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ABSTRACT Due to the impact of human lifestyle on building energy consumption, the development of
occupants’ behavior models is crucial for energy-saving purposes. In this regard, occupancy modeling is
an effective approach to intend such a purpose. However, the literature reveals that existing occupancy
models have limitations related to the representation of occupancy state duration and the integration of
occupancy variability among individuals. Accordingly, this paper proposes an explicit differentiated duration
probabilistic model to generate realistic daily occupancy profiles in residential buildings. The discrete-time
Markov chain theory and the semi-parametric Cox proportional hazards model (Cox regression) are used
to predict household occupancy profiles. The proposed model is able to capture occupancy states duration
and integrate human behavior variability according to individuals’ characteristics. Moreover, a parametric
analysis is employed to investigate these characteristics’ impact on the model performance and consequently,
select the most significant input variables. A validation process is conducted by comparing the model
performance with that of previous methods, presented in the literature. For this purpose, the k cross-
validation technique is utilized. Validation results demonstrate that the proposed approach is highly efficient
in generating realistic household occupancy profiles.

INDEX TERMS Occupancy, behavior, survival analysis, hazard rate, markov-chain, Cox regression.

I. INTRODUCTION
The electric grid faces a transformation in terms of growth
and development due to global warming, huge electric-
ity demand, and the impending depletion of fossil energy
resources. As a result, the smart grid is promoted as a concep-
tual framework for improving energy efficiency and advanced
management of available resources [1]. The building sector
accounts for more than 30% of total world energy consump-
tion that is expected to increase by an average of 1.5%
per year between 2012-2040 [2]. Consequently, this sector
receives significant attention particularly due to its energy-
saving potentials, which can be up to 30% [3].
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Energy consumption in buildings is influenced by different
factors, including climate, building envelope, building ser-
vices and energy systems, indoor environment quality, build-
ing operation and maintenance, and occupants’ behavior [4].
Among these factors, human behavior can be considered as
a major issue towards enhancing the performance, design,
and simulation of buildings [3]. Occupant behavior refers to
the interaction between occupants and buildings in order to
preserve a healthy indoor environment and acquire desired
comfort, and security [5], [6]. It can be described by occu-
pants presence, and their interaction with appliances, control
systems (e.g., heating, ventilation, and air conditioning), and
building elements (e.g., doors and windows) [7].

In the last decades, occupant behavior modeling, occu-
pancy detection, and activity recognition have attracted sig-
nificant attention among researchers whose focus is building
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design and operation [7]. These models can be used for
applications like building performance simulation and load
forecasting, which can help utilities anticipate peak power
demand and make decisions on power management, load
switching, network reconfiguration, and infrastructure devel-
opment [8], [9]. Generally, human behavior is dealt with as a
deterministic variable, for example occupancy static sched-
ules [5]. Nonetheless, occupant behavior has a stochastic
nature and it is influenced by different factors such as weather
conditions, physical characteristics of the house, and socio-
demographic characteristics of individuals. For this reason,
the development of probabilistic occupant behavior models
has attracted researchers’ attention to integrating variability
of individuals’ behavior patterns.

Moreover, a better understanding of human-building inter-
actions can improve building energy performance and reduce
its energy consumption while maintaining occupants’ com-
fort [10]. Indeed, several works have demonstrated that a
significant amount of energy can be saved by performing
occupancy-based and activity-based control strategies. For
instance, Nguyen et al. [11] surveyed intelligent buildings
research efforts, focused on energy saving and user activity
recognition. The authors concluded that occupancy-based
control strategies can result in up to 40% energy savings in
HVAC system. Georgievski et al. [12] presented an approach
based on Hierarchical Task Network (HTN) planning com-
bined with activity recognition. Their proposed method,
applied to control lights andworkstations in an office building
and a restaurant, provided up to 80% energy savings. Layered
hidden Markov models (LHMMs) and deterministic finite
state machines (FSMs) were used in [13] to identify desk-
related activities and count people in an office room. The
authors showed that by using activity-based control over
lighting systems, it was possible to achieve overall energy
savings of 78.5% per year compared to manual control.
Additionally, by using a people count-based control strategy,
it was possible to reduce annual HVAC energy consumption
by 39.9%. Scott et al. [14] used PIR and RFID sensors’ infor-
mation to predict home occupancy patterns for heating con-
trol. The authors analyzed three different control techniques
(based on scheduled, always-on, and PreHeat algorithms) and
consequently, obtained energy savings of up to 35%. Boait
and Rylatt [15] presented a prototype to control the heating
system in a house in the UK. The prototype utilized Bayesian
inference to identify the occupancy state based on electricity
consumption data and hot water temperature. The authors
achieved up to 14.1% energy savings in the gas, consumed
by the boiler (19.2 kWh/day). Likewise, heterogeneous occu-
pancy patterns were used to evaluate a simulation-based
optimization approach for the design of energy management
systems (EMS), applied to microgrids [16], [17]. Moreover,
a zonal control strategy of thermostatic loads was presented
in [18]. The authors demonstrated that their strategy could
savemore than 15% energy consumptionwhile increasing the
thermal comfort by more than 25%.

