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Abstract

This study presents a stochastic Markov-based modeling framework for occupant behav-
ior and residential lighting demand in Luxembourg. Integrating demographic data, time-
use surveys, Markov chains, and dual-layer optimization, the model enhances the accu-
racy of non-HVAC energy demand simulations. The Harmonized European Time Use
Surveys (HETUS) provide a detailed activity-based energy modeling approach, while
Bayesian and constraint-based optimization improve data calibration and reduce model-
ing uncertainties. A Luxembourg-specific stochastic load profile generator links occupant
activities to energy loads, incorporating occupancy patterns and daylight illuminance cal-
culations. This study quantifies lighting demand variations across household types, vali-
dating results against empirical TUS data with a low mean squared error (MSE) and a
minor deviation of +3.42% from EU residential lighting demand standards. Findings show
that activity-aware dimming can reduce lighting demand by 30%, while price-based dim-
ming achieves a 21.60% reduction in power demand. The proposed approach provides
data-driven insights for energy-efficient residential lighting management, supporting sus-
tainable energy policies and household-level optimization.

Keywords: stochastic occupant modelling; Markov chains; time-use surveys; residential
energy consumption; energy efficiency strategies

1. Introduction

More countries are trying to modify their energy systems to emit less greenhouse
gases and run more sustainably, while still the global effort to combat climate change re-
mains a critical concern. According to estimates, the building sector, comprising residen-
tial and commercial buildings, contributes a great deal to global consumption of energy
and carbon emissions. In fact, buildings have been reported to account for an alarming
39% of all energy-related carbon emissions. In that percentage, the operational emissions
from energy needed to heat, cool, and power the building make up the bulk, 28%, whereas
the remaining 11% is contributed by materials and construction [1]. This significant effect
underlines the necessity for action toward transforming built environments. Conse-
quently, policy responses are oriented towards frameworks that focus on energy effi-
ciency and sustainability [2]. Correspondingly, the European Union (EU) is committed to
ambitious climate and energy targets in this regard. The EU has already enacted a

Energies 2025, 18, 5133

https://doi.org/10.3390/en18195133



Energies 2025, 18, 5133

2 of 35

greenhouse gas emission cut of at least 55% before 2030, in the context of its “Fit for 55”
package, in contrast to 1990 levels, and a long-term goal is achieving climate neutrality by
2050 [3]. Attaining this goal will be supported by an EU building code encouraging energy
effectiveness in buildings and forwarding an approach of net-zero energy buildings
(nZEB) across the member states [4]. Each EU member country formulated its local, tailor-
made action plans for the building sector aligned with different national conditions and
tailored strategies meeting specific economic, climatic, and social contexts indigenous to
each country. Decarbonization activities are targeted toward the introduction of renewa-
ble energy, electrification, and demand-side management (DSM) as primary strategies to
meet these goals [2-5].

1.1. A Brief Review of Luxembourg’s Efforts in Residential Energy Efficiency and Sustainability

As a member of the European Union, Luxembourg is focused on regional energy ob-
jectives to alleviate households as well as making them as energy efficient as possible [6,7].
Public administration renovations would constantly involve the largest gap in the energy
efficiency of existing building stock. Therefore, the government has acted to fast-track the
renovation and to introduce smart technologies [8,9]. These are part and parcel of the fu-
ture competition and climate-neutral economy [6,7,9,10]. In addition, Luxembourg has
taken forward steps and introduced very strict laws to ensure that all new building con-
struction must be nZEB compliant. A reflection of this commitment is “The Luxembourg
Regulation on Building Energy Efficiency Update of June 2021,” which stipulates strict
energy efficiency and decarbonized-heated systems, mostly heat pumps, for all new build-
ings [6]. The edict has changed since 2007 for houses and from 2010 for functional build-
ings, and this offers Luxembourg the luxury of positioning itself at the head of the pack
in energy-efficient construction in Europe [6,7,9]. Recent statistics state that residential
buildings consume about 21% of general energy consumption in the country [9]. For Lux-
embourg, the most important energy efficiency scheme is the Energy Efficiency Obligation
Scheme (EEOS) [6], which was one of the strategic initiatives from Luxembourg to impart
on energy efficiency. The scheme was established in 2015 and requires specific energy
savings target achievements from energy suppliers. The cumulative energy savings target
envisioned through the EEOS for the time period 2021-2030 is 42.54 GWh, or approxi-
mately 87.3% of the average final energy consumption in the country per the figures of
2016, 2017, and 2018 [6]. The “Klimabonus Wunnen” program, like the EEOS, incentivizes
energy-efficient renovations in homes. The “Klimabonus Wunnen” program is a scheme
offering financial incentives for energy-efficient renovations of residential buildings. It en-
courages homeowners to switch from fossil to renewable energy sources and improve the
efficiency of their buildings [6]. An important aspect of the scheme is the introduction of
pre-financing for climate subsidies, which just means citizens only pay for the portion of
the investment that is not funded through the subsidy, thus making renovations easy,
particularly for property owners who may not have the upfront capital necessary [6].
However, in addition to regulatory measures, understanding the behavior and energy us-
age patterns of household residents is crucial to designing effective, tailored policies
[11,12]. In Luxembourg, besides other efforts, various initiatives have been developed to
include building occupants in taking energy efficiency actions; one of the more prominent
initiatives is the “LetzPower” project. Enabling residential consumers to have access to
dynamic real-time energy data, including hourly prices and emission factors,
“LetzPower” therefore empowers citizens to optimize their energy usage and align this
with renewable generation, such as wind power. It reduces carbon footprints but, most
importantly, instills a culture of informed and sustainable decision-making among con-
sumers [13,14]. Effective policies for the energy transition require occupant-centric
knowledge to bridge critical gaps in understanding residential energy behaviors.
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Technologies of metering and monitoring can provide insights into “how much” energy
is used but not “why” or “how”, and thus, they leave large blind spots in household hab-
its, socioeconomic characteristics, and the stochastic nature of energy use. This challenge
is even more difficult because of privacy concerns and poor access to granular utility data,
especially in Luxembourg, where most studies have been based on aggregated data or
technical metrics, ignoring occupant-driven subtle energy behaviors [15,16]. The goal of
achieving energy-efficient buildings in Luxembourg poses serious challenges due to a lack
of holistic understanding in residential energy behaviors [6,7,9]. To tackle these issues, it
becomes pertinent to have accurate modeling of household energy use that integrates di-
verse and dynamic habits of occupants. Accordingly, the next sub-section elaborates on
how occupants can create energy demands and emphasizes on the role of behavior in
energy simulation strategies.

