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A general approach is proposed to determine occupant behavior (occupancy and activity) in offices and residential buildings in
order to use these estimates for improved energy management. Occupant behavior is modelled with a Bayesian network in an
unsupervised manner. This algorithm makes use of domain knowledge gathered via questionnaires and recorded sensor data for
motion detection, power, and hot water consumption as well as indoor CO2 concentration. Different case studies have been
investigated with diversity according to their context (available sensors, occupancy or activity feedback, complexity of the
environment, etc.). Furthermore, experiments integrating occupancy estimation and hot water production control show that
energy efficiency can be increased by roughly 5% over known optimal control techniques and more than 25% over rule-based
control while maintaining the same occupant comfort.

1. Introduction

Buildings and appliances are steadily becoming more energy
efficient due to regulatory changes such as building stan-
dards. As a result, energy consumption related to human
activity is relatively much bigger than before. In addition,
demand side management programs in both electric and heat
grids can lead to variable tariffs that building occupants have
to take into account in their everyday life. These complex
interactions have the potential to substantially affect the
end energy consumption and influence grid operation. Exist-
ing building automation systems can compute relevant set
points for the HVAC systems according to predefined occu-
pant calendars, but this is often not an adequate replacement
for a dedicated building manager.

Energy management systems, or energy managers, pro-
vide two key capabilities to building managers and occu-
pants: automation and recommendations for behavioral

change. Because of thermal inertia and diurnal and seasonal
demand patterns, these energy managers have to be able to
anticipate the upcoming day, at least, i.e., they have to be pro-
active, rather than reactive, to deal with current conditions.

Occupancy estimation, a key piece to automating energy
management, can be done via cameras and a posteriori label-
ing. The use of supervised learning algorithms on site can be
ruled out for most practical cases because of the requirements
to obtain relevant data in the form of video stream as it raises
privacy concerns. Even in settings where local learning from
gathered data might make this possible, annotation, i.e.,
occupancy labeling from videos, is complicated and noisy.
Gathering sufficient data to learn occupancy patterns reliably
from this data is a challenging problem.

This paper tackles the aforementioned issues and pro-
poses an occupancy estimation approach based on human
knowledge and involving the occupants through a question-
naire. It focuses on developing features for the estimation of
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human number and activities which cannot be measured
directly, with the help of nonintrusive sensors. Algorithms
from machine learning have been adapted to a residential
setting which is a sensor test bed with a large number of
ENOCEAN sensors (self-powered wireless standard for
building automation and smart homes), with regular/event-
based data reporting. It proposes an occupancy and activity
estimation approach based on the human knowledge and
gathering feedback from the occupants in the studied area.

In addition, a novel algorithm has been presented to
optimize the energy demand for hot water production in
residential buildings using these occupancy estimates. Opti-
mizing energy consumed by hot water systems is likewise
an important consideration for energy managers as it
accounts for between 10 and 25% of end building energy con-
sumption (Pérez-Lombard et al. [1]). With innovations in
facade technology, this draw is expected to further gain in
importance. By including occupancy estimates for control
of hot water vessels, this work extends the state of the art
where efficiency improvements are usually derived from
thermodynamic or consumption-based optimization [2].

In [3], the authors present a model of the Bayesian net-
work for an office case study, while in this work, we present
comparisons between residential and office case studies
besides an application of using occupancy estimation for
energy-efficient hot water production.

In the paper [4], a method of estimation occupancy has
been proposed using a supervised algorithm (decision tree)
with interactive learning concept, which is used to send a
question to the end user to collect the required training data-
base. Only office context has been presented and analyzed,
while the current paper has proposed a method to estimate
occupancy and activities in different contexts using an
unsupervised tool Bayesian network (BN); it depends on
the sensor data, questionnaire, and knowledge to build the
conditional probability tables. An office and 2 residential
contexts have been presented and analyzed.

Section 3 presents a state of the art about occupancy and
activity estimation. Section 4 discusses the problem state-
ment of occupancy and activity estimation in nonsupervised
learning algorithms (i.e., Bayesian networks). Section 5 dis-
cusses different case studies for occupancy estimations using
Bayesian network (BN) knowledge. Section 6 proposes struc-
tures and process for BN. Section 7 analyzes the resulting
occupancy and activity estimations for residential contexts.
Section 8 presents an experiment integrating occupancy
estimation and hot water production control.

2. State of the Art

In the building physics community, there is a growing
interest in occupant behavior because of its importance
in determining end energy demand and reducing energy
waste in buildings [5, 6]. Occupant behavior can be
studied from building physics to human biology, through
sociology and psychology in order to model and assess
thermal and visual comfort as well as other aspects of indoor
environmental quality.