A. BACKGROUND
A comprehensive understanding of individuals’ behavior
inside and outside of the house is of great importance for
sectors such as energy [2] and transportation [19]. Litera-
ture reveals that Time-use survey (TUS) and Travel survey
(TS) are important sources of information to achieve such
comprehension [20], [21]. Particularly, TUS data has been
widely used for the development of probabilistic occupant
behavior models, which primarily focus on individuals in the
residential sector [22]. It can provide detailed information
about the daily routine of a large number of respondents and
capture the stochastic nature of occupant behavior and its
variability according to individuals’ characteristics. There-
fore, TUS is suitable for representing a population [5]. More-
over, the literature reveals that independent from the country
in which the survey is conducted, TUS provides a similar
set of information about respondents, for instance their age,
gender, marital status, and income. Accordingly, it allows the
development of highly replicable methods regardless of the
survey location. Walker and Pokoski [23] proposed a model
of residential demand based on customer behavior, captured
from surveys. The authors were one of the first to use TUS
data to model human behavior. They proposed an ‘‘availabil-
ity’’ and a ‘‘proclivity’’ function to estimate the number of
people in a household and their probability of doing a certain
activity at specific time periods. However, one of the main
drawbacks of this model, which limits its application scope,
is its insufficient flexibility to analyze behavioral variability
related to users’ socio-demographic characteristics.

Among the techniques, used to model human behavior
by using TUS data, first-order Markov chains (FOMC) and
higher-order Markov chains (HOMC) are the most popular
ones. A first-order MC is a memoryless stochastic process
according to its Markovian property. Therefore, the transition
probability between states only depends on the current state.
Richardson et al. [24] used this technique to generate active
occupancy1 daily profiles at a ten-minute resolution based
on the United Kingdom 2000 time-use survey [25]. The
approach was able to indicate the number of active occupants
in the house. However, only the number of household resi-
dents and the weekdays were used as parameters to charac-
terize occupancy variability. Furthermore, Richardson et al.
extended their occupancy model in another study [26] to
generate activity profiles in order to develop a domestic elec-
tricity demandmodel.Widen et al. [27] proposed a first-order
Markov Chain Monte Carlo technique to generate domestic
lighting demand data from occupancy patterns and daylight
availability. The authors presented a simplified model in
which all persons were characterized by four parameters
related to dwelling (detached houses and apartments) and
day type (weekdays and weekends). Subsequently, in [28],
they refined their initial model to generate occupant activity

1Active occupancy refers to a moment when a user is in the house and
performs an activity other than sleeping.
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sequences and use them to estimate domestic electricity
demand.

Likewise, Muratori et al. [29] presented a heterogeneous
Markov chain to generate activity patterns. The authors
used a method similar to the one presented by Widen and
Wackelgard [28]. In addition, they included a small set of
parameters to assess behavior differences among individuals,
represented byworking, non-working,male, female, and chil-
dren classes. Collin et al. [30] developed a thirteen-state first-
order Markov model, to create activity profiles, differentiated
by household size as well as working and non-working indi-
viduals. Afterwards, the authors applied themodel to generate
demand profiles according to user activities. They employed a
probabilistic function to identify electrical appliances, shared
by users performing the same activity. Baptista et al. [31]
proposed the utilization of the interactive Markov chain
approach, presented by Conlisk, [32] to incorporate interac-
tion between individuals in a household. For this purpose,
the transition probability matrices were conditioned by the
present activity of a leader. In this way, occupants were
able to explicitly coordinate their activities. However, this
approach did not consider a comprehensive analysis of behav-
ior variability according to individuals’ characteristics. The
articles, presented above, emphasize that behavior variability
has not been adequately explored. Moreover, they share the
disadvantage of a memoryless property, yielded by the first-
order Markov models. [33], [34] has revealed that first-order
Markov models are not able to consistently predict state dura-
tion and thus, their generated occupancy or activity profiles
often fail to reflect a realistic behavior.

Alternatively, some authors have proposed the use of
higher-order Markov models. These probabilistic models do
not possess the memoryless property of traditional Markov
chain models. Therefore, the duration is not required to
assume exponential or geometric distributions over con-
tinuous or discrete-time cases, respectively. Accordingly,
Tanimoto [35], Wilke et al. [33], [36], and Vorger [37] cap-
tured occupants’ behavior from a semi-Markovian process.
In this process, the states are conditioned by their precedents
through a Markovian transition, and the duration is condi-
tioned by only the current state. In fact, the procedure is
based on a decremental counter that forces a state transition
every time it reaches ‘‘1’’. Once a new state is determined,
the counter initial value is estimated by a duration distribu-
tion. For such an estimation, Tanimoto used a logarithmic
distribution to generate the duration of activities. Wilke et al.
and Vorger used a Weibull distribution to determine presence
and activity duration. However, these distributions put limita-
tions on capturing the multimodal character that often occurs
in duration data.

Furthermore, Flett et al. [34], [38] presented a model to
produce occupancy profiles. They evaluated the impact of
relationships between cohabiting individuals on the over-
all active occupancy probability. The authors developed a
higher-order Markov method where multiple probability
transition matrices were generated according to the existing

state duration. Aerts et al. [39], [40] presented a methodol-
ogy to identify ‘typical occupancy patterns’ from Belgian
time-use data by using hierarchical clustering. These pat-
terns were used to calibrate a three-state probabilistic model
(absent, asleep, and at home or awake) to generate individual
daily and yearly occupancy sequences. However, none of
the above methods include a detailed set of parameters to
assess behavior differences. This, in turn, has limited the
analysis of individuals characteristics to age, gender, income
and employment status. Consequently, it can be deduced
that although some higher-orderMarkov-basedmethods have
been proposed, there are still lacks in the representation of
state duration, mainly related to occupant-specific behavior
variations and multimodal duration distributions generation.

In addition, existing occupant behavior models have other
limitations that must be addressed to enable a more reliable
residential occupancy and activity prediction. For the simu-
lation of behavior in multi-person households, most of the
approaches have treated users as independent agents, which
does not reflect actual human behavior in dwellings. In real
life, occupants interact and thus, they can perform activities
together. Accuracy in modeling such forms of interaction
can significantly impact the simulation of load curves since
energy consumption changes according to whether or not
occupants share appliances. It should be noted that seasonal
effects and long absence periods due to holidays and illness
are additional concerns with occupancy modeling that have
not been adequately studied. This can be partially associated
with limited information available in the surveys. Generally,
surveys supply daily data of respondents and skip information
of all inhabitants and longer periods.

