, and
the distribution of long absence, for each occupant. The
transition probability parameters were fixed at0.5, which was
the value used in validation of a single room building model.
With these inputs, Monte-Carlo simulations of occupancy are
carried out which yields stochastic occupancy histories for
each room over a one-week period.

A total of 672 covariance graph models(µ(k), Σ(k)), k =
1, . . . , 672 (one week at 15-minute intervals) are identified
from the time series data obtained from1000 Monte-Carlo
simulations of the agent-based model, using the method
described in Section III. The value ofα for hypothesis
testing was chosen as0.1. The model selection step in model
identification reduces model complexity by almost an order
of magnitude. If the covarianceΣ were simply taken as the
sample covariance, skipping the model selection part, the
number of edges in the graph would have been between153
and 171. In contrast, the number of edges in the identified
model was between0 and 18. More details are available
in [16].

B. Estimation

Estimation was performed from simulated sensor data that
was generated with the help of the agent-based model. We
used a total of7 sensors, whose locations are shown in
Figure 4. In the simulations reported here, we obtain a single
time trace from the agent-based model for one week, and
then add random noise to the profile so generated, which
is taken as the “true” occupancy. The purpose of adding
noise is to simulate people who occupy the building for short
periods and who are not taken into account in the agent-based
model, e.g., visitors to the nominal occupants, repairmen and
janitorial staff, etc. The variance of the random disturbance
added was0.16. Noisy sensor measurements are generated
using a nonlinear sensor model from the true occupancy data:

Yi(k) = round(xsi
(k) + ǫi(k)), (5)

where ǫi(k) is a zero mean Gaussian noise with standard
deviation 0.5. Estimate of the occupancy statêX(k) is
computed at every timek using the LMV estimator (4). Note
that the data is generated using a nonlinear sensor model
though the estimator is constructed under the assumption of
linearity of the sensing model. Thus, the computed estimates
are no longer linear optimal estimates of the states.

Figure 5(a) shows the estimate of total occupancy in the
building and the true total occupancy. Note that the true total
occupancy cannot be inferred from the sensors alone since
the sensors monitor less than half of the rooms. The figure
shows that the total occupancy estimate matches quite well
with the true value, with a mean error of0.1 and a standard
deviation of 2.1 (computed from a single one-week time-
series). Figure 5(b) shows the estimated and true occupancy
of room 4 (which is an office with a nominal occupancy
of 1 without sensor) for a 24-hour interval (Monday). The
figure shows that even without a sensor, the error between
the estimated occupancy and the true value is small, with a
mean of0.05 and a standard deviation of0.59 (computed
from a single one-week time-series). Figure 5(c) shows the
estimated occupancy, the sensor measurements and the true
occupancy in room 16 for a 24-hour interval (Monday). This
room is a lab with a nominal occupancy of 7 that has a
sensor installed in it. The mean and standard deviation of
estimation error are0.03 and 1.1, which are computed in
the same fashion. The estimator provides estimates that, on



an average, are only slightly more accurate than that by the
sensor.
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(a) Estimated and true occupancy of the whole floor with extrauncer-
tainty.
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(b) Estimated and true occupancy of room 4 (no sensor) with extra
uncertainty.
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(c) Estimated and true occupancy of room 16 with extra uncertainty.

Fig. 5. Estimation result with extra uncertainty

VI. SUMMARY AND FUTURE WORK

In this paper we presented an integrated approach to
modeling and real-time estimation of occupancy in a large
commercial building. The modeling portion consists of two
stages, agent-based model to simulate behaviors of individual
occupants and covariance graph models to extract relevant
statistical information to aid in real time estimation. Limited
and noisy sensor data from occupancy sensors are then fused
with the predictions of the graphical model using the classical
LMV estimator to estimate the number of people in every
zone of the building, even in those without sensors. The
agent-based model is validated for a special scenario of one
room and one occupant using collected sensor data that was
reported in [12]. Simulations suggest that the modeling and
estimation technique proposed in this paper can produce
accurate estimates of building-wise as well as zone-wise
occupancy.

The present work is a first step in addressing a very
challenging problem of modeling and estimating occupancy
in commercial buildings. There are numerous avenues of
future work. Validation of the agent-based model for the
multi-room and multi-occupant case is currently under way.
The next step would be to test experimentally the accuracy
of the occupancy estimates in a real building. Apart from

experimental validation, new approaches are needed in model
identification and estimation techniques. Instead of identify-
ing distinct graphical models at every time instant, a more
appropriate approach would utilize the slow rate of change
of occupancy dynamics to identify a sequence of graphical
models with minimum number of changes of the model from
one time step to the next. Once such a framework is in place,
estimation can be posed in a filtering framework, which is
more natural for the targeted application than performing a
sequence of static estimates.
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