Reference [7] uses neural networks for the agents to learn
occupant behavior from recorded data to ensure comfort.
After a learning phase, agents know which actions increase
occupant comfort while operating in different environmental
conditions. In a recent study, Reference [8] models various
occupancy profiles by calibration to predict the use of fans,
heating systems, and windows. The hidden Markov model
(HMM) and its variants have been extensively studied and
utilized quite often to detect activities in the past. Oliver
et al. [9] utilize an extension, layered HMMs in their model
SEER, to detect various activities like desk work, phone con-
versations, and presence. The layered structure of their
model makes it feasible to decouple different levels of analysis
for training and inference. Each level in the hierarchy can be
trained independently, with different feature vectors and
time granularities. Once the system has been trained, infer-
ence can be carried out at any level of the hierarchy. One
benefit of such a model is that each layer can be trained indi-
vidually in isolation, and therefore, the lowest layer which is
most sensitive to environmental noise can be retrained
without affecting the upper layers.

Different researches in occupancy estimation have also
been analyzed. Methods started by using single feature classi-
fiers which estimate two classes (presence and absence) to
multisensor and multifeature models. The main approach,
which is applied in many commercial buildings, is the use
of passive infrared (PIR) sensors for occupancy estimation.
However, motion detectors fail to detect a presence when
occupants remain relatively still, which is a normal behavior
during activities like working on a computer or regular desk
work. This leads to consider the use of PIR sensors alone for
estimating occupancy is not sufficient. Combining of PIR
sensors with other sensors can be useful as discussed in
[10]. It uses motion sensors and magnetic reed switches for
occupancy counting in order to increase the efficiency of
the HVAC systems. However, video cameras have been used
a lot in activity recognition and occupancy detection [11].
While most of these can estimate occupancy patterns reli-
ably, they cannot be employed in most office buildings for
reasons like privacy and cost concerns. Jaehoon Jung et al.
[12] show a normalized human height estimation algo-
rithm using uncalibrated cameras. The algorithm tracks
moving objects and carries out tracking-based automatic
camera calibration.

Estimating activities undertaken by building occupants is
a more challenging task than estimating occupancy; however,
some of the previously mentioned sensing techniques can be
extended for this purpose. For instance, the use of pressure
and PIR sensors to determine presence/absence in single
desk offices and tag activities has been discussed in [13].
However, for various applications like activity recognition
or context analysis within a larger office space, information
regarding the presence or absence of people is not sufficient
and an estimation of the number of people occupying the
space is essential.

Various learning models have been used by researchers in
the field of activity recognition and occupancy analysis. This
generally involves creating a probabilistic or statistical activ-
ity model that is augmented with training data. The task of
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the model is to recognize patterns that differentiate various
classes in the training data and apply this knowledge for the
prediction/classification of test data. This allows for data-
driven methods, i.e., where domain-specific knowledge is
not necessary. Reference [14] classifies these data-driven
approaches as follows:

(1) Generative Modeling. Here, the target is to create a
model that uses training data samples to form a
description of the complete input feature space.
Examples include the Naive Bayes classifier which
assigns a probability to every event or the hidden
Markov model which additionally models temporal
dependencies of events. These methods can suffer
from generalization issues in high-dimensional fea-
ture spaces because of limited training data [15]

(2) Discriminative Modeling. Rather than representing
the entire input space, discriminative modeling only
focuses on classification. The primary objective of
such a model is to find a decision boundary (or
boundaries). Examples include the KNN (K-nearest
neighbor) classifier, decision trees, and SVMs [16]

(3) Heuristic-Based Modeling. Such models use a combi-
nation of both generative and discriminate models
along with some heuristic information [17]

In this paper, an occupancy modelling framework is
proposed which fully exploits information available from
low-cost, nonintrusive environmental sensors and knowl-
edge. Without loss of generality, this information is then
combined with a control framework to minimize energy
consumed for hot water production. While this allows for
meaningful energy efficiency results in residential buildings,
the sensing requirements still pose certain limitations regard-
ing occupant privacy.

3. Proposed General Process for Occupants and
Activity Estimation

3.1. Bayesian Network (BN). A Bayesian network (BN) is a
directed acyclic graphical model for reasoning with uncer-
tainty among the random variables (see Figure 1). Moreover,
the variables have been shown as nodes in both cases contin-
uous or discrete, while the direct connections between the
nodes have been shown by the edges. A probability function
has been built for each node which should take a specific
number of values for the input node variables and gives as
output; the probability distribution of the variable has been
shown by the node. This probability depends on the causal
relationships between the variables (cause/effect relation).

