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Abstract—In this article, we propose a novel method to detect
the occupancy behavior of a building through the temperature
and/or possible heat source information, which can be used
for energy reduction, security monitoring for emerging smart
buildings. Our work is based on a realistic building simulation
program, EnergyPlus, from Department of Energy. EnergyPlus
can model the various time-series inputs to a building such as
ambient temperature, heating, ventilation, and air-conditioning
(HVAC) inputs, power consumption of electronic equipment,
lighting and number of occupants in a room sampled in each
hour and produce resulting temperature traces of zones (rooms).
The new approach is based on a learning based approach in
which a recurrent neutral network (RNN) is trained to detect
the number of people in a room based on the room temperature
and other information such as ambient temperature, and other
related heat sources. We applied the Elman’s recurrent neural
network (ELNN), which has local feedbacks in each layer. We
use an empirical formula to calculate the RNN layer number
and layer size to configure RNN architecture to avoid overfitting
and under-fitting problems. Experimental results from a case
study of a 5-zone building show that ELNN can lead to very
accurate occupancy behavior estimation. The error level, in terms
of number of people, can be as low as 0.0056 on average and 0.288
at maximum when we consider ambient, room temperatures and
HVAC powers as detectable information. Without knowing HVAC
powers, estimation error can still be 0.044 on average, and only
0.71% estimated points have errors greater than 0.5.

I. INTRODUCTION

Detecting the occupancy ( i.e. whether there are residents)
in a building or a room has many applications ranging from
enegy reduction to security monitoring. For instance, occu-
pancy detection is critical for energy and comfort management
system in a smart building [16]. Using the occupancy infor-
mation, HVAC and lighting can be automatically controlled
to reduce energy consumption while keeping human comfort.
Previous research shows that energy can be saved by 28% by
automatically sensing occupancy and turning off HVAC when
the building is not occupied [15].

Due to the importance of detecting building occupancy,
many methods have been proposed in the past using different
technologies such as using passive infrared sensors [4], using
wireless camera sensor network [12], and applying sound
level, case temperature, carbon-dioxide (CO2) and motion to
estimate occupancy number [5]. . However, those methods are
more expensive for deployment as dedicated equipment are
required.

In this article, we propose a novel method to detect the
occupany behavior of a building room just using temperature
information from thernal sensors and other available heat
source information, which are more convenient for depolyment
as many existing buildings already has those built-in thermal
sensors and information already. Our work is based on a realis-
tic building simulation program, EnergyPlus, from Department
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of Energy. EnergyPlus can model the various time-series inputs
to a building such as ambient temperature, heating, ventilation,
and air-conditioning inputs, power consumption of electronic
equipment, lighting and number of occupants in a room
sampled in each hour and produce resulting temperature traces
of zones (rooms). The new approach is based on a machine
learning approach in which a recurrent neutral network is
trained to detec the number of people in a room based on the
room temperature, ambient temperature, and other related heat
sources. We apply the Elman’s recurrent neural network, which
has local feedbacks in each layer. We use a simple formula to
calculate the RNN layer number, layer size to configure RNN
architecture to avoid overfitting and underfitting problems.
Experimental results from a case study of a 5-room office
show that ELNN can lead to very accurate occupancy behavior
prediction. Using only ambient and room temperatures as
input, ELNN can deliver average estimation error 0.044 in
terms of number of people; among all the estimated occupancy,
only 0.71% of estimated points have errors greater than 0.5.
If we also include HVAC cooling/heating powers, which are
not collectible by equiped temperature sensors, ELNN can
give more precise evaluation on occupancy with average error
0.0056 (number of people) and maximum error 0.288.

II. REVIEW OF ENERGYPLUS FOR ENERGY SIMULATION
OF BUILDING

In this section, we review the EnergyPlus software program,
which provide accurate input and output traces from buildings
for the new thermal modeling algorithm.

The EnergyPlus software package [3] is a suite of algo-
rithms that calculate the energy required to operate a building
and its resulting thermal behavior based on numerous con-
siderations ranging from the specifics of the structure, to heat
sources and sinks within the building, and weather. EnergyPlus
consists of an integrated solution manager which manages
the calculation of the heat balance of various surfaces in the
building, the heat balance of the air, and the heat balance
on the mechanical systems. The solution to each of these
three elements are calculated separately and communicated
to each other using the manager at each time-step. Due to its
modularity, it’s easy to establish links to other program links
such as Google SketchUp [1] for 3D building display.