1.2. The Role of Occupants in Building Energy Management

Continuing from the previous section, it will be important to note that in addition to
the regulations, the occupant’s behavior is also crucial in formulating practical energy ef-
ficiency measures. Optimizing energy efficiency increasingly depends on the habits of oc-
cupants within the buildings [17]. Actions such adjusting of thermostats [18,19], opening
window panes [20-22], or appliances’ usage [23,24], have their immediate effect on heat-
ing, ventilation, and air conditioning, indoor air quality, and energy consumption. The
variability and unpredictability of occupant behaviors pose significant challenges for en-
ergy modeling and management, as they greatly influence the demands for heating, cool-
ing, lighting, and ventilation [25]. Therefore, accurate simulation of such activities is a
necessity for effective energy optimization [26]. Advanced sensing technology and real-
time data-collecting gadgets could contribute to maximum understanding of the states
and behavior of occupancy, while machine learning and stochastic approaches provide
better predictions of these activities, resulting in more accurate simulation for energy
management and better outcomes [11,21,27,28]. Moreover, integrating physiological and
psychological aspects into simulations ensures that occupant comfort and satisfaction
have been adequately sorted or taken into account [11]. As an example, including behav-
ioral nuance gives more realistic consideration of conditions in simulation, enabling dy-
namic system adjustments that balance energy efficiency and occupant well-being [29,30].
Table 1 below compares three major modeling techniques: Stochastic Models, Determin-
istic Models, and Agent-Based Modelling (ABM). These techniques differ significantly in
terms of complexity, predictability, data requirements, realism, general use cases, and
computational burden, as well as their applicability across various scenarios. Determinis-
tic models offer a simpler approach with low complexity and computational demands
[31,32]. Fixed assumptions and schedules make such models capable of producing pre-
dictable results, which support simple simulation and building code compliance [32]. De-
terministic models require minimal data and are thus efficient in computation, but they
cannot formalize the dynamic, subtle interactions of occupants with their environment
[32].

At a moderate to high complexity, stochastic models are designed to yield a number
of different outcomes as a result of the incorporation of random elements [11,33]. These
models, however, are the best at capturing occupant behavior’s variability and uncer-
tainty and are therefore realistic [11,29,30,33]. The stochastic model consumes lots of data
and also calls for intensive computation, hence limiting its practicality in certain situations
[11].
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Table 1. Comparison of Occupant Behavior Modelling Methods [11,32].

Aspect Deterministic Models Stochastic Models Agent-Based Modelling

Complexity Low Moderate to High High
G t f
Predictability Fixed outcomes enerates a fange o Dynamic interactions
outcomes
Data Require-
ata Require Low High Moderate to High
ments
Realism Moderate High Very High
Common Use Basic and code compli- Sensitivity analysis, Interaction-heavy sce-
Cases ance DSM narios
Computational ) .
Effort Low High Very High

Agent-based modeling (or ABM) is the most advanced and realistic modeling ap-
proach that simulates dynamic interactions between individual occupants and their envi-
ronment [31,34]. It is highly realistic and covers different scenarios, but this would be
achieved ideally in situations where occupants interact in a very complex way, such as
during emergency evacuations or using spaces collaboratively [31]. Even though the
above statements perhaps give a hint of the lengthiness of the required data and compu-
tational input, it can be possible that it may be resource-intensive for usage [31,34]. Choos-
ing a modeling approach also depends on the simulation’s goals and limitations. For this
work, we attempt to justify and utilize stochastic approaches to model occupant behavior,
bringing in elements of inherent variability and uncertainty from what people do. By sto-
chastic modelling, we aim to capture some of the more important contributions of occu-
pant actions to variability regarding the energy performance of buildings while keeping
the computational complexity manageable.