A Bayesian network (BN) is a knowledge model of
knowledge using conditional probabilities and evidence to
derive resulting probabilities.

A tool has been developed using Python 3 to deal with the
structure of the building and the input of conditional proba-
bilities. It is an adaptation of the libpgm module [18]. In this
paper, all conditional probabilities are determined, i.e., they
were depending on observations and analyzing office
occupant questionnaire.

4. Case Study

4.1. Experimental Setup. In this section, the different case
studies are described which were used to evaluate the perfor-
mance of the proposed algorithm. In the first instance, an
office context is proposed because it can be considered as a
simple and initial single-zone environment with lots of
number of sensors. In addition, two residential buildings
have been investigated which vary according to sensors avail-
ability, user feedback, and complexity of the environment.

Besides, a practical example for each case study will be
presented later in Section 7.

Any distribution

3 children
of 1

Node 1 Node 2

Node 3 Node 3

1 parent of
2&3

Edge

Desecrate probabilities

Different distributions Different distributions

Figure 1: Elements of a Bayesian network: different probability distributions.
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(1) Case Study 1. This is an office. The system of the
sensor network contains the following:

(i) An ambiance sensing network measures lumi-
nance, temperature, humidity, motions, CO2
concentration, power consumption, door and
window position, and microphone. ENOCEAN
protocol has been used [4]

(ii) There are 2 video cameras to record the real
number of occupants and activities. These 2 cam-
eras are installed only for the validation period

(iii) There is a web application with a centralized
database for getting back continuously the data
from different sources

(2) Case Study 2. This is an apartment context, which is
presented with a multizone application including lots
of number of sensors and different types of activities.
The installation of the sensor network contains the
following:

(i) Temperature sensor for each room

(ii) Motion sensor for each room

(iii) Window contact sensor for each room

(iv) Door contact sensor for each room

(v) Fridge, oven power consumption, microwave,
espresso, steam cooker, kettle, and dishwasher
sensors in the kitchen

(vi) Power consumption sensors for each room
connected to different appliances

(vii) Humidity sensor for each room

(viii) Luminosity sensor for each room

The apartment consists of two bedrooms, a living
room, a kitchen, a working office, a bathroom, and a toilet.
The doors and windows are equipped with contact posi-
tion sensors, which provide a binary number related to
the position of the door or window, i.e., 1 for open and
0 for closed. Only the contact sensors give values as a
binary number while the rest of the sensors give their
respective variables to the extent of the intensity, i.e., the
temperature in the kitchen.

(3) Case Study 3. This is a multizone house with a differ-
ent number of activities while a limited number of
sensors installed only in the common room. This case
study is part of a big project where an energy man-
agement system is developed in order to improve
building energy efficiency. By implementing the
occupancy detection model, the control system can
be improved. The complexity of this context model
has been increased due to as follows: as in real
application settings, getting feedback from occupants
during design and validation phase was impossible.

Moreover, building the occupancy model depends
mostly on analyzing historical data.

The unsupervised learning algorithm is a practical
paradigm for the residential and commercial building envi-
ronment, where supervised learning is mostly not accepted
by the users because of privacy issues.

5. Methodology

As previously mentioned, three cases of study were used to
exemplify the capability of the proposed approach to esti-
mate occupancy and activity. In this section, the adaptations
to the methodology as mandated by different sensory inputs
are highlighted [19].

5.1. Case Study 1: Occupancy Estimation in Office Building. In
the case of the office building, collecting occupancy and activ-
ity feedback was easy due to the presence of video cameras
and microphone. Besides, the possibility to interview occu-
pants during the design and validation periods of the estima-
tion models provided additional information.

This office has been equipped with 30 sensors to eval-
uate the occupancy and activity estimation of the trained
Bayesian network. To estimate the number of occupants,
its relationship with the sensed variables in the office envi-
ronment has to be discovered. To do so, the office envi-
ronment can be represented as a set of state variables,
At = A1, A2,… , Am t . This set of state variables A at any
instance of time t must be indicative of occupancy. A state
variable can be termed as a feature and therefore the set of
features as feature vector. Similarly, m-dimensional space
that contains all possible values of such a feature vector
is the feature space.

