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Abstract 
Recently, many stochastic models have been proposed 
to better estimate the activities of occupants with the 
aim of reducing the discrepancy between estimated 
and actual energy consumption in residential 
buildings. However, these models are hybrid. They 
mix statistical data from different contexts that make 
them difficult to verify for a particular household. 
This contribution proposes a general approach, which 
takes into account particular contexts, to estimate 
contextualized activities, which denote activities in 
a specific household’s contexts. Specifically, a mobile 
application is developed to collect the information of 
activities from occupants in their house. Information 
Gain is used to determine major features from 
measured data and context information. Then, a 
consequences-based Bayesian Network (CBBN) with 
an expert structure is built to estimate contextualized 
occupant activities. Finally, a case study is presented 
with three activities cooking breakfast, cooking lunch, 
and cooking dinner. The results show that these 
activities are related not only to the time of a day but 
also to the movements of occupants and the usages 
of electrical appliances, which are involved frequently 
during these activities’ duration. 

Key Innovations 
• Contextualized activity estimation 

 

• Occupant modelling based on measurements 

 

Practical Implications 
Occupant contextualized activities are related not 
only to the time of day but also to contexts such  
as electrical appliances uses. Their impacts are not 
always similar and repeated, but they depend on 
both the time of the day and the the usages of 
appliances, which are strongly related to the contexts 
of the household. Contextualized occupant activities 
estimation could help to provide this information, 
which is limited in the statistical approach. During 
this estimation, some techniques should be used to 
determine necessary information, which is important 
to save budgets for sensors settings. 

Introduction 
In the recent years, many scientists focused on 
determining the factors having influences in energy 
performance in residential buildings. They explore 
and figure out the major issues leading to waste and 
uncertainty in the energy of residential buildings. 
Zaraket (2014)  stated  that  occupant  activities  
are factors having significant impacts on energy 
consumption in dwellings. Humans consume energy 
to satisfy their comfort and achieve their needs 
through daily activities such as cooking, cleaning, 
washing clothes, etc. Therefore, besides the building 
characteristics,  the energy of residential buildings  
is highly related to the profiles of occupants, their 
habits, and their activities. 

Occupant activities are important factors affecting 
building energy performance. The information on 
occupant activities helps buildings and their energy 
monitoring systems such as HVAC to work more 
realistically and efficiently. Jia et al. (2017) also 
presented three benefits of estimating and modeling 
occupant activities for energy simulation: more 
realistic, support to building systems control 
measures, improve performance and services to 
users. Besides, Guerra-Santin and Itard (2012); Jia 
et al. (2017) suggest  that  occupant  activity  is  
the major element explaining discrepancies between 
simulated and measured energy consumption. Better 
estimation in occupant activities can improve the 
energy estimation in building simulation tools, which 
is essential for the Building Energy Verification 
protocol. Moreover, Hong et al. (2017) also stated 
that occupant activity models could support building 
energy designers, modelers, operators, and managers 
to develop specific energy efficiency measures. 

Many models have been proposed to estimate 
occupant activities in residential buildings in recent 
years (Vorger, 2014;  Wilke  et  al.,  2013;  Tijani  
et al., 2015). The statistical models are the most 
popular models, which take into account occupants 
characteristics (age, job, etc.) and dwellings 
characteristics (building type, electrical appliances, 
etc.) to build activity profiles from survey data. 
However, these kinds of statistical model are hybrids 
because they mix data related to different  contexts 
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from many dwellings with different settings (rooms, 
activities, appliances, etc.), members, and habits. 
These models do not match specific households with a 
particular contexts, and they are particularly difficult 
to be verified. 

Consequently, it is interesting to have a model 
taking into account the contexts in estimating 
occupants’ activities in a specific context. Based  
on the state of the art (see Literature Review 
section), this contribution proposed a general 
approach using a graphical model, which is based 
on, not only measurements, but also a specific 
context, to estimate contextualized activities in a 
specific household. The context information helps  
to describe the list of activities, their locations, 
their involved appliances, etc. For each activity, the 
relevant features are selected based on the collected 
labels from occupants with the developed mobile 
application and measured data. Then, a Bayesian 
Network with a consequences-based structure is 
built to estimate this activity independently from 
the others (see Methodology section). The case 
study corresponds to an individual house, and 
results of the estimation of three discrete activities 
cooking breakfast, cooking lunch, and cooking dinner 
(see Implementation section). 