B. CONTRIBUTION
This paper aims to address the aforementioned issues related
to designing a model capable of describing occupancy state
duration while incorporating occupancy variability among
individuals. Literature shows that the hazard-based model is
a suitable approach for dealing with these concerns since it
is able to capture duration-dependent transition probabilities
and incorporate exogenous variables [41]. In fact, this method
has proved its potential for applications such as windows
opening and closing behavior modeling [42], activity-travel
modeling, as well as in-home and out-of-home activity gen-
eration [19]. Accordingly, we present an explicit-duration
probabilistic model that combines the semi-parametric Cox
proportional hazardsmodel (Cox regression) and the discrete-
time Markov chain theory in order to effectively handle the
challenges, faced in this study. Cox regression is a technique
that at each time step estimates a state chances of making
transition according to its duration up to that time [43]. This
method is normally used for survival analysis. Moreover,
unlike parametric models, the proportional hazards approach
does not restrict the hazard function shape to a particu-
lar distribution. Furthermore, this method allows the hazard
function to consider several explanatory variables and thus,
enables the model to include behavior variability.
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Additionally, regarding the diversity of individuals’ char-
acteristics, a parametric analysis is performed to assess
their impact on the model capability to represent occupancy
variability. Besides, a variance-based analysis and a back-
ward elimination technique are used to identify the most
statistically significant parameters of the proposed model.
Moreover, an improvement of the approach, proposed by
Wilke et al., [33] is presented. This improvement seeks to
overcome the limitations of the Weibull distribution to fit the
multimodal characteristic of duration data. In order to achieve
this ambition, we utilize a Gaussian mixture model (GMM)
along with a silhouette analysis. Hence, it is possible to
automatically identify the number of clusters of each duration
distribution in order to represent them as normally distributed
sub-populations.

C. OUTLINE
In Section II, the time-use survey data, employed to calibrate
the model, is described. Section III presents the proba-
bilistic model, proposed to predict realistic occupancy pro-
files. Section IV explains the utilized parametric analysis.
Section V describes the validation process and benchmarks
the model performance with other approaches, proposed in
the literature. In Section VI, the results and future prospects
are discussed. Finally, the conclusions are presented in
Section VII.

II. TIME-USE SURVEY DATA
This paper focuses on domestic occupancymodeling by using
national time-use survey (TUS) data. In particular, the cal-
ibration process of the proposed model is performed based
on the Canada TUS data from April 2015 to April 2016,
supplied by Statistics Canada [44]. This survey comprises a
sample size of 15,390 respondents of a target population that
includes all persons, aged 15 years old or more in Canada.
Each individual diary provides a detailed record of a wide
variety of daily activities and their devoted time, location,
and other participants (except for the respondent). In this
survey, the diary starts at 4:00 AMwith a list of 266 activities.
The survey presents information of up to three simultaneous
activities. In addition, it provides information about percep-
tions of time, unpaid work periods, well-being, paid work and
education time, cultural and sports activities, transportation,
as well as numerous socio-demographic characteristics.

A. OCCUPANCY PATTERNS DIFFERENTIATION
In order to represent variability and stochastic nature of
the occupancy, a set of characteristics, defined by x =
{x1, x2, . . . , xM } are used to describes each individual.
As presented in TABLE 1, these characteristics include per-
sonal information about the respondent (including age, occu-
pation, and marital status), the family composition, and the
household.

Individuals’ characteristics enable the model to capture
the occupancy variability of populations with different socio-
demographic features. As illustrated in FIGURE 1, the

FIGURE 1. Occupancy patterns differentiation.

TABLE 1. Individuals characteristics.

probability of an individual’s presence at home (notwith-
standing the activity he/she performs) is different regarding
the targeted sub-population. Furthermore, the time-varying
nature of behavior is observed according to the hour of the
day, the weekday, and the month of the year.

B. CENSORED DATA
Since the duration is taken from one-day diaries, information
about the episodes that last until the end of the diary day
(4 AM) is incomplete. This can be due to the fact that these
episodes probably last for additional time and thus, their exact
duration is unknown (right-censored observations). Accord-
ingly, these events, considered as censored date, are identified
and included in the estimation of the transition probabilities.

Different statistical methods such as complete-data anal-
ysis, imputation approach, and dichotomized data-bases
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analysis are commonly used to deal with censored data [45].
However, likelihood-based strategies like Kaplan-Meier esti-
mator and Cox-regression have been promoted as effective
methods that can handle all available information, whether it
presents censored data.

III. MODELING APPROACH
The proposed approach to modeling residential occupant
behavior consists of a non-homogeneous semi-Markov pro-
cess (NHSMP)2 to predict individuals’ occupancy profiles
according to temporal information (e.g., hour, weekday, and
month) and socio-demographic characteristics.