The underlying approach for the experiments is to
formulate the classification problem as a mapping from a
feature vector to some feature space that comprises several
classes of occupancy or activity. Therefore, the success of
such an approach depends on how good the selected features
are. In this case, features are attributes from multiple sensors
accumulated over a time interval. The choice of interval
duration is highly context dependent and has to be done
according to the required granularity. However, some fea-
tures do not allow this duration to be arbitrarily small. As
an example, it has been observed that CO2 levels do not rise
immediately, and one of the factors affecting this delay is
the ventilation of the space being observed. The results pre-
sented in this paper are based on an interval of Ts = 30
minutes (which is referred hereafter as 1 quantum). Features
are the information extracted from raw data, i.e., acoustic
pressure from a microphone, time slot, occupancy from
power consumption, door or window position,motion count-
ing, day type, and indoor temperature.

One quantitative measurement of the usefulness of a
feature is information gain, which depends on the concept
of entropy [20]. Information gain is helpful to distinguish
among a large set of features, the most worthwhile to
consider for occupancy estimation. A supervised learning
approach has been used. Occupancy counting was manually
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annotated using a video feed from two cameras strategically
positioned in an office. A decision tree algorithm has been
used because it results in human readable rules and can be
adjusted using expert knowledge and yield estimation rules
(if then) from the decision tree structure. It is likely that
from the large set of features considered in [20], some
may not be useful to achieve our target of occupancy clas-
sification. After removing less important features accord-
ing to the information gain formulation, the following
main features were considered:

(1) Motion Counter. The PIR sensor in use is a binary
sensor that reports a value of 1 whenever it senses
some motion. These impulses have to be computed
for each time quantum

(2) Acoustic Pressure from Microphone. The RMS ampli-
tude feature was defined from the recording signal

(3) Occupancy from Power Consumption. Four sensors
measuring power consumption have been connected
to occupant laptops in the office

Some important questions have to be answered while
building the BN structure:

(1) What type of knowledge is relevant to collect for fil-
ing the conditional probability tables of the BN?

(2) What variables within these domains should be
modeled?

(3) What are the relationships between these variables?

(4) What probabilities describe these relations?

Instead of modelling occupancy levels as the exact
number of occupants, three levels of occupancy have been
chosen: low, medium, and high number of occupants. This
reflects a compromise for simplicity as increasing the number
of levels increases the complexity of the table of conditional
probability of a Bayesian network structure. Reference [20]
indicates a correlation between the power consumption and
the number of occupants in the office. For the sake of sim-
plicity, power consumption has also been discretized into
three levels: low, medium, and high or L, M, and H, respec-
tively. This discretization yields a probability table with 9
values (Figure 2).

To collect the required information for conditional prob-
ability tables of the Bayesian network, two questions were
posed to the office occupants to determine the probability
table for power consumption:

(1) The approximate schedule of occupants arriving and
leaving the office

(2) The average time of laptop usage during working
hours

According to user answers, the conditional probability
tables are filled directly or can be calculated. It is important
to note that the calendar of occupants could be used instead

of the question, in order to facilitate the configuration of
the BN structure.

The recorded signal from the microphone can be discre-
tized into two levels: low acoustic pressure and high acoustic
pressure or L and H, respectively. This gives a table of prob-
abilities with 6 values Figure 2.

The following questions were proposed to determine the
probability table for the microphone:

(1) The kind of activities in the office (computer work,
presentation, and Skype meeting)

(2) The frequency of discussions between the colleagues
during the working day

The probability tables for motion counter have been
suggested according to the general knowledge for three dif-
ferent cases: low motion, medium motion, and high motion
or L, M, and H, respectively.

5.2. Case Study 2: Occupancy Estimation in Residential
Building. Similar to case study 1, three occupancy levels have
been chosen: low, medium, and high number of occupants.
Furthermore, similar observations about correlation between
occupancy and power consumption hold. The structure of
the Bayesian network for occupancy estimation in the apart-
ment has been developed taking into account the interaction
between different rooms in the apartment. It is composed of 6
Bayesian networks, which can be seen in Figure 3 as follows:

(1) Five Bayesian networks, one for each room (two bed-
rooms, one kitchen, one common, and one office) in
order to estimate the absence/presence in each con-
sidered room. Power consumption and motion
detector sensors have been used in each room for
presence estimation, while in the master bedroom,

Occupancy

Power
consumption

Microphone

Motion
counter

L0
L1
L2

L

L

09
0.5.
0.2.