Literature Review 
In general, occupant activity models can be divided 
into five groups: predefined schedules, stochastic, 
data-driven, agent-based, and knowledge-based. 

In predefined schedules approach, the scenarios 
of the activities are scheduled and fixed for each 
thermal zone without considering the characteristics 
(house type, job, age, income, etc.) of households. 
These scenarios are determined based on standard 
conditions or statistical analysis of observations. 
These schedules are then repeatable for different 
households. However, these households’ preferences 
and characteristics are distinct, diverse, and they 
have significant impacts on occupants’ activities (Fabi 
et al., 2013). Therefore, predefined scenarios are 
insufficient for activity modelling. 

Stochastic approach aims to model activities 
taking into  account  the  various  characteristics  
of households. In this approach, based on the 
characteristics (gender, job, building type, etc.) of 
household, occupant activity profiles are determined 
from statistical data. These profiles are then used  
to generate and predict scenarios of activities. Wilke 
et al. (2013) proposed a stochastic model based    
on French time-use survey data to generate the 
profiles of 20 daily activities. In this model, 
occupants’ habits are represented by 3 types of 
time-dependent quantities (the probability to be at 
home, the conditional probability to start an activity 
whilst being at home,  the probability   distribution 

function for the duration of that activity) and the 
characteristics of the individual in the house are 
described through 41 candidate variables  (carer, 
day, healthy, gender, etc.).  Markov  chain  was 
then applied to estimate the transition probabilities 
between activities. In other research, Aerts (2015) 
derived realistic activity data in dwellings from the 
Belgian Time-use Survey and Household Budget 
Survey. The characteristics are represented by 6 
socio-economic features (age, type of day, type of 
dwelling, employment, gender, household size). Then, 
a model was built to estimate 9 activities based on 
their start distribution, duration distribution, and 
assignment probability. Recently, this approach is 
the most popular for activity estimation in energy 
simulation due to its flexibility and the increase of 
statistical data (Vorger, 2014; Aerts, 2015). However, 
the survey data contains the information of many 
dwellings with different contexts (habits, activity 
locations, appliances, etc.). Thus, these models are 
hybrid and not entirely sufficient to estimate, verify, 
and evaluate the energy impacts of contextualized 
activities, which are performed in a particular 
household with a specific context. 

Data-driven approach aims to determine the 
relationships between related variables based on 
measured data from sensors installed in residential 
buildings. In this approach, machine learning  
models such as Support Vector  Machine  (SVM) 
and Decision Tree  (DT) or deep learning model   
as Neural Network  are popular techniques. Zhou  
et al. (2014) used SVM to predict  activities  of 
using appliances and related electricity consumption. 
Alhamoud et al. (2015) applied DT to identify 
patterns of occupants’ activities (eating, watching, 
etc.) for energy consumption estimation and energy-
saving recommendation systems.  Because  of using 
measurements coming directly from the household, 
this approach takes into account its context to 
build models. It helps overcome the stochastic 
approach’s limitations of contextualized activities 
estimation, verification, and evaluations. However, 
data-driven is a deterministic black-box model, it 
does not provide human-understandable outputs 
and does not concern the variety of the activities, 
which come from the uncertainty of preferences and 
habits. Moreover, completely depending on data 
makes this approach difficult to integrate with 
expert knowledge, which is useful for many 
activities estimation. 

Agent-based  approach  aims   to   investigate 
the interactions between occupants-building and 
occupant-occupant through self-organization 
agents, which make the decision to achieve their 
predefined comfort. Kashif et al. (2013); Bonte et al. 
(2013) proposed agent-based models to simulate 
reactive/deliberate group activities taking into 
account personal characteristics. BRAHMS (Business 
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Re-design Agent-based Holistic Modeling System) 
language and 5W1H (Who, When, Where, What, 
Why, How) context were used to estimate activities 
scenarios for energy simulations and systems 
management strategies. However, agent-based 
models become  too  complex  when  the  number  
of agents increases because of the interaction 
network. Moreover, the diversity of characteristics, 
personality, and habits leads to the difficulty of 
defining the agents’ comfort, which is an important 
factor in agent-based systems. 