A. EXPLICIT-DURATION PROBABILISTIC MODEL
Individual occupancy sequences are generated through a two-
state probabilistic model that produces daily profiles with a
time-resolution of 10 min. Occupancy profile is represented
by the vector Ez = [z1, z2, . . . , zN ] with a length of N = 144.
This profile can be represented by a finite-state machine
(FSM) with two possible states s = {0, 1}. In discrete-time
k = 1, 2, . . . ,N , the occupancy state, zk is zero when the
machine is at the ‘‘absence’’ state and one when it remains
in the ‘‘presence’’state. Therefore, by using the chain rule,
the probability of the sequence P(Ez) can be described in terms
of conditional probabilities, expressed by:

P(Ez) = P(z1) P(z2|z1) P(z3|z2, z1) . . . P(zN |zN−1, . . . , z1)

(1)

Since equation 1 covers occupancy profile dynamic, its
calculation becomes a complicated challenge if the current
state of the machine has a long dependency on its previ-
ous state. Consequently, the dimension of the conditional
laws becomes too large when the sequence lengthens. How-
ever, the development of approximations and the adoption
of hypotheses that reduce the history of states sequence can
bring the problem to an affordable dimension. Accordingly,
a hypothesis of medium-term independence is introduced in
order to truncate the calcul of P(Ez). Such hypothesis implies
that the probability of changing a state depends on the current
state and its duration, explained by,

P(zk+1|zk , zk−1, . . . , z2, z1) = P(zk+1|zk , dk ) (2)

By applying this hypothesis, the sequence of states, Ez can
be represented as a Semi-Markov or explicit duration process
P(zk+1|zk , dk ), in which the duration, dk is considered as an
incremental counter, restarted (dk = 1) when a transition is
made (zk+1 6= zk ). In this study, the system has only two
states. Therefore, when a transition must be made, the new
state, zk+1 is selected in a deterministic manner. By apply-
ing Bayes’ theorem and chain rule to the expression on the
right side of the equation 2, the transition probability can be

2A non-homogeneous semi-Markov process (NHSMP) is a generalization
of Markov chains and the renewal process, where transition probability
between states are time-varying and depend on sojourn times.

defined as,

P(zk+1 | zk , dk ) =
P(dk | zk+1, zk ) P(zk+1 | zk )

P(dk | zk )
(3)

When estimating the transition probability, two situations
can occur. These cases account for state change, expressed
by equation (4), or state preserve, defined by equation (5),
as below.

P(zk+1 6= s|zk = s, dk = d ′) (4)

P(zk+1 = s|zk = s, dk = d ′) (5)

These two situations are mutually exclusive. As a result,
by analyzing the circumstance inwhich a change in state takes
place (according to the literature [46], [47]), the expressions
on the right side of equation 3 can be reformulated as,

P(dk = d ′ | zk+1 6= s, zk = s) = f (d ′ | θs) (6)

P(zk+1 6= s | zk = s) =
1

E [dk = d ′ | zk+1 6= s, zk = s]
(7)

P(dk = d ′ | zk = s) =
S
(
d ′ | θs

)
E [dk = d ′ | zk+1 6= s, zk = s]

(8)

where f (dk = d ′ | θs) is the state duration probability,
S
(
dk = d ′ | θs

)
is the survival function, associated with state

s, E
[
dk = d ′ | zk+1 6= s, zk = s

]
is the mathematical expec-

tation of state duration distribution, and θs is a set of param-
eters, related to state duration distribution.

Consequently, by combining equations (3) and (6)-(8),
the probability of transition between states can be described
by,

P(zk+1|zk = s, dk = d ′) =

{
h(d ′ | θs) if zk+1 6= s
1− h(d ′ | θs) otherwise

(9)

where h(d ′ | θs) is the discrete hazard function of state s,
which can be expressed as,

h(d ′ | θs) =
f (d ′ | θs)
S(d ′ | θs)

= 1−
S(d ′ + 1 | θs)
S(d ′ | θs)

(10)

Besides, time dependency is an important factor in human
behavior modeling. For this reason, temporal information is
included to the model by calculating the hazard function in
hourly intervals t ∈ [0, 1, . . . , 23]. Accordingly, the model
parameters, θ are affected not only by the state s, but also by
the time of day t . This results in a hazard function with the
form h(d ′ | θ ts ).

In order to include occupancy variability in the model,
we must evaluate the impact of individuals’ characteristics
(covariates) on the hazard function. Accordingly, we use
the Cox proportional hazard model (Cox regression). This
semi-parametric method allows to estimate the relationship
between the hazard rate and the explanatory variables with-
out any assumptions about the shape of the baseline hazard
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FIGURE 2. Survival and hazard function variability.

function [43], based on,

h(d ′ | x, θ ts ) = h(d ′ | φx,ts ) = h0(d ′ | t, s)eβ(x,t,s)x
′

(11)

where h0(d ′ | t, s) is a non-parametric baseline hazard func-
tion, which relates to the value of the hazard when all covari-
ates are zero (x = 0), eβ(x,t,s)x

′

is a duration-independent
function to represent the effect of the individuals’ character-
istics, and φ represents the parameters of the hazard function
φ = {h0,β}. FIGURE 2 shows ten randomly selected indi-
viduals’ survival and hazard functions for absence periods
between 4 and 5 AM. It can be observed that individuals
3 and 9 are the ones with the highest and lowest transition
probability, respectively. Periods of absence that begin in this
time range are likely to last for 9 to 10 hours. Thereafter,
their related transition probability increases considerably.
In fact, this figure is an example to depict the heterogeneity
of survival functions that promotes the computation of the
hazard function of each individual. This calculation can be
handled by Cox-regression methods since they can integrate
the influence of exogenous variables (individuals character-
istics) on transition probabilities and consequently, lead to
more realistic occupancy profiles.

From (11), the conditional transition probability for the
two-state FSM can be explained by matrixM :

M =
[
1− h(d ′ | φx,t0 ) h(d ′ | φx,t0 )
h(d ′ | φx,t1 ) 1− h(d ′ | φx,t1 )

]
(12)

where h(d ′ | φx,t0 ) and h(d ′ | φx,t1 ) are the hazard rates when
s = 0 and 1, respectively.