1.3. Relevant Studies

Stochastic models proffer reliable forecasts for building energy primarily predicated
on occupancy behavior patterns. Most stochastic approaches (see Table 2) use Markov
chains, which are the basic modelling approaches for occupancy behavior [35-38]. These
methods have been well employed to construct high-resolution domestic activity and en-
ergy demand profiles, exploiting Time Use Survey (TUS) data to offer realistic represen-
tations of occupancy states [33]. Hence, the models not only represent daily variations and
differentiate between and among different houses but also activity patterns through sim-
ulating probable transitions among the possible behavioral states [39]. The simplicity of
the computation of Markov Chains makes them effective in capturing the stochasticity
and time dependency associated with the behavior of the occupants [11,37,39]. TUS has
also found a marked utility in stochastic models, particularly those involving Markov
chains, as evidenced in the ample literature [40]. Markov chains apply probabilities of
transition to emulate changes in behavioral states over time, while time-use data serve as
the prime resource to calibrate these probabilities [11,40]. Capturing the detailed temporal
pattern of daily activity, TUS is instrumental in creating models that simulate occupant
behavior, including periods of activity, inactivity, and absence [12,33].
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Table 2. Summary of key studies on residential occupancy modelling and energy applications.

Unique
Titl Y Applicati h
itle ear  Country pplication Method Contribution
Typical occupancy profiles and behaviors .
in residential buildings in the United 2020 United Occupancy Probabilistic U-S. homes o
States schedules ergy modeling
States [41]
Stochastic bottom-up load profile genera-
L - -HVACI1
tor for Canadian households’ electricity 2023 Canada oa.d PTO Markov Chains Non-HV ,C oad
files modeling
demand [33]
Room.—level occupancy simulation model 2020 Denmark Room-level Hidden Markov Flfle—gral.ned
for private households [38] patterns Models simulation
Four-state domestic bulldmg occupancy 2018 United King-  Occupancy Markov Chains Four-sta.te simu-
model for energy demand simulations [35] dom states lation
A S_to.chas.tlc MOfiel for Residential User 2020 Denmark  User activity Markov Chains TUS data se-
Activity Simulation [39] quences
A method for the identification and mod-
elling of reahst.lc cliomestlc occupancy se- Belgium Realistic pat- Hlerard‘ucal Da.uly con-
quences for building energy demand sim- terns Clustering sistency
ulations and peer comparison [42]
A high-temporal resolution residential
building occupancy model to generate . . . L
King- H 1 h -
high-temporal resolution heating load 2020 United King eatmg oad Markov Chains Stoc asjac diver
. . dom profiles sity
profiles of occupancy-integrated arche-
types [43]
hastic simulation of e
Stochastic st ation o occupant c%rwen United Energy us- Markov Chains ATUS data inte-
energy use in a bottom-up residential 2022 States ave + Samplin ration
building stock model [37] & ping &
The Effect of Temporal Resolution on the
Accuracy of Predicting Building Occupant United King- ~ Temporal . Prediction accu-
17 h
behavior based on Markov Chain Models 20 dom resolution Markov Chains racy
[44]
Demand response included
From buildings to cities: How household Demand re I}I:E;it hz:z(;_
demographics shape demand response 2024 Canada Markov Chains yP
. sponse demand re-
and energy consumption [12]
sponse
Data-driven modelling of energy demand . Prediction of the
. Australia Demand re- . ,
response behavior based on a large-scale 2021 Markov Chains  households’ re-
(SGSC data) sponse

residential trial [45]

sponse behavior

The TUS incorporates socio-demographic data such as age, income level, employ-

ment status, household size, and education level [40]. Social demographics in the TUS

model energy-related behavior differences, for instance, household income differences,

that exist within populations, for example, between low-income and high-income house-
holds [11,33,40,46]. One study uses American Time Use Survey (ATUS) data-based mod-
els that focus on occupancy schedules and occupant-driven energy simulations for city

and national scales. The models are based on Markov chains and probabilistic methods

that enable large-scale residential stock energy analysis within the United States [37,41].

Other studies integrated Canadian TUS data into stochastic load profile models of varying

household archetypes [12,33]. These studies focus on lighting and domestic shower
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energy consumption, excluding energy used for space heating, such as cool or warm air
[12,33]. For fine-grained predictions of space transitions and activity patterns at room lev-
els, Danish TUS data are supplemented with Hidden Markov Models (HMM) in their de-
velopment [38]. An example is undertaken in Belgium: TUS datasets have also been put
to use for developing daily-to-day occupancy sequences with the intent of ensuring con-
sistency in predictions for energy modeling through hierarchical clustering as proposed
in [42]. Research in the United Kingdom shows examples of the applications that have
been developed for state-transition modeling with Markov Chains (as in the Four-State
Occupancy Model) and shows studies on the impact of temporal resolution for model
accuracies for heating load and activity pattern simulations [35,43]. TUS are therefore an
important set of data because they are regularly updated [40], thus ensuring that they
would be valuable and useful for any research [11,40]. In addition, their national repre-
sentative nature provides availabilities from a range of population categories, thereby pre-
senting samples that can capture a considerable application area [5,21,35,36]. It spans var-
ious fields, including public health, transport, and economics, utilizing the data derived
from the TUS [5]. It also enabled new applications such as demand flexibility modeling,
mega cultural trend extrapolation studies, and energy policy formulation [12,33,46]. A
common observation in the referenced studies is the simplification of the number of occu-
pant states in modeling (normally reducing the number of states), often aimed at reducing
the complexity of the analysis.