Knowledge-based approach aims to estimate 
occupants’ activities based on not only measurements 
but also expert knowledge through Bayesian Network 
(BN). It includes intuitive graphical representations 
of the uncertain relations among variables and  
their conditional dependencies via a directed edge. 
Hawarah et al. (2010) built a BN to predict the usage 
of the oven in cooking based on the expert structure 
of causal nodes (hour, type of day, month) and effect 
nodes (duration, energy). Tijani et al. (2015) also 
proposed a Dynamic Bayesian Network to predict the 
door movement in an office. The authors considered 
the periods of the year, the periods of the day, the 
calendar, visitors’ presence, occupants’ presence, the 
season, CO2 concentration, and past door movement 
as influential variables. BN is flexible and friendly for 
the human to understand. It leads to the advantages 
for the people to explain and validate the model. 
Moreover, the outputs of BN present the probabilistic 
of activities’ occurrences, which represent the variety 
and uncertainty of activities in dwellings. However, all 
studies focus on simple activities such as the usage 
of appliances, the actions of windows/doors or the 
presence of occupants in the buildings. 

Methodology 
Problem  statement 
Based on the section Literature  Review,  this  
study aims to estimate daily human  activities  
(cook breakfast, personal care, clothes-washing, 
sleep, absence, etc.) based on both measurement 
data and knowledge of the context in a specific 
household. In particular, a knowledge-based approach 
with Bayesian Network, which integrates both 
measurement and knowledge of contexts, is proposed 
to: 

• determine major information related to occupant 
activities. It is useful to save unnecessary sensors 
in measurement campaigns 

• estimate the probability that an occupant 
activity happens based on observed variables 
(measurements, context, etc.), in each period of 
time with specific buildings. For these buildings, 
it is useful for: 

– simulating the activities in energy 
simulation  for  verifying  and   evaluating 

the current energy performance. 
– detecting the activities for better operating 

systems.  It is also useful for increasing  
the data of occupant activity, which is 
necessary for analyzing and generating the 
activity profiles. 

General concept of contextualized activities 
Different activities can occur in the same room while 
an activity can be performed in different rooms.   
It is assumed that the impacts of a activity in 
different rooms are different. In addition, an activity 
could be done by many occupants while an occupant 
could also do many activities in a period of time  
(30 minutes, 1  hour,  etc.).  In  this  contribution, 
an activity (contextualized activity) is considered 
with specific household’s contexts (house, member, 
settings, etc.). It can be performed in several periods 
of the day (morning, afternoon, etc.), in a specific 
room, and causes energy impacts on the environment 
(temperature, humidity, etc.), on actions of doors, 
and also possibly on electricity consumption. 

The time of a day is divided into incremental time 
steps. Occupant activities are estimated in each 
time-step. The duration (15 minutes, 30 minutes,  
60 minutes, etc.) of the time-step is selected to be 
suitable for each activity and case study. 

Methodology of contextualized activity 
estimation 
The general methodology for activity estimation is 
shown in the Figure 1. 

 

Figure 1: Methodology of contextualized activity 
estimation 

 
To take into account the context, the methodology 
uses  both  measurement  and  the  knowledge     of 
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household. In  particular,  the  global  data  of 
model includes: measured data, context information 
and activities labels, which are collected through 
combination of different techniques as follows: 

• Measured data  is  collected  by  various 
basic sensors (temperature, humidity, motion, 
door/windows contact, power, etc.) installed in 
the house. 

• Context information includes a list of rooms, 
activities, and ”room-activity” relationships, 
which describe the rooms involved in particular 
activities, and the available electrical appliances. 
This information is collected at the household 
level through questionnaires. 

• Labels of activities are collected through 
household member level. To do it, a cross-
platform mobile application was developed to 
help occupants to provide their labels of 
activities. Each member  of  the  household  
can use this application to provide precise 
information about activities such as the times 
and the locations of activities. 