M H

L M H

H

01
0.5
0.8

Figure 2: Bayesian network (BN) structure of an office H358.
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the time slot has been integrated because the presence
in this room is related mostly to a sleeping time

(2) One additional global Bayesian network for the
whole apartment to adapt the estimation results from
the previous 5 Bayesian networks, because of the
interactions between the rooms

Six conditional probability tables have been defined for
each Bayesian network besides the global one. The global
Bayesian networks required a table of 100 values, which
include all the combinations of the absence/presence in each
room in the apartment to estimate 3 levels of occupancy: low,
medium, and high in the whole apartment.

For data collection, multiple sensors are installed in the
apartment to sense different variables. Practically, it is
challenging for the residential application to interact with
the occupants in real time. Therefore, in this case study, the
required knowledge has been extracted from questionnaires
and analyzing historical data.

The following questions have been proposed to deter-
mine the probability tables:

(1) The average time for staying at the apartment during
a weekday and weekend

(2) The frequency of inviting short- or long-term guests

(3) The frequency of leaving the apartment for visiting
friends or traveling

According to the user answers, the conditional probabil-
ities are either calculated or filled directly in the tables.

As presented in the Bayesian network structure (see
Figure 2), power consumption and motion detection sensors
are the most relevant features for occupancy estimation. This
has been extrapolated from previous work in the office envi-
ronment due to information gain concept.

5.3. Case Study 2: Activity Estimation in Residential Building.
Tracking user activities in daily life and estimating occupant
activities are important in different areas (i.e., mirroring

service and also to determine best time for interacting). In
this section, activities are proposed as a human state per
room for each time quantum. In order to classify occupant
activities, two categories have been defined: (1) activities with
possibility to interact and interrupt the occupants (hereafter
referred to as activities (1)) and (2) when it is inconvenient
for the occupants to be prompted for interaction (activities
(2)) (see Table 1). In this case, the interaction time with the
occupants could be recognized and utilized in more advanced
applications as explained earlier. The proposed system in this
case consists of interconnected Bayesian networks which can
be seen in Figure 4. Within the available sensors in the apart-
ment, 4 Bayesian networks have been built for each activity
(family meal, cooking, sleeping, and working) and a global
one to adapt an estimation result, similar to what has been
analyzed in occupancy estimation.

(1) Family meal is related to time of the day, the kitchen
motion detector, and the cooking activity

(2) Cooking is related mostly to cooking time and use of
the oven

(3) Sleeping is mostly related to the slot time and motion
detector in a parent room

(4) Working is usually done in the office with consuming
power and motion detector in the office

5.4. Case Study 3: Absence/Presence Estimation. This case
study is similar to case study 2 in the sense that it also deals
with the residential built environment. However, because of

Table 1: Activity types.

Activities (1) with interactions Activities (2) without interactions

Cleaning Working

Talking Sleeping

Doing sport Cooking

Watching TV Family meal

(0,1,2)

Global
occupancy

BN1(0,1)

Common
occupancy

Power
common

Motion
common

BN2(0,1)

Anna
occupancy

Motion
anna

Power
anna

BN3(0,1)

Parent
occupancy

Sleeping
time

Motion
parent

BN4(0,1)

Kitchen
occupancy

Motion
kitchen

Power
kitchen

BN5(0,1)

Office
occupancy

Motion
office

Power
office

Figure 3: Bayesian network structure case study (apartment).
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limited sensing, it presents a more challenging estimation
problem than case study 2. It is a multizone and multiactivity
house with limited number of sensors located only in the liv-
ing room. Here, the focus is on binary estimation of occu-
pancy and not on activity estimation. The target from this
application is to provide a presence profile over the day to
improve the control part of the energy management system.

Historical consumption has been extracted from a data-
base, in the absence of feedback from occupants. A Bayesian
network structure of occupancy estimation has been built,
with two levels for occupancy: absence/presence. According
to [20], the most relevant sensors for occupancy estimation
are as follows:

(i) Total energy consumption from smart meter sensors

(ii) CO2 concentration

(iii) Total water flow consumption

Water flow sensors give the volume consumed during
each quantum of time (i.e., 30 minutes). In order to collect
the required information for conditional probability tables,
historical data has been analyzed for power consumption,
water flow consumption, and CO2 concentration. Figures 5
and 6 present, respectively, the historical data during six
months.

Figure 5 shows kWh data which has been extracted
from the smart meter. It reads the energy consumed every
30 minutes. Power consumption has been calculated to be
used in the occupant model. Similar to power consumption,
water flow consumption has been extracted from the accu-
mulated consumption in (L/h) (the liters of water consumed
each hour).