Markov chains and TUS data have also been used in the literature to support demand
response. A mathematical model based on the Canadian profile generator was developed
that looks at how household characteristics, among other factors, influence energy use
and demand response [12]. It was also demonstrated how household diversity affects en-
ergy utilization, load cutting, and the advantages of the energy efficiency program. Fur-
thermore, the Smart Grid Smart City (SGSC) trial, which was a large-scale trial project in
Australia, was used to model DR participation by predicting household responses with
the application of machine learning technology and stressing significant features and time
series relations, thus highlighting the drivers of DR participation and enhancing program
design through predictive models [45]. The socio-demographic data captured in TUS help
in developing realistic, high-resolution simulations of daily activities that can be con-
verted into energy. With its efficiency in capturing occupant behavior variability, Markov
chains make the parties (households or energy providers) amenable to energy modeling,
demand-side management, and energy policy decisions across the globe. But the use of
this technique in measuring DR potential and residential power load flexibility is still
fairly exploratory, probably because it requires too much data.

1.4. Research Contributions

The current study aims to close several gaps that exist in stochastic occupant model-
ing and for a more realistic DR and energy efficiency activities evaluation by combining a
number of demographic datasets with stochastic models (Markov chain). The research
enables the development of targeted energy strategies and paves the way for more inclu-
sive, precise, and effective demand-side management practices. Important gaps include:

1. Most occupant modeling approaches reduce the number of occupant states. Even
though such a simplification reduces the complexity of the computations involved, it
decreases the possibility to formulate advanced power management strategies based
on detailed, activity-based prioritization. Simplified models might fail in energy con-
sumption optimization while cooking or during leisure activities, hence reducing
their applicability and effectiveness. Therefore, such models may not handle complex
energy needs of various occupant activities and hence provide less efficiency in gen-
eral power management.
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Contribution of the study:

Our primary contribution is a novel dual-layer optimization framework that en-
hances the behavioral realism of TUS-driven occupant profiles. The first layer uses Bayes-
ian calibration to improve data alignment, while the second, constraint-based optimiza-
tion layer enforces empirical time-use boundaries (e.g., plausible sleep or work durations).
This integrated approach improves the accuracy of the generated profiles while maintain-
ing the computational tractability of the Markov chain framework, addressing a key lim-
itation of prior models.

2. Few studies have explored the compatibility of TUS data with demand response (DR)
and energy efficiency strategies, despite TUS being one of the most promising re-
sources for advancing occupant modeling. This gap underscores the need for further
research to fully characterize and design effective DR programs that harness the full
potential of TUS data.

Contribution of the Study:

To address this gap, this study implements and analyzes several DR and energy effi-
ciency programs using TUS data. The performance of these strategies in bridging the de-
mand-supply gap of energy consumption is evaluated in conjunction with TUS-based oc-
cupant modeling. Especially with strategies like peak load period management and activ-
ity prioritization that match well with the developed model. Activity prioritization in-
volves using lighting only during necessary activity and minimizing the energy use for
nonessential activities to prioritize efficiently using TUS-derived activity patterns.

3. Studies in Luxembourg have measured energy program participation by household
type, ignoring the demographic and behavioral heterogeneity underlying energy
consumption. Moreover, no comprehensive study in the literature creates a stochas-
tic load profile generator that ties TUS data to final energy loads using available open-
access data sources in Luxembourg. This gap shows the need for tailored, occupant-
centric models that can precisely capture the complexities of residential energy be-
haviors in the region.

Contribution of the Study:

Our study tries to develop a holistic framework for the stochastic load profile gener-
ator by mapping occupant activities to final energy loads using open-access data for Lux-
embourg in Harmonized European Time Use Surveys (HETUS). We provide a Luxem-
bourg-specific, data-driven method to improve local energy modeling accuracy.

4. Our motivation for this research is to come up with a method of simplifying the con-
straints required so that TUS data can be directly loaded into a Markov-based model.
Most conventional means of establishing stochastic occupant profiles with Markov
chains showcase many demerits, like lack of flexibility to accommodate varying oc-
cupant behavior and extremely laborious manual intervention to match with real-
world data.

Contribution of the Study:

Our contribution addresses this gap by introducing a dual-layer optimization ap-
proach that integrates with Markov-based models. By incorporating transition probability
calibration and constraint-based optimization, our method enhances both data alignment
with observed TUS patterns and behavioral realism in occupant profiles. This approach
reduces the need for extensive manual adjustments, improves the model’s adaptability to
varying occupant behaviors, and maintains computational efficiency.

1.5. Scope of the Work

This study develops a stochastic framework for modelling occupant behaviors and
energy demand, focusing on residential buildings in Luxembourg and lighting power
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demand. We define the work scope and our initial assumption to define a clear work
structure and give reader a true view about expected results and interpretation of devel-
oped method and results:

e This work builds upon the methodologies of three seminal manuscripts [12,33,37] that
address similar concepts and research questions, representing the forefront of
knowledge in this field. While inspired by these studies, we have provided detailed
explanations of all assumptions, methods, and results to ensure transparency and
originality.

e The term “stochasticity” in this context refers to the inherent variability in occupant
behaviours over time, capturing day-to-day and week-to-week fluctuations. By em-
ploying a stochastic model, we can effectively represent both temporal variability and
household heterogeneity, ensuring a more realistic depiction of behavioral dynamics,
while accounting for demographic influences where applicable.

e For the validation of power consumption, we referenced reported measured data
from Eurostat [47] for annual lighting power demand across various countries, as well
as available data specific to Luxembourg. Following established validation methods
in the literature, we utilized average values to align with the assumptions underlying
our stochastic simulation framework.

e For the application of the proposed stochastic model, we focus on lighting power de-
mand modelling in residential buildings. The model accounts for different lighting
technologies, including LED, CFL, and incandescent bulbs, each with distinct energy
consumption characteristics. To evaluate potential energy-saving opportunities, we
investigate two energy efficiency measures: reducing lighting power based on occu-
pant activities and daylight availability and dimming based on electricity price sig-
nals.

e The applied household typology and demographic representation is in line with the
existing literature, we define five major household types to capture the diversity of
residential living arrangements in Luxembourg. To ensure accurate representation,
we utilize data from the Luxembourgish census to estimate the relative share of each
household type within the population.