An input data file (IDF) and weather file are needed for the
EnergyPlus simulation. The IDF includes all the information
of the building such as size, structure, position and the HVAC
subsystem etc. The IDF editor in EnergyPlus can be used to
change parameters of the building, the schedule of the HVAC
subsystem and also the output information. The selected output
information will be generated in the spreadsheet file after
running the simulation.
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Fig. 2: Selected EnergyPlus input and simulated temperature
output data sample in 15 days. (AMB: AMBient temperature;
SA: Solar Angle; PC: People Count (occupancy); EE: Electri-
cal Equipment power; HVAC: HVAC system cooling/heating
power; RT: Room Temperature)

Fig. 1 shows the side view and the top view of an office
building with 5 rooms and HVAC modeled in the Ener-
gyPlus. The heat sources for this building can be HVAC,
light, occupants, electric equipment, air filtration, etc. The
room temperature is also affected by the weather (ambient
temperature and solar effects). The room temperature can be
controlled by the HVAC system with coil and fan.

Fig. 2 shows the simulated temperature changes and input
changes over 15 days from EnergyPlus for a office building
with the 5 zones (rooms) as shown in Fig. 1. EnergyPlus can
assign different schedule for each room while simulating the
thermal model. Fig. 3 shows a typical working schedule of the
5 rooms of the office building.

We want to stress that fundamentally thermal behavior
of building systems is typically nonlinear (at least weakly
nonlinear) due to the temperature-dependent properties of
the building materials and thermal radiation effects [2], [14].
As a result, nonlinear modeling is preferred for accurate
temperature control and management.

III. REVIEW OF RECURRENT NEURAL NETWORKS

Learning based techniques such as neural networks, which
is composed of multiple processing layers, can learn repre-
sentations of data with multiple levels of abstraction. Deep
learning techniques with consist of many layers recently have
dramatically improve the state-of-the-art in speech recognition
and image recognition [13].

Memoryless feed-forward neural networks does not work
for the time domain models, which depend on the history of
the inputs of the models instead of current inputs. Recurrent
neural networks (RNN) has been proposed [19] to build time
domain models.

A recurrent neural network (RNN) is constructed by intro-
ducing internal status holders to a memory-less network so that
it can deal with time-series data. The internal status holders
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Fig. 3: Occupancy information of 5 rooms during one week

store outputs of designated neurons and usually function as
feedbacks into other neurons. The application of feedback
enables RNNs to acquire time-dependent state representations,
making them suitable devices for applications like time-
dependent non-linear prediction, plant control, etc. [8]. There
are many RNN structures proposed by varying the form of
the recurrent feedbacks [6], [8], [17]. In his work, we will
focus on applying the Elman recurrent network architecture
(ELNN) [6], which applies local recurrent feedback on each
layer of neurons, which shows good performance for many
time-series based learning (like voice recognition).

A. Review of recurrent neural network training

In theoretical aspect, training a neural network is equiva-
lent to the optimization problem to minimize cost function.
Therefore the neural network training problem can be solved
by applying existing optimization method such as gradient
decent, Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm
[9], and the Quasi-Newton method on the cost function J.
In practice, algorithms with lower computational cost has
been developed. Back-propagation algorithm is a widely-used
algorithm and has been well studied [10]. It collects errors in
weighting matrices in a backward propagation, after the errors
of output vectors have been observed in each epoch. Based
on the back-propagation algorithm, many improvements have
been developed such as the resilient back-propagation (RProp)
method [18], which is more adaptive approach, and a further
improvement method: RPropMinus [11], which has an overall
better performance in reducing average error in late training
phase. The back-propagation algorithm family has also been
extended to train recurrent neural networks. Back-propagation
through time (BPTT) [20] unfolds every network activation
of a continuous sequence. Back-propagation through structure
(BPTS) [7] delivers more computational efficiency on arbitrary
structured networks.

IV. RECURRENT NEURAL NETWORK BASED OCCUPANCY
ESTIMATION

In this section, we apply the Elman recurrent neural network
architecture Fig. 4 to the occupancy of each room in a certain
smart building. We describe the structure Elman architecture,
how the gold-referencing data is computed, and the detailed
works on training the networks.

We construct Elman recurrent neural network architecture
(as shown in Fig. 4) to build the black-box model for occu-
pancy estimation. In our work the size (number of neurons)
of hidden layers are assigned according to empirical equation
Ni,. k=1 = %p+5 and N = 2q, where NV; is the size of ith
layer, p and g are respectively the number of network inputs
and outputs.

EnergyPlus takes outdoor thermal factors (such as ambient
temperatures and solar factors), people occupancy and HVAC
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Fig. 4: Architecture of Elman Recurrent Neural Network
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related powers as input, and produce the temperatures of rooms
as it’s output. People occupancy is in unit of number of
people, which maybe decimal as it represents average people
count over a short time span. We treat all the data used
and produced by EnergyPlus equally as real-world factors,
regardless they were inputs or outputs of EnergyPlus. In the
occupancy estimation work, we select data from those real-
world factors, feed them into the recurrent neural network,
and try to get estimated occupancy from it.