B. SIMULATION PROCESS
In order to illustrate the dynamic of the two-state machine,
used for the generation of the individual occupancy profiles,

Algorithm 1 Occupancy Profile Generation
Input: Individuals characteristics: x1, x2, . . . , xM
Output: Discrete state sequence: z1, z2, . . . , zN

1 begin
2 sampling z1 ∼ [π0, π1]
3 initialize d1 = 1
4 for k=2,3,. . . ,N do
5 sampling τk ∼ Bern(h(d = dk−1 | φ

x,tk
zk−1 ))

6 update zk = zk−1 ⊕ τk
7 update dk = (1− τk )dk−1 + 1
8 end
9 end

the pseudo-code of the simulation process is presented in
Algorithm 1. In this algorithm, the transition signal, τk ∈
{0, 1} is sampled in every time-step from a Bernoulli distri-
bution with α = h(d ′ | φx,tkzk−1 ) (see line 5 of the Algorithm 1).
According to this transition signal, the algorithm (i) updates
the occupancy state, zk by using an XOR function, and (ii)
restarts the counter, dk , which determines the elapsed time in
each state.

Once the simulation process is completed, a general ver-
ification of the model performance is carried out.3 Hence,
the model capacity to describe the occupancy of the whole
TUS population is analyzed. FIGURE 3(a) presents a com-
parison between overall presence probabilities that have been
obtained from the survey and the simulation data. This Figure
shows the proposed approach effectiveness to represent the
population’s behavior.

Furthermore, the model capability to describe the duration
of the system states has been analyzed. FIGURE 3(b) indi-
cates a comparison between cumulative probability functions
(CDF) of absence duration at 6 am. Although in this case,
the distribution of duration follows a bimodal shape, the pro-
posed approach is able to adequately reproduce its related
pattern.

C. PERFORMANCE INDICATORS
In the following sections of the article, the performance of
the model is evaluated and compared with other existing
approaches in the literature by using the following metrics.

1) Mean absolute error (MAE): This metric is used to
determine the model capability to represent the average
occupancy state of different populations. TheMAE can
be expressed as,

MAE =
1
N

N∑
k=1

∣∣∣P̄mods (k)− P̄tuss (k)
∣∣∣ (13)

3A detailed analysis of the results and their comparison with other
approaches, presented in the literature, are discussed in Section V
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FIGURE 3. Simulation results for all the survey population.

where P̄mods (k) and P̄tuss (k) are average probabilities
of the state s at time-step k , derived from the model
simulation and the TUS data, respectively.

2) First-Wasserstein distance: Also known as Earth
mover’s distance (EMD), thismetric assesses themodel
ability to represent the duration of the occupancy states.
This indicator is defined by,

W1 =

144∑
d=1

∣∣∣Dmods (d)− Dtuss (d)
∣∣∣ (14)

where, Dmods (d) and Dtuss (d) are CDFs of duration of
the state s, derived from the the model simulation and
the TUS data, respectively.

IV. PARAMETRIC ANALYSIS
Considering the diversity of individuals’ characteristics, pro-
vided by the survey, a global sensitivity analysis (GSA) is
performed. GSA makes it possible to quantify each char-
acteristic contribution to the model output variability. As a
result, the most important input variables of the model can
be identified. The GSA is conducted by exploiting variance-
based and regression methods.

A. VARIANCE-BASED ANALYSIS
Variance-based methods evaluate the impact of model input
variability on the uncertainty of its output. Therefore, given
a model with the form y = f (x1, x2, . . . , xM ), the first-order
Sobol’ index is employed to quantify the relative contribution
of xi to the uncertainty of y, while excluding the interaction
effect of other parameters. Additionally, the total effect index
is used to evaluate the total effect of xi considering its inter-

action with all others parameters. These two steps are carried
out by (15) and (16), respectively,

Si =
Vxi
(
Ex∼i (y | xi)

)
V (y)

(15)

STi =
Ex∼i

(
Vxi (y | x∼i)

)
V (y)

= 1−
Vx∼i

(
Exi (y | x∼i)

)
V (y)

(16)

where V and E denote the variance and expected value oper-
ators, respectively, xi stands for the i-th characteristic and the
set x∼i contains all input variables except for xi.
FIGURE 4 presents the result of the sensitivity analysis,

performed on 10 trials of 45000 samples. The results, shown
by FIGURE 4(a), evidence that most characteristics have
first-order sensitivity between 4 AM and 5 PM. This coin-
cides with the period of the day during which the variation
in occupancy is the highest due to activities such as work-
ing or studying. Besides, it is observed that the characteristics
between x20 and x28 have a slightly higher sensitivity index,
which allows us to draw inferences about their significance.

Moreover, FIGURE 4(b) depicts that the total-index is
greater than the first-order index for all the characteristics.
This reveals that higher-order interactions exist between the
input variables. Although some characteristics do not have
high importance individually, their interaction with other
inputs can impact the model performance.

In addition, FIGURE 5 presents the results of the sensitiv-
ity analysis without differentiating between the time of day.
It can be noticed that both first-order and total-order indexes
can identify some important characteristics for modeling such
as x23, x27, x28, x5 and x25.

B. REGRESSION ANALYSIS
Regression methods assist with obtaining a model whose
output is described by a linear combination of its input
parameters. Therefore, the regression coefficient of a given
characteristic can be considered as a sensitivity measure [48].
Backward elimination is the regression technique that has
been used in this study. It is applied to eachmodel through the
following steps. Initially, each model is calibrated by using
all the variables. Afterwards, the variable with the highest
p−value is identified and compared with a significance level,
α = 0.05. If p−value > α, the variable is eliminated and the
model is re-calibratedwith the remaining characteristics. This
process is repeated until all the input variables have p−value
lower than α.

TABLE 2 summarizes the ten most important model char-
acteristics according to the results of the feature selection
process. It can be noted that these features are consistent
with the ones, captured by the variance-basedmethod. In fact,
the age, (x5) and the main activity of respondent, (x23) can
be presented as the two most important characteristics. Con-
versely, x8 and x10 can be reported as the least significant
input variables.