¢ We maintain relying on measured data from HETUS for Luxembourg and look to
avoid self-assumptions when determining occupant behavior.

The rest of this work is structured as follows. Section 2 provides details about the
applied datasets and essential definitions. Section 3 outlines the methodology, including
the stochastic approach and DR strategies. Section 4 discusses the results obtained, and in
Section 5 we will discuss the methodology, results, and work limitations. Section 6 draws
conclusions of the main outcomes of this paper.

2. Harmonized European Time Use Surveys

The Harmonized European Time Use Surveys (HETUSs), in this study, are a proce-
dure that is used in order to get information on what people are doing each day [48].
Through sketches, questionnaires, or interviews, HETUS acquires systematic data on ac-
tivities such as personal care, occupation, recreation, housework, and travelling. These
polls are used to understand human behavior, socio-economic trends, and lifestyle mod-
els, thus being a greatly important tool for sociology, economics, and urban planning in-
vestigations [33]. HETUS captures activity duration (spent time) and initiation time (start
time), providing a structured view of daily routines [5].
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2.1. Activity Classification and Coding Logic for Time Use Analysis

The actual activity of classification for time use analysis is a systematic activity and a
hierarchical one: it attempts to bring about universal cross-comparability across datasets
in terms of thematic alignment and consistency [5]. The activity classification made in
“Detailed activity taxonomy for time use classification” (see Table S1) is derived from a
framework complete in the sense of capturing all human activities in a structured manner.

HETUS classifies daily activities into broad themes like personal care, work, house-
hold tasks, and leisure, ensuring consistency across datasets (see Table S2) [5,48]. For ex-
ample, the bulk activities category includes essential activities like “Sleeping” (AC01) and
“Personal grooming” (ACO0). In the household and family care category, activities like
“Dishwashing” (AC31A), “Ironing” (AC331), and “Childcare” comprise (AC38A, AC38B)
[5]. Each of the categories in the high-level taxonomy is made such that it groups activities
meaningfully and coherently:

e “Personal care except eating” includes activities dedicated to self-care, excluding food
consumption. Tasks such as grooming, hygiene, and sleeping reflect foundational as-
pects of personal maintenance.

e “Eating” represents a single, essential activity focused solely on food consumption,
highlighting its central role in daily life.

e “Work and study” encompass professional and academic pursuits, including employ-
ment tasks, studying, and related travel. These activities share a structured purpose,
emphasizing their role in skill development and socio-economic engagement.

e “Household and family care and related travel” groups activities aimed at managing
and maintaining households, supporting family members, and associated mobility.
Tasks such as cleaning, shopping, childcare, and related travel reflect the breadth of
household responsibilities.

e “Leisure, social and associative life except TV and video” highlights recreational ac-
tivities, hobbies, and cultural participation that do not involve television. It includes
active and social pursuits such as sports, games, and visiting with friends, showcasing
the diverse ways people engage in leisure.

e “Television and video” is a distinct category focused exclusively on screen-based en-
tertainment, reflecting its unique role in modern recreational habits.

e “Travel to/from work/study” includes commuting and academic travel, emphasizing
the functional purpose of mobility in daily routines.

e “Unspecified time use and travel” serves as a flexible grouping for undefined activi-
ties or ambiguous time use, ensuring comprehensive coverage of all recorded tasks.

2.2. Applied Datasets Overview

Continuing from Section 2.1, the discussed HETUS categories are available for differ-
ent demographic groups in the HUTUS framework. These groups are presented in Table
3. Households are classified based on size, employment status, and education levels, en-
suring demographic representation in the model.

Table 3. Demographic Categories: Household Composition, Employment, Education, and Age

Groups [5].
Household & Family Composition Employment Status Education Age Groups
Person from 25 to 44 with no
le 4 4 with
Couple 5,t0 64 with no children (parents’ house- Students Primary education (level 1) Age 15-20
children hold)

Couple 45 with no chil- Person—25 with no children

dren

Lower secondary educa-
Full-time workers y

(parents” household) tion (level 2) Age 2044
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Couple +65 with no chil-
dren

Couple with youngest
child—6

Couple with youngest Person +65, Not married and

child between 7 and 17
Single parent with
youngest child —18

Person from 45 to 64 years Upper secondary & post-
old, not married and no chil- Part-time workers secondary non-tertiary (3 ~ Age 45-64
dren & 4)
Person—45 in Not married First stage tertiary educa-
H k Age 45-64
and no children omemakers tion (level 5A) ge 45-6
. Second stage tertiary edu-
Retired Age 65
no children etre cation (level 6) ge oo
Unemployed First stage tertiary educa-

tion (level 5B)