We use EnergyPlus to simulate the room thermal behavior in
a year, using various inputs including occupancy information.
We collect the inputs and outputs (room temperatures) of
EnergyPlus simulation, which is discretized into hourly data
points, to train the Elman recurrent neural network. Given the
simulated data provided by EnergyPlus, as shown in Fig.5, we
feed selected channels of ambient factors and other power data,
along with room temperatures, into the Elman recurrent neural
network as input. We use estimated and real occupancy to drive
the training process. We will configure two different selected
datasets: one uses ambient factors and room temperatures
only, another dataset uses ambient factors, room temperatures
and HVAC cooling/heating powers. The output of the Elman
network has multiple channels, which are respectively each
room’s estimated people occupancy.

In practical smart-building applications, room temperatures
are easy to acquire from the installed sensors. Ambient
temperature, solar factors are also relatively easier to be
acquired or calculated. While other factors, such as HVAC
colling or heating powers, electrical equipment powers and
air infiltrations, need more instruments to per-room estimate in
real-time. Because of these limitations, we select two different
sets of real-world factors as the network input and compare
the occupancy evaluation accuracy.

1) Input includes ambient temperature, solar factors and
room temperatures only. This will be referred as config-
uration I from now on.

2) Input includes ambient temperature, solar factors, room

1 Hidden Layer 2 Hidden Layers 3 Hidden Layers

Conf. I  Conf. II Conf. I Conf. II Conf. I Conf. II
Avg. error  0.451 0.0149 0.00635 0.00643 0.0308  0.0291
Max. error 12.6 0.544 0.284 0.141 0.807 0.788
Error rate 20% 0.0061% 0.00%  0.00% 0.082% 0.015%

TABLE I: Training error statistics of three Elman architectures
using two different input configurations

1 Hidden Layer
Conf. I Conf. II

2 Hidden Layers
Conf. I Conf. I

3 Hidden Layers
Conf. I Conf. II

Avg. error 0538  0.0175 0.153  0.00560 0.0439  0.0340
Max. error 17.8 2.82 18.1 0.288 11.4 1.66
Error rate 21%  0.11% 24%  0.00% 0.71%  0.38%

TABLE II: Validation error statistics of three Elman architec-
tures using two different input configurations

temperatures and HVAC cooling/heating powers. This
will be referred as configuration II from now on.

With different factors as network inputs, we also configure
the recurrent neural network with different hidden recurrent
layers varying from one to three (k = 1,2, 3), to compare the
estimation accuracies. We divide the one year simulation data
into 12 months. Months 1-3, 5-7, 911 are used for training;
months 4, 8, 12 are used for validating the trained networks.

V. EXPERIMENTAL RESULTS AND ANALYSIS

In this section, we evaluate the performance (mainly ac-
curacy) of the proposed occupancy estimation method on a
dataset of one year using the building example shown in Fig. 1.
We picked a 15-day data subset starting from the 3rd Sunday in
August to be plotted in Fig. 6, Fig. 7. We report the validation
errors for one-layer and two-layer networks since they are
non-trivial and more noticeable. These figures show that the
occupancy estimation of room 1, among all the 5 rooms in
this case, having similar error situations.

The training and validation error statistics are shown in
Table I and Table II respectively. In the input configuration I,
we use ambient and room temperatures only as the inputs (this
is similar to situation in which we only know temperature in-
formation from thermal sensors); in the input configuration II,
we use ambient, room temperatures and HVAC cooling/heating
powers as the inputs (in case we know more information about
a building).

At every sample point, estimation error e; is calculated
using ¢; = |[pf"N — pEP|, where pfNN is people occupancy
estimated by the RNN and pEP is referencing value used in
EnergyPlus. Note that we may have zero people in a room (so
the occupancy value pZ% = 0), so no relative errors are used.
Also, occupancy values can be non-integrer numbers as the
estimated number of people in a room is a average number in
a period.

In Table I and Table II, average error is calculated using
%Zn e;; maximum error is calculated using max{e;}; error
rate is the number of points where e; > 0.5. We discuss the
estimation accuracy separately about data configuration I and
1L

In data configuration I, one-layer network suffers from
under-fitting problem (about 20% data points have errors
greater than 0.5). This is because the network needs more
internal status to have the capability to estimate the people
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Fig. 6: Occupancy estimation accuracy using one-layer
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Fig. 7: Occupancy estimation accuracy using two-layer

improves (error rate 2.4% for 2-layer and 0.71% for 3-layer).

Experiment results show that the RNN is able to estimate

people occupancy only with ambient and room temperatures
with a good accuracy (lower than 1%).

In the configuration II, we provides more information
(HVAC powers) for the occupancy training process than the

configuration I. As a result, the ELNN with only two hidden
recurrent layers can already perform quite well (no points

having error grater than 0.5 were observed in the one-year
data). As network size grows (up to 3), the estimation error

grows (0.38%), but stays in acceptable level.

In this article, we propose a recurrent neural network based

VI. CONCLUSION
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