VOLUME 9, 2021 38193



L. Rueda et al.: Probabilistic Model to Predict Household Occupancy Profiles for Home Energy Management Applications

FIGURE 4. Mean estimation with 45000 samples from 10 retrials of first-order and total-order Sobol’ indexes.

FIGURE 5. First-order and total-order Sobol’ indexes without
differentiation between time of day.

In order to verify the impact of the feature selection on the
model performance, a comparison has been made between
the model, fitted with the full set of characteristics and the
one, obtained from the feature selection process. In order
to reduce the risk of overfitting, a k-fold cross-validation
technique has been utilized. Accordingly, the TUS data set
has been divided into k = 10 subsets with equal sizes. For
each subset, the individuals have been chosen randomly based
on a uniform probability distribution. These subsets have

TABLE 2. Most significant individuals’ characteristics.

been divided into one validation set and k − 1 training sets to
calibrate the model. This process has been repeated k times
for a different validation set at each time.

The comparison results, presented in FIGURE 6, show
that the backward elimination method has not substantially
affected the model performance. Furthermore, it has reduced
the number of model parameters from 1344 to 220 with-
out jeopardizing the model effectiveness in explaining sub-
populations’ occupancy variability. It should be noted since
two hazard functions (one for the presence and one for
the absence) have been used for every hour, the resultant
reduction is notable.

V. VALIDATION
The proposed model is validated by comparing its perfor-
mance with the following methods, which have been studied
in the literature.

1) First-order Markov model: This method has the
Markov property and thus, it presents a system in
which, the transition probability between the states
only depends on the current state. In this model,
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FIGURE 6. Comparison of the model performance with and without the
feature selection phase.

the transition probabilities are calibrated at hourly
intervals and behavior variability between individuals
is integrated by using a logistic regression, defined by,

p(x, t, s) =
1

1+ e−(β0(x,t,s)+β1(x,t,s)x1+···+βM (x,t,s)xM )

(17)

where x is the vector of the individuals’ characteristics,
t presents the hour of the day, and s stands for the
system state.
Afterwards, to perform a simulation with a 10-minute
time step, the Chapman-Kolmogorov equation is
employed [36]. In this way, ten-minutes transition
matrices can be computed based on the previously
calculated hourly matrices (M10 min = M1/6

t ). Hence,
the transition between the system states can be
explained by the matrixM as,

M =
[
1− p(x, k, s = 0) p(x, k, s = 0)
p(x, k, s = 1) 1− p(x, k, s = 1)

]
(18)

The simulation process, used for the first-orderMarkov
model, is described by the pseudo-code in Algorithm 2.
Therefore, the system state at time instant k is deter-
mined according to the transition signal τk . This signal
is generated at every step of the simulation by sampling
from a Bernoulli distribution with α = p(x, k, zk−1).

2) Duration ranges model: This model is an improve-
ment to the first-order Markov model based on Flett’s
approach [34], [38]. It is a time-dependent higher-order
Markov model that generates multiple probability tran-
sition matrices in accordance with the duration, dk of
the existing state (equation (19)).
Therefore, the transition probability, used to evaluate
the occurrence of a state transition, not only varies over
time k but also depends on the duration of the current
state. In this model, the system state, zk and duration, dk
are updated according to the estimated transition signal,
τk (see Algorithm 3).

Algorithm 2 First-Order Markov Model
Input: Individuals characteristics: x1, x2, . . . , xM
Output: Discrete state sequence: z1, z2, . . . , zN

1 begin
2 sampling z1[π0, π1]
3 initialise k = 1
4 for k = 2, 3, . . . ,N do
5 sampling τk ∼ Bern(p(x, k, zk−1))
6 update zk = zk−1 ⊕ τk
7 end
8 end

Algorithm 3 Duration Ranges Model
Input: Individual characteristics: x1, x2, . . . , xM
Output: Discrete state sequence: z1, z2, . . . , zN

1 begin
2 sampling z1[π0, π1]
3 initialise d1 = 1
4 for k = 2, 3, . . . ,N do
5 if dk ≤ 12 then
6 sampling τk ∼ Bern(p0-2(x, k, zk−1))
7 else if 12 < dk ≤ 24 then
8 sampling τk ∼ Bern(p2-4(x, k, zk−1))
9 else if 24 < dk ≤ 36 then
10 sampling τk ∼ Bern(p4-6(x, k, zk−1))
11 else if 36 < dk ≤ 48 then
12 sampling τk ∼ Bern(p6-8(x, k, zk−1))
13 else
14 sampling τk ∼ Bern(p8+ (x, k, zk−1))
15 end
16 update zk = zk−1 ⊕ τk
17 update dk = (1− τk )dk−1 + 1
18 end
19 end

p(x, k, s | dk ) =



p0-2(x, k, s) if dk ≤ 2 hrs
p2-4(x, k, s) if 2 < dk ≤ 4 hrs
p4-6(x, k, s) if 4 < dk ≤ 6 hrs
p6-8(x, k, s) if 6 < dk ≤ 8 hrs
p8+ (x, k, s) if dk > 8 hrs

(19)

3) Event model: It is a probabilistic model, in which
transitions between states are estimated by drawing a
duration,1k from the corresponding probability distri-
bution function (PDF) of duration f (d | θx,ts ). In order
to estimate individual-dependent PDFs, a binary tree
structure is used to split duration data according
to a chosen set of individuals’ characteristics. The
selected characteristics explain a significant statistical
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Algorithm 4 Event Model
Input: Individuals characteristics: x1, x2, . . . , xM
Output: Discrete state sequence: z1, z2, . . . , zN