A Bayesian network structure and probability tables have
been built using these main sensors, which can be seen in
Figure 7. Due to the goal of estimating absence/presence of
occupants, two different cases have been considered: low

Interaction possible
yes, no

0
1

0=no
1=yes

Family
meal

0
1

Kitchen
motion

Cooking at
previous
period

Meal
time

Cooking

0
1

Cooking
time

Oven
power

Sleeping

0
1

Parent
motion

Sleeping
time

Working

0
1

Office
motion

Office
power

Figure 4: Bayesian network structure case study (activities).
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Figure 5: Accumulated power consumption (kWh) from
01/06/2016 to 01/12/2016.
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Figure 6: CO2 concentration from 01/06/2016 to 01/12/2016.
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consuming and high consuming or L and H, respectively. It
gives a probability table with 6 values. In a similar way, the
probability tables of water consumption and CO2 concentra-
tion have been defined.

The process for calculating the conditional probabilities
in case of using historical data starts by analyzing the data
each day, which can be seen in Figure 8 to choose the
trust days (days which do not exhibit a mixed presence
profile) and remove the rest. The presence profile has been
generated according to the values of data sensors. Expert
knowledge is used in case of no consistency in the occu-
pancy profile, before computing the conditional probabil-
ity, i.e., the conditional probability value of consuming
water during occupant presence, from a trust day in
Figure 8, is equal to 13/43 or the number of samples
where water was consumed divided by the number of sam-
ples of occupant presence. Different trust days have been
considered to calculate the conditional probability table.

Where sufficient historic data is available, it is straightfor-
ward to determine these days.

6. Results

6.1. Case Study 1. A data set covering 10 days from
04/05/2015 to 13/05/2015 has been used for building a Bayes-
ian network structure. Figure 2 shows the results obtained
from the Bayesian network for three levels and 3 main fea-
tures. Both actual and estimated occupancy profiles have
been plotted in a graph with the number of occupants and
time relations (quantum time was 30 minutes). The accuracy
achieved from Bayesian network was 91% (number of cor-
rectly estimated points divided by the total number of
points), and the average error was 0.09 persons. Table 2 rep-
resents the average error values for each class of estimation,
while “support” in Table 2 indicates the number of events
(sensor data each quantum time) in each class and average
support indicates the sum of all events in the 3 classes.

The office H358 was the first initial step for analyzing the
knowledge-based approach for occupancy estimation, where
all the required information was available in this office.

6.2. Case Study 2. A data set covering the year 2016 has been
used for building a Bayesian network structure. Data for
validation were not easy to obtain from the occupants; only
3 days to test the estimation model have been collected.
Figure 9 shows the results obtained for 3 days from

Occupancy

Power
consumption

Microphone

Water flow
consumption

L0
L1

L

L

L 

H

H

H

Figure 7: Bayesian network structure case for Enervalis.
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Figure 8: Generate occupancy profile from historical data of CO2,
water consumption, power consumption, and expert knowledge
during one day and time quantum = 30 minutes.

Table 2: Estimation results from the Bayesian network.

Classes Average error of BN Accuracy of BN
Number of
supports

Class 1 97.2% 0.001 400

Class 2 84% 0.21 170

Class 3 79.6% 0.53 54

Average 91.3% 0.09 624
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Figure 9: Occupancy estimation from a Bayesian network, time
quantum = 30 minutes in Rue Cuvier apartment.
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11/06/2016 to 13/06/2016 which were holidays and maxi-
mum number of occupants is 4 while minimum is 1. Both
actual and estimated occupancy profiles have been plotted
in a graph with the number of occupants and relation to time
(time quantum was 30 minutes). The accuracy achieved from
the Bayesian network was 82% (number of correctly esti-
mated points divided by the total number of points), and
the average error is 0.17 persons.

During one year, an average daily activity profile has
been extracted over 48 half hours, which can be seen in
Figure 10. It gives the probability with possible interaction
with the user (no activities) in red color of each bar and
the probability with no possible interaction (of activities) in
blue color for each time quantum (i.e., half an hour). An
average error of 0.24 per activity has been achieved by

estimation of 4 activities (sleeping, cooking, eating, and
working) during 3 days.

The current framework provides an excellent trade-off
for activity recognition in a residential environment while
not requiring prohibitively expensive sensor data. In doing
so, occupancy and activity estimation is not limited to the
use of cameras anymore, thereby marking an advance on
most current research [11] which usually requires cameras
to cover the whole observation area.