Then, based on the context information, sub-data, 
which is the part of data is used for an activity 
estimation, is then filtered from global data. After 
that, a graphical model is proposed with three main 
steps: 

1. Extraction of useful features of measurements: to 
extract useful information from measured data; 

2. Determination of useful measurements: to 
determine useful information with concerned 
activity; 

3. Consequences-based Bayesian Network (CBBN): 
to build Consequence-based Bayesian Network for 
activity estimation. 

determined based on expert thresholds. 
• Electricity consumption (C) of appliances: 

the patterns (off, standby, start using, stop 
using,   etc.)    of   electricity   consumption  
are determined by  clustering  methods  such  
as K-Means algorithm, Dynamic Time-Series 
Clustering. These patterns present the change of 
energy consumption within an time step. The 
number of patterns could be detected based   
on the knowledge or Elbow method with some 
metrics as Silhouette, Calinski Harabasz. 

• Habits (H) such as time of day, weekday are 
also considered as a features for the estimation 
of activity as they represent to the habits of 
occupants. 

Determination of useful measurements 
However,  many features are redundant and they  
do not provide useful information for the activity 
estimation. Removing them and keeping the most 
relevant features can help not only to reduce the 
noise in the model but also to save  the money     
for budget of sensors. Information Gain (IG) is a 
popular technique to evaluate the relevance between 
a feature and an activity. This technique is based on 
entropy (ENT) in information theory, which measures 
the disorder of the data. Specifically, IG estimates 
the reduction of labels’ impurity for each feature, 
the higher information gain is, the more important 
feature is.   For  a feature denoted by  the vector   
X = [x0, .., xn] with d unique values (d=1,2,...), and 
the labels of activity Y = [y0, .., yn] with m classes of 
labels (m = 2,3,...), n - the size of sample, p(x)- the 
percentage of x in the dataset. The formula of IG is 
defined as Equation 1: 

ENT (X) = − 
, 

p(xi) × log p(xi) 
Extraction of useful features of  measurements i=1 m (1) 

Many useful features do not appear clearly in the data 
and it is essential to extract them. This step aims  
to extract useful information from the variables in 
the dataset. In each time step, this information is 
determined based on expert knowledge and on the 
types of variables: 

• Environment impacts (E) such as 
temperature, humidity,  CO2:  the  average 
value and the difference compared to the 
previous time step and then divided into five 
levels (very low, low, medium, high, very high) 
based on expert thresholds. 

• Occupancy-related variables (O) such as 
motions, door/windows opening: three levels 
(no, short,  long) are defined for the duration  
of doors/windows opening. Besides, three levels 
(inactive, active, highly active) are also defined 
for the movement during the time step based  
on  the  number  of  motions.  These  levels are 

IG(X, Y ) = ENT (Y ) − p(y) × ENT (X|y) 
y=1 

 

Then, the k highest  Information  Gain  features  
are selected as best features to build the activity 
estimation model. k could be detected based on the 
knowledge or the constraint of experts such as the 
maximum number of sensors. 

Consequences-based Bayesian Network 
(CBBN) for activity estimation 
Bayesian Network (BN) is a graphical model 
including nodes and edges, which represents the 
cause-effect relationships (Xi → Xj ) between 
variables Xi and  Xj  (i  =  j). The  knowledge  
of BN is interpreted through two main elements: 
the structure of the network and the conditional 
probability tables. The network structure expresses 
the causal relationships Xi Xj , and the conditional 
probability table includes the prior  probability 
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p(Xi) and conditional probabilities p(Xj Xi) between 
variables. 

In this study, the network is built based on expert 
structure and on the conditional probability tables 
deduced from the data. Specifically, after features 
selection step, selected features are divided  into 
four types: environment impacts (E), electricity 
consumption (C), occupancy-related (O), and habits 
(H), which are mentioned in the section Extraction 
of useful features of measurements. We assumed that 
the human habits have influence in the decision of 
performing an activity and once an activity has been 
performed, it could take actions on doors/windows, 
cause effects such as electricity consumption or 
changes on the environment and these consequences 
are independent. From this assumption and the 
types of features, the consequences-based structure 
proposed for Bayesian Network is shown in the 
Figure 2. 

 

 

 

 

 

 
Figure 2: The structure of Consequences-based 
Bayesian Network (CBBN) for activity estimation 

 
The conditional probability that an activity A is 
performed given observed features is described in 
Equation 2: 

p(A|H) × p(E|A) × p(C|A) × p(O|A) 
p(H) p(E) p(C) p(O) 

(2) 

In each time  step  of  a  day,  the  activity  state 
a∗ is estimated by maximizing the probability as 
Equation 3. 

a∗ = argmax p(a H)   p(E a)   p(C a)   p(O a) (3) 
a∈{0,1} 

Implementation 
Case study 
The case study (Figure 3) is a detached house with 
five members in France. There are nine rooms (three 
bedrooms, two bathrooms, one kitchen, one meal 
room, one living room, and one laundry room) and 
14 daily activities (cooking, cleaning, personal care, 
studying, washing dishes, etc.) are considered. 