2.3. Luxembourg CENCUS Owverview

The 2021 census in Luxembourg revealed significant trends in employment and eco-
nomic activity [49]. Among the 591,630 respondents, 48.5% were employed, up from
43.2% in 2011, indicating a relatively active labor market. Employment among those aged
15-64 rose from 63.8% to 72.3%, with higher rates for males (51.9%) than females (45.2%)
[49]. Most young adults (15-24 years) remain students, with less than a third working,
while nearly 90% of those aged 25-49 are employed. Employment drops to 63.1% for the
50-64 age group, with 22.8% retired [49,50]. Retires now constitute 19.5% of the popula-
tion, up from 13.2% in 2011, reflecting an aging population. The number of households
increased by 20% since 2011, with couples being the predominant structure [50]. Based on
available reports and data, households in Luxembourg were grouped into five categories:
Single Working (28.4%), Couple Working (18.7%), Family Working (26.4%), Single Retired
(17.4%), and Couple Retired (9.1%) [50,51]. This refined distribution accurately reflects the
relationship between employment status and household composition and will be used in
the subsequent energy analysis [49,50]. This refined distribution accurately represents the
interplay of employment status and household composition in Luxembourg. These house-
hold categories will be used in the energy analysis later.

3. Methodological Workflow

The methodology begins with data gathering, processing, and clustering (Section 1
in Figure 1). Data is collected from Eurostat, HETUS, and census sources, including prob-
ability matrices, time spent, and demographic details [5]. This data is harmonized to en-
sure consistent formatting, followed by classification of time-use survey data into the eight
major HETUS activity groups.

Key household types are identified to define occupant clusters. The process continues
with stochastic occupant profile generation, where a profile generator is developed based
on time-use survey data (Section 2 in Figure 1). The time structure and steps for analysis
are established, and the Transition Probability Matrix (TPM) is initialized. A cost function
is designed to align synthetic probability data with observed data, and TPM values are
iteratively refined to improve accuracy. Occupant profiles are generated, and probability
matrices are extracted to calculate Mean Squared Error (MSE). If the MSE meets the re-
quired threshold, the process concludes; otherwise, the loop continues with further TPM
adjustments until validation is achieved. The final phase involves modelling lighting and
energy efficiency measures (Section 3 in Figure 1). Daylight data is integrated, and base-
line lighting demand is defined for different household types. Dimming strategies are im-
plemented based on household characteristics and dynamic electricity price signals (see
Section 3.4). The methodology concludes with an assessment of energy efficiency, evalu-
ating the impact of occupant participation in energy-saving programs. As shown in Figure
1, Sections 1 and 2 have been conducted in MATLAB [51], and we have used IDA ICE
(EQUA) [52] for Section 3.
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Figure 1. Framework for Stochastic Occupant Modeling and Energy Demand Simulation.

3.1. Stochastic Modeling of Occupant Behavior Using Transition Probability Matrices

The model household activities using TUS are among the activities defined as follows
by eight activity categories (see Table S2). A finite set of domestic actions S =
{51,532, ..., Sg}. An activity has to be defined in time-dependent terms and represented as a
discrete time series for the tracking of the activities [27]. Activities here are states that can
be tracked over time to study user behavior. This necessitates using the Markov chain
models, which involve discrete states with associated probabilities for the transitions be-
tween states. Markov chains are indeed important from a statistical point of view in mod-
eling a stochastic process applied in such a course. The future state of the system relies
solely on the present and does not consider the events that preceded it; this is known as
the Markov property, which makes Markov chains wonderful and effective in building
modeling in applications predicting users’ behavior [17,27,28,42]. Markov chains gener-
ally predict occupant presence in buildings [33,53]. Moving now to the case at hand, the
state-transition probability will be defined as:

P(Sks1 = J | S, = i) = Py(k) D

Here

Sk: The current state at time step k.

Sk+1: The state at the next time step k + 1.

P;j(k): The conditional probability of transitioning from state i tostate j at time step

Next state Sy.;, depends solely on the present state S, and shows independence
concerning all prior states. This property is encapsulated in a transition probability matrix
(TPM), a square matrix of dimensions N X N, where N is the number of possible states.
Each entry P;j(k) in the matrix represents the probability of transitioning from state i to
state j at time step k. he rows of the matrix represent the current states, while the col-
umns represent the possible next states [35,39].



Energies 2025, 18, 5133

12 of 35

Piy(k) Pip(k) - Piy(k)
P(k) = : : (2)
Pyi(k) Pyy(k) - Pyy(k)
Each row sum needs to be 1:
YaPjk)y=1Vi (3)

If there are 3 states, as (51, S,, S3), the TPM might look like this:

Py (k)  Pip(k)  Pis(k)
P(k) = |Py1(k) Pp(k) Pps(k) 4)
P3y(k)  P3y(k)  Ps3(k)

For example,

06 01 0.3
P(k) = [0.2 0.7 0.1]
04 04 02

Here:
- Py;(k) =0.6: Probability of staying in S,
- Pj(k) =0.3: Probability of transitioning from S; to S,
- P;(k)=0.1: Probability of transitioning from S; to S,
-  Eachrowaddsuptol,eg,06+03+01=1.