6.3. Case Study 3. A data set covering six months from
01/06/2016 has been used to build the Bayesian network with
two levels of occupancy, absence/presence. Finally, the occu-
pancy presence profile over the day has been generated, to be
integrated into the control system, which can be seen in
Figure 11. It gives the probability of absence in blue color
and the probability of presence in red color for each time
quantum, i.e., at time 00 : 00, the probability of presence is
90% (red part of the bar).

Validating results directly is one of the most challenging
aspects of real applications. In this case, it was because of
the difficulty in contacting the end users. Consequently,
building occupants could not be involved in the energy sys-
tem process with frequent interruptions. In addition, only
limited sensing is available because of privacy concerns.
Thus, both occupancy estimation and validation are chal-
lenging tasks. The solution, in this case, was to collect enough
data to build the estimation model.

In this section, three applications have been discussed
(see Table 3), and the Bayesian networks with different
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Figure 10: Activities distribution every 30 minutes during one year. It gives the probability with possible interaction with the user (no
activities) in red color of each bar and the probability with no possible interaction (of activities) in blue color for each time quantum.
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Figure 11: Occupancy estimation profile during one year over 48
half hours. It gives the probability of absence in blue color and the
probability of presence in red color for each time quantum.

Table 3: Knowledge-based occupancy model applications.

Case study Multizone Multiactivity
Sensing and
feedback

Validation

Case study 1 No No + + + Yes

Case study 2 Yes Yes + + Yes

Case study 3 Yes Yes - No
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structures have been applied as the solution to the problem of
occupancy and activity estimation. The different structures
are due to differences in available sensors, knowledge, and
the complexity of the studied area.

7. Energy-Efficient Hot Water Production Using
Occupancy Estimates

Typically, hot water production systems consume energy due
to regular reheat cycles following a naive rule-based
controller.

Here t refers to the control action of the heating element
at time t. When it is set to 1, it reheats the storage vessel and
remains idle when the mode is 0. This decision is made
based on temperature sensor information from the storage
vessel Ts which is compared against a threshold Ttg − ΔT ,
where Ttg is the temperature and the vessel is reheated to
during a reheat cycle, and ΔT is the temperature and the
storage vessel is allowed to fall relative to Ttg before a reheat
cycle is initiated. This behavior can be optimized by making
the reheat behavior dependent on the remaining energy con-
tent in the storage vessel and the (predicted) behavior of the
human occupant.

HereWt is the hot water volume left in the vessel, defined
here as the amount above 45°C. Since the energy content in
the storage vessel is not observable directly, Wt can only be
approximated using a model of the storage vessel. This model
can be built using either thermodynamics knowledge of the
storage vessel or can be learned directly from sensor data
[21]. The model then defines the remaining volume of hot
water in the storage vessel which is compared against
Σi+n
k=iWk, the amount of hot water predicted to be consumed

over the next n time steps. Furthermore, a safety margin,
M, is introduced in the control formulation to account
for unexpected draws caused by stochastic human behav-
ior and is usually considered a fixed threshold-based value.

This greedy approach to reheating the storage vessel
belongs to the family of just-in-time control strategies where
both late heating and early heating are penalized [22].

In doing so, it improves the energy efficiency of hot water
production while maintaining occupant comfort. This strat-
egy is demonstrably optimal for climate agnostic heating ele-
ments such as electric resistance or gas boilers, given no
additional knowledge about human behavior. For heat
pumps, where ambient temperature affects the efficiency, it
performs suboptimally (since an earlier reheat cycle might
benefit from higher ambient temperature) thereby necessitat-
ing more sophisticated optimization strategies such as meta-
heuristics for planning [23]. In this work, we consider an
electric resistance heater simulated with hot water draws
from four representative households.

Stochasticity in human behavior means that, over the
long run, there are violations of occupant comfort which lead
to water consumption temperatures dropping below the
specified limits occasionally. This is mostly because predict-
ing hot water demand accurately is extremely difficult, and
sometimes the demand exceeds both the demand prediction
and the safety margin, M.

We demonstrate that by making M a function of the
predicted occupancy, the efficiency-comfort trade-off can
be improved upon. This new threshold takes the following
form: Mt =O, where Ot is the occupancy estimate at time
t and is a probability and then replaces in the original
control formulation used to determine u1 at every time
instant. Intuitively, when the occupancy estimate is low,
the required safety margin can likewise be made lower and
vice versa. This essentially decomposes the occupant behav-
ior into two distinct streams: one represents the expected
occupant consumption at any time (which is based on his-
torical trends) and the second represents the possibility for
an unexpected draw (which is correlated with the occupancy
estimate) [24].