(Vorger, 2014) The dataset covers 82  weekdays  
(not weekends) from 01/09/2019 to 30/12/2019, 
except vacation days from 22/12/2019 to 26/12/2019. 
The labels of these activities in this period were 
collected  through  a  self-developed  cross-platform 

 

 
Figure 3: Plan of the house considered for the case 
study 

 

mobile application with the supports of household 
members. To balance between occupants’ comforts 
and duration of activities, 30-minutes is selected as 
the step of time for collecting labels and estimating 
occupants’ activities. 

In this contribution, the activity cooking, which is 
popular and highly energy-consuming through multi 
appliances, is studied, the concerned room is kitchen, 
where 11 sensors are installed: 2 sensors of motions, 
2 sensors of door/windows, 6 power sensors (toaster, 
coffee machine, robot, yogurt maker, microwave, 
fridge), 1 ambiance sensor for the indoor environment 
(temperature, humidity, and luminosity). Taking into 
account the different needs for cooking in a day, in 
spite of directly estimating the activity cooking, 3 
discrete instances: cooking breakfast, cooking lunch 
and cooking dinner are considered corresponding to 
3 periods of day: 

1. cooking breakfast: from 6:00 a.m to 10:59 a.m 
2. cooking lunch: from 11:00 a.m to 17:59 p.m 

3. cooking dinner: from 18:00 p.m to 23:00 p.m 

Extraction of useful features of  measurements 
As  mentioned  in  the  section  Methodology,   it   
is necessary to extract useful information from 
sensors’ data. The  features  of  variables  related  
to environmental impacts and occupancy-related 
impacts are extracted directly based  on  sensors 
and expert knowledge. Besides, in this contribution, 
Dynamic Time-series Clustering (DTC) is used to 
determine six patterns of electricity uses in each 30-
minutes step. This information presents different 
ways that occupants use electrical appliances for their 
activities. 

Results of Dynamic Time  Series  Clustering  for  
the usage patterns of coffee machine, microwave  
and toaster during 30-minutes steps are respectively 
shown in Figure 4, Figure 5 and Figure 6. 



 

 

 

 
 

Figure 4: Dynamic Time-series Clustering for usage 
patterns of coffee machine during 30-minutes 

 

 

 

 

 

 

 

 

 

 

 

 

 
It shows that there are different usage patterns of 
electrical appliances within 30 minutes time-step. For 
example, with the coffee machine, the first pattern 
(red pattern) represents that coffee machine is not 
used during this time step. Besides, the third pattern 
of coffee machine (blue pattern) represent a typical 
use cycle of this appliance, when occupant start to 
use the coffee machine at the beginning of the time 
step, and then turn off it at the end of this time step. 
The differences could come from the starting times 
and the duration of these appliances. Consequently, 
they lead to different levels of electricity consumption 
during the activity. 

Determination of useful measurements 
Then, the extracted features need a filtering process 
to select the most relevant features for activity 
estimation. Information Gain is used to evaluate  
the importance of features. The extracted features 
and their estimated importance for the concerned 
activities are presented sequentially in the Figure 7. 

Figure 5: Dynamic Time-series Clustering for usage 
patterns of microwave during 30-minutes 

 

Figure 6: Dynamic Time-series Clustering for usage 
patterns of toaster during 30-minutes 
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Based on the estimated features importance, the 
best features are selected to estimate each activity. 
Specifically, the selected features for the concerned 
activities are presented in the Table 1. 

Table 1: Selected features for activities: cooking 
breakfast, cooking lunch and cooking dinner 

Activity Selected features (sensors) 
cooking 
breakfast 

time of day, motion 01, coffee 
machine, microwave, toaster 

cooking 
lunch 

time of day, motion 02, 
microwave, coffee machine 

cooking 
dinner 

time of day, motion 01, motion 
02, microwave, toaster 

 

The results show that the concerned activities could 
be estimated based on not only the occupants’ habits 
(time of day) but also the occupants’ movements 
(motions) and the patterns of electrical appliances 
used frequently. 