1 begin
2 sampling z1[π0, π1]
3 initialise s = z1
4 initialise k = 1
5 while k ≤ N do
6 sampling 1k ∼ f (d | θx,tks )
7 update z[k:k+1k] = s
8 update s = s⊕ 1
9 update k = k +1k + 1

10 end
11 end

difference between the subgroups’ average duration,
obtained in the branches at the end of the tree (more
details can be found in [33], [36]). As a result, each
individual corresponds only to one of the distinct sub-
sets at the bottom of the tree. Afterwards, the PDFs are
fitted at hourly intervals (t ∈ [0, 1, . . . , 23]) by using a
Weibull distribution, defined by,

f (d | θx,ts ) = e
−

(
d

α(x,t,s)

)β(x,t,s)
− e
−

(
d+1
α(x,t,s)

)β(x,t,s)
(20)

where θx,ts represents the scale and shape parameters of
the Weibull distribution.
As illustrated in Algorithm 4, once a transition occurs
at time-step k , the duration 1k of the new state is
estimated (row 6). Therefore, a deterministic process
takes place between k and k + 1k , where the state of
the system remains unchanged (row 7). Once the simu-
lation reaches the time-step k+1k , the system is forced
to change the state (row 8) and update the k value.

4) Improved event model: As discussed above, the event
model use a binary tree structure to divide the duration
data in order to estimate individual-dependent PDFs.
However, as stated in the literature [37], the Weibull
distribution has limitations in capturing the multimodal
character of duration data. Accordingly, we propose the
utilization of Gaussian Mixture Model (GMM) instead
of Weibull distribution. GMM assists with a better rep-
resentation of duration with multimodal shape. There-
fore, the PDFs can be represented as the summation of
several normal distributions N (d | µi, σi), expressed
by,

f (d | θx,ts ) =
K∑
i=1

φiN (d | µi(x, t, s), σi(x, t, s))

(21)

=

K∑
i=1

φiN
(
d | ϕx,ti,s

)
(22)

Algorithm 5 Improved Event Model
Input: Individuals characteristics: x1, x2, . . . , xM
Output: Discrete state sequence: z1, z2, . . . , zN

1 begin
2 sampling z1[π0, π1]
3 initialise s = z1
4 initialise k = 1
5 while k ≤ N do

6 update i = mini
(∑K

i′=1 pi′
)
≥ r

7 sampling 1k ∼ φiN
(
d | ϕx,tki,s

)
8 update z[k:k+1k] = s
9 update s = s⊕ 1

10 update k = k +1k + 1
11 end
12 end

where K is the number of clusters, estimated by the
silhiutte method,4 ϕx,ti,s represents the mean µi(x, t, s)
and the variance σi(x, t, s) of the ith component, and
φi presents the mixture component weight, which must
satisfy the condition

∑K
i=1 φi = 1.

Additionally, as a part of the simulation process (see
Algorithm 5), it is necessary to determine the probabil-
ity that an individual belongs to a given cluster. This
probability can be estimated from (22) through,

pi =
φiN

(
d | ϕx,ti,s

)
∑K

i=1 φiN
(
d | ϕx,ti,s

) , for i ∈ [1,K ] (23)

where pi is a vector of dimension K in which each
element indicates the probability that an individual
belongs to a cluster.
As illustrated in Algorithm 5, once a transition occurs
at time-step k , each individual is assigned to one of
the clusters, defined by the GMM. In order to do
this, the vector pi is compared with the uniformly
distributed random variable r ∈ [0, 1] (row 6).
Subsequently, according to the duration probability
distribution (φiN

(
d | ϕx,ti,s

)
), associated to the selected

cluster, the duration 1k of the new state is estimated
(row 7). Afterwards, the current occupancy state is
maintained from k to k + 1k (row 8). Once this
simulation step is reached, the occupancy state changes
and the simulation step k is updated.

A. WHOLE POPULATION
To validate the proposed approach, a comparison is initially
made by evaluating the models performance in estimating
the overall presence probability. The results, presented in

4The silhiutte method [49] allows to identify the appropriate number of
distributions (clusters) in a clustering analysis.
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FIGURE 7. Comparison of duration distribution representation.

TABLE 3. Summary of the performance comparison of whole population
occupancy predictions by the utilized models.

TABLE 3, show that among the baseline approaches, the first-
order model has the best accuracy in estimating the presence
probability of individuals. However, the duration range and
event models can improve the first-order model performance
in explaining the duration distribution of the occupancy states
by up to 20%.

TABLE 3 indicates that the proposed model can outper-
form other approaches and reduce the error in estimating
both the presence probability and the duration distribution
by up to 56% and 34%, respectively. Furthermore, it can be
observed that the recommended improvement to the event
model, presented byWilke et al. [33], has yielded a reduction
of up to 50% in the MAE. This reduction has resulted in a
performance close to that achieved by the proposed explicit
duration model.

Moreover, FIGURE 7 presents a comparison of the
duration distribution errors according to the time of day.
FIGURE 7(a) and FIGURE 7(b) show that compared to other
techniques, the proposed model and the improved event
model have achieved better performances in both presence
and absence duration probability estimation. This proves

the capability of these methods to efficiently evaluate
events duration even in cases with multimodal distribution
(FIGURE 7(d)). It should be noted that during different times
of day, the performance of all models is similar. In fact,
this similarity occurs when distributions have an exponential
shape (FIGURE 7(c)).

B. SUB-POPULATION
Moreover, the models performance has been compared to
realize their ability to explain the behavior of different indi-
viduals’ sub-populations. The results of this comparison are
presented in TABLE 4. It can be observed that the proposed
approach and the improved event model result in a more
accurate representation of sub-populations’ occupancy pat-
terns. Particularly, the proposed approach can accomplish an
improvement of up to 55% and 29% in representing both
the presence probability and the duration distribution of sub-
populations, respectively.