Figure 12 shows that for four simulated houses with
different occupancy and demand patterns, 2 houses (houses
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Figure 12: Impact of occupancy estimation on the trade-off between occupant discomfort (number of hot water draws where consumption
temperate fell below 45°C) and energy consumption (number of annual reheat cycles) for four simulated houses.
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1 and 2) gained substantially from using an occupancy esti-
mate. The prediction error for hot water demand Wt was
between 25% and 50%.The fixed safety margin,M, as defined
above, was varied between 10 liters and 50 liters. For each
chosen value ofM, this was further modulated with an occu-
pancy estimate Ot for controlling the threshold dynamically.
The results of this sensitivity analysis are represented by the
ellipses in Figure 12. The comfort bound exceeded index is
defined as the amount of occurrences where the occupant
drew hot water at a temperature below 45°C (normalized to
an entire year). The number of reheat cycles is used as a
proxy for the energy consumed to reheat the storage vessel
on an annual basis.

It is evident from the figure that including an occupancy
estimate in the control problem can reduce the number of
reheat cycles by an additional 5% over the control strategy
defined with a static threshold. Moreover, this strategy was
around 25% more efficient than the rule-based control pre-
sented earlier for all the considered houses. These gains are
however a strong function of occupant behavior. Occupancy
estimates have an important modulating effect on the energy
consumption patterns of the vessel. More concretely, for the
houses that show negligible efficiency gains (houses 3 and 4),
the estimated occupancy values were usually high which
meant the modulation did not have much impact on the
value of M (the average annual occupancy prediction was
above 0.9 for these cases). For houses 1 and 2, on the other
hand, the average occupancy prediction was closer to 0.6,
which meant that the controller could set back the reheat
cycles successfully during these times leading to lower energy
consumption or achieve better occupant comfort.

The energy efficiency improvements in hot water produc-
tion derive from making the reheat cycles subordinate to
occupant behavior and presence/absence. In this, a prediction
of occupant demand provides most of the savings. However,
this can come at the cost of occupant comfort. Using occu-
pancy estimates provides a way to help solve this problem.
Alternatively, it can be used to further improve energy effi-
ciency while maintaining the same level of occupant comfort.

8. Conclusion

Knowledge-based approach with nonsupervised learning
procedure has been applied using the Bayesian network.
The proposed method can generalize well because the struc-
ture is not assumed; rather, it is discovered from the ques-
tionnaire and can therefore be extended to any room with
expert knowledge. Additionally, three applications have been
discussed with the Bayesian networks built using sensor data
and knowledge coming, respectively, from observation and
questionnaire. The structure of these Bayesian networks dif-
fers according to the application environment. The level of
complexity increased from one application to the other
because of missing occupancy and activity feedback, the
information available from the questionnaire, or the fewer
installed sensors.

(1) Case study 1, with an office environment, is the first
step and perhaps the easiest environment to analyze

and evaluate the knowledge-based approach due to
availability of all the required sensors, occupant feed-
back, observation (video camera, microphone, and
power consumption), and validation in one zone
area. Occupancy estimation using the Bayesian net-
work model knowledge gave excellent performance
with an average estimation error for the office context
of 0.08 occupants over a ten-day test period

(2) Case study 2, a residential environment with multiple
zones and many activities, proved to be more com-
plex due to the interaction between the rooms and
the requirement to estimate activities. On the other
hand, collecting data from a high number of sensors
in the apartment and the cooperation of the user for
replying to the questions during the design and vali-
dation period facilitated the construction of the
required models. An average error of 0.17 for the
number of occupants and 0.24 for activity estimation
has been achieved

(3) Case study 3 presented a more complex real-world
application. The setting was a multizone andmultiac-
tivity house with very limited number of sensors and
no possibility for obtaining feedback from the occu-
pants. In order to cope with this case, 6 months of
historic sensor data have been analyzed to extract
the required knowledge for building an occupancy
estimation model. Because of lack of communication
with the building occupants, only limited validation
could be performed in this case

Experiments to integrate occupancy estimation and hot
water production control have also been carried out. These
conclude that energy efficiency can be effectively increased
by up to 5% when occupancy estimates are incorporated into
the optimal control formulation.

This paper presented important results in estimating
occupancy and reducing energy demand and, in doing so, it
contributes to the growing body of literature illustrating the
energy-occupancy nexus.

Future directions of the work include using these
occupancy estimates to not just improve energy efficiency
but also perform active demand side management. This has
the potential to reduce energy costs for building users as well
as providing support to the broader energy grid.
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