Consequences-based Bayesian Network 
The selected features for each activity are presented 
in the Table 1. Combining with the general network 
in Figure 2, the structures of Consequences-based 
Bayesian Networks for the concerned activities 
(cooking breakfast, cooking lunch, cooking dinner) 
are presented sequentially in Figure 8, Figure 9, and 
Figure 10. 

 

Figure 8: Consequences-based Bayesian Networks of 
the activity ”cooking breakfast” 

 

Figure 9: Consequences-based Bayesian Networks of 
the activity ”cooking lunch” 

 
 

Results 
 
This contribution only presents the results of the 
case study with the aim of activity detection. To 
validate the results of built network, we supposed to 
compared the estimated states of activities to their 
collected labels. To do it, the F1-score, which is 
popular in classification, is selected as the validation 

 

 
Figure 10: Consequences-based Bayesian Networks of 
the activity ”cooking dinner” 

 

metric because this metric includes the information 
of both the precision and the recall of the estimation. 
The higher F1-score is, the better estimation is. The 
formula of F1-score is described in the Equation 4. 

 

F 1 = 2 
precision × recall 

(4)
 

precision + recall 
To avoid over-fitting, k-folds cross-validation 
technique is implemented to evaluate the F1-score of 
the proposed networks. In this technique, the dataset 
is divided into k subsets. In each fold, k-1 subsets 
are used to fit the model and the other one is used 
to test the fitted model. 

This contribution implements 5-folds cross-validation 
for the validation  of  the  activities  estimation.  
The obtained F1-score of the concerned activities 
cooking breakfast, cooking lunch, cooking dinner are 
sequentially 85 %, 80 % and 86 %. 

In the coming time, we plan to use the proposed 
methodology to simulate occupant activities and 
validate their results. In addition, more activities 
would be analyzed and estimated. 

Conclusion 
To reduce the discrepancies between simulated and 
actual energy, many statistical models based on 
survey data have been proposed to estimate occupant 
activities. However, the hybrid of survey data makes 
these models difficult to verify and they are not 
efficient for houses with specific contexts. 

This contribution proposes a methodology, which is 
based on both measurements and the house’s contexts 
(labels of activities, locations of activities, list of 
appliances, etc.), to estimate activities in particular 
contexts.  A  mobile  application  was  developed  
to collect the information of occupant  activities 
from household members. Bayesian Network  is  
used as  an  understandable  model  to  estimate  
the states of activities. The structure of the 
network is based on both the habits of occupants 
(time of day) and the consequences of activity 
(environmental impacts, electricity consumption, and 
occupancy-related effects). In addition, Information 
Gain is used to figure out the necessary sensors for 
the estimation, which is useful for saving unnecessary 



3424 
https://doi.org/10.26868/25222708.2021.30205 

Proceedings of the 17th IBPSA Conference 
Bruges, Belgium, Sept. 1-3, 2021 

 

 

 

sensors. 
Depending on measurements and the contexts helps 
the estimation of activities become more precise 
and realistic. In addition, Bayesian Network is 
flexible for the changes of house’s contexts such as 
buying/replacing appliances. Besides, Information 
Gain and expert knowledge are adaptive to detect 
variables related activities in different houses. 
Therefore, it makes the methodology possible to be 
implemented in different households. 

However, collecting labels is an obstacle for modeling 
many activities. The viability and correctness of 
labels are important for the quality of the estimation. 
To deal with this issue, in the future, we plan to 
adapt interactive learning and cooperative learning 
to not only collect labels but also improve the 
model’s quality with the interaction with occupants. 
In addition, the proposed model considers activity in 
household level. Therefore, it is difficult to distinguish 
the activities of members in house, which is important 
in case of the leaving/coming of household members. 
Besides, this approach demands much information of 
context from occupants and many sensors need to 
be installed. These requirements make it difficult and 
costly to extend the model to a population scale. 

In the future, more activities and other  case  
studies would be considered to demonstrate the 
flexibility of the methodology. In addition, from 
the labels of activities estimated based on the 
proposed methodology, we would like to construct the 
activity profiles and use them for simulating occupant 
activities in energy simulation. 
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