For the sake of more clarification, considering a case involving two possible states,
that is, “sleeping” and “awake,” the transition probabilities Py aresicep(k) and
Psieep,awake (k) dictate the likelihood for a human to switch from one state to another at
time step k. If a person is in the “sleeping” state, there is some probability Pgeep aware (k)
that he/she transitions to the “awake” state in the next time interval. On the contrary,
again, with some probability Pgeep sieep (k) he/she remains in the “sleeping” state [39].
Simultaneously, if that is the only state, then also the probabilities of transitioning from
the current state of “awake” are captured. The transition probabilities Pgyqke sieep (k) and
Pawake.aware (k) quantify the likelihood of a person going from an “awake” state to a
“sleeping” state or of him/her still remaining in the “awake” state, respectively. These
transition probabilities are derived from observation data such as:
ngj (k)

n; (k)

where n;;(k) is the count of transitions from state i to state j at time step k, and n;(k)

Pij(k) = (5)

is the total occurrences of state i at time step k [39]. To address instances where certain
transitions are unobserved, leading to zero probabilities, Laplace smoothing is applied:

~ Tlij(k) +1

Pijgy = n(k) + N (6)

This process of transitioning between states is captured in the TPM, which organizes
all the probabilities of transitions between states at any given time step [33,35,39]. To esti-
mate the probability of transitioning from one state i to another state j at time step k +
1, we calculate the ratio of the number of times users transition from i to j(n;;(k + 1]k))
to the total number of times users were in state ii at time step k(n;(k)):

n; (k)

We used Bayesian updating using Dirichlet priors which is computationally efficient,

P(k) = @)

especially when transition counts are aggregated over time steps. The key formula for
modification is:
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n; (k) + g

Pyt = n; (k) + XN by ®)

where ;; is the prior parameter, representing the strength of prior belief in the transition
from i to j. This parameter controls the influence of prior information relative to the ob-
served data. Efficient Dirichlet-based calibration that updates transition probabilities
without heavy computational overhead. While Bayesian calibration aligns transition
probabilities with observed data, it does not inherently prevent the generation of unreal-
istic activity patterns. To address this, we incorporate Constraint-Based Optimization, lev-
eraging measured time spent on activities from HETUS to enforce behavioural plausibility
in the generated profiles. The optimization problem is formulated to adjust the sequence
of activities S = {S;,5,, ..., Sg} over applied time steps, ensuring compliance with empiri-
cal constraints. The objective is to minimize the deviation from the calibrated TPMs while
satisfying behavioral constraints:
T-1
min Y~ log(Py (k) +(s) ©)
k=1
The first term ensures that the generated sequences are statistically consistent with
the calibrated TPMs. i is the penalty function which represents constraint violations,
such as unrealistic sleep durations, excessive working hours, or implausible activity tran-
sitions.

T-1
Y(s) = Z max(O,LOl- - di(s)) + max (0,d;(s) — UP;) (10)
k=1

where d;(S) is the total time spent in activity, LO; and UP; are lower and upper bounds
from HETUS data. We can implement an Iterative Adjustment Algorithm, which gener-
ates initial profiles using calibrated TPMs. Then we check for constraint violations and
adjust transitions to modify transitions locally to reduce penalties (e.g., extend sleep by
shifting adjacent inactive periods). We repeat until convergence and stop when penalties
are minimized, or a maximum iteration count is reached. Although traditional stochastic
models with Markov chains often forgo optimization, this dual-layer approach strength-
ens both data alignment (via calibration) and behavioural realism (via constraints), all
while ensuring computational feasibility. Thus, framing it as a methodology with two in-
tegrated optimization layers is both accurate and methodologically sound.

3.2. Applied Clustering Method

Two very general approaches for clustering, k-means clustering and hierarchical
clustering, are used in the study. Both approaches process data into compact clusters or
homogeneous groupings of similar points, but they do so use different algorithms and
methodological considerations [54-56]. K-means clustering is one of the most invoked un-
supervised machine learning algorithms so far, which is supposed to segment the dataset
into kk different clusters. This algorithm initializes with kk random or heuristic methods
of cluster centroids. The core of the algorithm iterates into two main steps: assignment
and update. Assignment shows the criterion where every data point is assigned to the
nearest cluster centroid according to the given distance metric, such as squared Euclidean
distance. While in the update phase, the cluster centroid is redefined using the average of
all points belonging to that cluster [56]. This continues in alternate repetition until the
centroids have converged, indicating they no longer move significantly, or it reaches a
fixed number of iterated values. The K-means algorithm pursues the minimization of
Within Cluster Sum of Squares (WCSS), which is mathematically expressed as
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k

wess = Y ) =l (1)

i=1x €C;

where C; is the set of points in cluster i, y; is the centroid of cluster i, and ||x — p?|| is
the squared distance between a point x and its cluster centroid [56]. Hierarchical cluster-
ing, unlike the former, does not require the pre-specification of the number of clusters but
constructs a tree structure of clusters in a dendrogram [56]. Above all, there are two ways
to hierarchical cluster: agglomerative and divisive. In this type of clustering, the initial
scenario starts with a separate cluster for every data point. Then successively, the closest
two clusters are merged. This merger continues until a termination is met. For example,
in single linkage, a termination condition could be defined as maintaining an average min-
imum distance relationship between clusters [56]. In total linkage, the maximum distance
is maintained between clusters for termination. Average linkage relies on the distance be-
tween clusters being determined by the mean distance. Divisive clustering can be consid-
ered to run exactly the opposite of agglomerative clustering. It begins with all data points
present in a single cluster and recursively splits the clusters until every data point is in its
own individual cluster. The dendrogram is a representation of the actual clustering hier-
archy, and by cutting it at the appropriate level, one can extract the number of desired
clusters [56].