FIGURE 8 provides an example that shows the capability
of the model to represent the variability of occupancy pro-
files among different sub-populations. For this purpose, four
groups of individuals with significantly different occupancy
patterns have been selected.

VI. DISCUSSION AND FUTURE PROSPECTS
A new probabilistic approach to modeling household occu-
pancy has been proposed. It has been validated through a
comparison with other techniques, reported in the litera-
ture. The results, obtained in Section V, demonstrate that
the hazard-based model provides an appropriate methodol-
ogy for modeling household occupancy. The comparative
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TABLE 4. Performance comparison in sub-populations’ occupancy prediction.

FIGURE 8. Simulation results of the occupancy patterns of some
individuals sub-populations.

study validates that the proposed method is more accurate in
examining the duration distribution of occupancy states. Fur-
thermore, it has higher efficiency in representing occupancy
variability among sub-populations. It should be noted that
the cross-validation analysis has been also employed since
it can help reduce the overfitting risk and preserve the model
generalization capability.

Additionally, the event model proposed byWilke et al. [33]
has been improved by adding a GMM. In fact, the inclusion of
this clustering method is advantageous since it has improved
theMAE performance by up to 50%with respect to the initial
model. Moreover, the improved event model has yielded a
performance comparable to the proposed explicit duration
approach.

Besides, the results of the parametric analysis, performed
in Section IV, show that the parameter selection for model
calibration is important to achieve an adequate representation
of the occupancy variability. It should be mentioned that
some of the selected parameters such as age, employment
status (main activity), dwelling type, income, and weekdays

(TABLE 2) are consistent with those mentioned in previous
studies [33], [34], [39]. Indeed, the utilized feature selec-
tion procedure can reduce the model complexity and result
in a baseline for other researchers. This baseline can help
i) formulate the most relevant questions to conduct a survey
and ii) select the most appropriate variables for occupancy
model calibration. Nevertheless, it should be noted that the
parameters of interest can change according to the application
context and the accuracy requirements.

Moreover, the robustness of the model is another topic
to study in order to provide a more rigorous and detailed
performance analysis. For this goal, the consistency of the
model outcomes under significant variations of input data
can be examined. The Monte Carlo simulation method can
be used to perform such practice. Furthermore, the bound-
ary of the prediction variance can be explored since input
variables, explaining human behavior, have stochastic nature.
Estimating the error of every single occupancy profile can be
another concern to study. This is due to the fact that perfor-
mance indicators usually explain the model ability to present
the average behavior of a population. However, the primary
output of occupancy models (including the one presented in
this paper) is a time-series profile per individual. According
to this issue, the consistency of the generated profiles consid-
ering the original ones can be also evaluated.

The number of the states of the proposed model can vary
from two to N . This is beneficial to applications such as
occupant activities prediction as an exercise that can signif-
icantly influence the performance of bottom-up models for
electrical energy consumption and generation. Our approach
can be also used to model household members interactions.
For this purpose, the development of a multi-agent system
with a leader has been advised in literature [31]. In such a
system, the leader is an independent agent who conditions
other agents’ behavior according to their current state. On the
other side, the integration of holidays, vacations, and seasons
into the occupancy model is another aspect that requires
significant consideration in order to generate annual profiles.

Moreover, the analysis of prolonged absences and inter-
actions between occupants should be considered, albeit lim-
itations related to surveys data. The model adaptability is
another concern with regard to this type of data. Although
TUS are useful methods for explaining occupants behavior,
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the models, offered by them, are not adoptable due to the
static nature of the data. Accordingly, the use of in-situ
measurements based on the fusion of environmental sensors
has been promoted as an efficient and cost-effective alterna-
tive to model real-life occupants behavior [10]. This assists
with analyzing changes in occupants’ habits and lifestyles
as well as the influence of external factors such as weather.
Furthermore, it can be used to evaluate the impact of behav-
ioral information on actual energy management applications.
Nevertheless, a future research direction can use surveys
information as prior knowledge to speed up the convergence
of algorithms and improve their accuracy.

VII. CONCLUSION
This paper presents an explicit-duration probabilistic model
to predict individuals’ occupancy profiles in their dwellings.
The purpose of this work is to provide an approach that
allows a more accurate representation of residential occu-
pancy, which is significantly important to enhance the per-
formance, design, and simulation of buildings. In this study,
the influence of socio-demographic characteristics on model
performance has been analyzed through a parametric method.
As a result, the most significant individuals’ characteristics
has been identified that allows for using a reduced set of
variables to develop the model. In this way, it is possible
to reduce the complexity of the model without affecting its
accuracy in predicting occupancy profiles. Besides, the effec-
tiveness of the proposed model has been thoroughly exam-
ined within a comparative study. This study demonstrates
that the recommended approach is able to reduce the error
in describing both the presence probability and the duration
distribution by up to 56% and 34%, respectively. The utilized
method and the parametric analysis are applicable to other
TUS and indoor activities prediction exercises. Furthermore,
an event model, studied in the literature, has been improved
in this study by using GMM. The suggested improvement has
reduced the MAE of this model by up to 50% and made it
competitive with the proposed explicit-duration probabilistic
model. Literature has highlighted occupancy and occupant
behavior as crucial factors in improving building energy per-
formance. Indeed, several works have demonstrated that a
significant amount of energy can be saved by adopting occu-
pancy and activity-based control strategies. Therefore, a com-
prehensive analysis of residential energy-saving potentials
based on these control strategies can bring about interesting
subjects for future research. In this regard, providing realistic
occupancy profiles becomes a primary concern to analyze
the behavior diversity among people. The explicit-duration
probabilistic model, presented in this article, is favored as an
efficient method to address this issue.
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