To analyze and decide on clustering outcomes from using the different methods, the
Silhouette Score is used [54-56]. The silhouette score for an individual data point quanti-
fies how well the point fits within its assigned cluster compared to the next closest cluster.
Mathematically, it is defined as:

b —ald)
s = max(a(i),b(i))

where a(i) is the average intra-cluster distance, and b(i) is the average nearest-cluster

(12)

distance. In principle, the silhouette score will fall between -1 and 1; thus, the nearer the
score is to 1, the more it indicates that the point is closely grouped within a well-defined
cluster; nearer to 0, it indicates that the point cannot be assigned easily; and negative in-
dicates that the point is probably placed in the wrong cluster [54-56]. This leads to meas-
urement of overall clustering performance, which is the average silhouette score across all
the data points:
1 n
Average Silhouette Score = EZS @) (13)
i=1

where n is the total number of data points, and s(i) is the silhouette score for point i.
The configuration with the highest Average Silhouette Score is considered optimal, as it
reflects the most cohesive and well-separated clusters. To ensure robustness, the cluster-
ing algorithm is replicated multiple times for each k, reducing the influence of random
initialization on the results. The silhouette plots for k = 2 to k =5 are generated to vis-
ualize the clustering quality and individual point assignments. Before applying K-means
or Hierarchical clustering, preprocessing is essential to ensure that all features are scaled
appropriately. In the dataset analyzed here, the features represent the time spent TS on
various activities for different groups [56]. Since the total time available for all activities
in a day is fixed at 1440 min, each activity’s time is normalized relative to this total. This
Feature Normalization is expressed as:

TS activity

Yy = ity 14
wiiviy) = Toal TS 4

Normalized (TS
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where TS, i, is the time spent on a specific activity, and Total TS is the total time avail-
able (1440 min). This normalization step ensures that all features lie within a comparable
range, eliminating potential biases caused by varying magnitudes of raw data and im-
proving the algorithm’s ability to identify meaningful patterns [56].

This feature matrix is constructed under consideration of a normalized dataset cor-
responding to each row of groups and each column denoting a normalized activity, and
then it is clustered by different configurations of K-means and hierarchical clustering [56].
For K-means with varying k, this is as follows: k takes values from 2 to 5. For a given k,
silhouette score is computed for every data point, and then average silhouette score is
calculated to evaluate clustering quality. The configuration with the maximal average sil-
houette score is selected then as the optimum number of clusters. To determine an appro-
priate number of clusters based on data structure, the dendrogram can be inspected for
hierarchical clustering [56].

3.3. Energy Consumption in Luxembourgish Households: Appliances, Lighting, and
Behavioral Insights

Based on occupancy status/activity and the irradiance annual profile [57] the present
study intends to make a stochastic model for household lighting demand estimation in-
spired by different lighting models in the literature [12,33]. Unlike traditional approaches,
which tend to lump states under very broad categories, like absence, active presence, and
inactive/sleeping, this model permits an elaborate classification of activities as state com-
ponents to correspond better with the diversity in occupants’ behavior. The defined states
are personal care except eating, eating, working and study; household and family care
and travel-related; leisure; social and associative life except TV and video; television and
video; travel to/from work/study; and unspecified time use and travel. Such differentia-
tion embraces the various contexts within which lighting usage occurs, thus simulating
more realistically household lighting demand in Luxembourg [5]. For purposes of this
study, lighting is assumed to be on when occupants are doing activities like eating, house-
hold and family care, leisure activities, or watching television and video. Electricity con-
sumed by light in Luxembourg would be among the lowest in the EU, with an average
value of 154 kWh for a dwelling per year, representing around 0.42 kWh per day. The
figures are remarkably below the EU average of 251 kWh per year. Low lighting consump-
tion in Luxembourg is due to the adoption of energy-efficient lighting technologies such
as LED, which have very few lighting hours as compared with the Nordic countries [47].
The average household energy consumption in Luxembourg by appliances is about 1800
kWh per year in terms of electricity and is precisely like the EU mean. This is in view of
how the impact of energy efficiency regulations in appliances has counterbalanced the
increasing number of appliances in households as well. When grouped with the 154-kWh
lighting-use figure, total electricity consumption for appliances and lighting comes to
roughly 1954 kWh per household annually in Luxembourg. Annual household electricity
consumption in Luxembourg typically falls between 3500 and 4000 kWh per year on av-
erage, while device-specific demand really varies with efficiencies and the dwellers” usage
behavior [47]. This falls in line with an average of 3586 kWh consumption of electricity in
2020 for households in Luxembourg, which is a —=10.03% decrease from 2010 (3986 kWh)
according to the European statistics agency Eurostat [47]. Lighting represents 9% of over-
all energy use and varied by bulb type, irradiance levels, and household occupancy pat-
terns [58].

3.4. Eenergy Efficiency Strategies

This study focuses on using voluntary energy-saving in managing lighting energy
consumption with/without dynamic pricing. It features methodologies predicated on pre-
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specified rules and fixed assumptions to affect consumer behavior towards minimizing
power demand, improving grid stability, and ensuring occupants” comfort. The assump-
tion that lighting is primarily used during activities such as eating, household care, and
leisure is a common simplification in residential energy modeling, as these activities are
most likely to require artificial illumination when daylight is insufficient.

3.4.1. Activity-Priority-Based Lighting Control

The method of activity-priority-based lighting control allows using light most during
critical activities such as dining or cooking while switching off or reduci