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1 Executive summary

The main objective of this task is to define dynamic occupancy and visual /thermal
comfort models towards facilitating the definition of accurate comfort profiles for
occupants within buil  dings. These models will be further integrated to the overall
MOEEBIUS framework , enabling the holistic optimization of the building
performance under constraints imposed by the actual comfort preferences of

building occupants.

Thermal comfort models will consider occupants as dynamically interacting entities

within their environment through appropriately controlling their HVAC operations
(operational mode and temperature settings), mainly driven by the combination of
indoor temperature and humidity. On the other hand, Visual Comfort Models will

be created towards establishing dynamic user profiles that reflect and more
specifically quantify the visual discomfort of occupants based on the analysis of

evidence captured exclusively from the observation of user s' control actions under
specific luminance conditions. The models will further incorporate and correlate
occupancy detection and  analysis parameters, so as to allow accurate modelling of
comfort in relation to occupantsé pr easinge and,
of occupancy schedules.

As a side activity, i n lack of low level information from indoor building

environment, high level price based behavioural profiles will be also defined to

further facilitate the extraction of price based demand flexibil ity profiles and
towards this direction the i mpact of electricit

also modelled in MOEEBIUS.

Overall, t he main outcome of the task is the definition of occupancy and
behavioural models to be further incorporated in the de velopment s of MOEEBIUS
profiing framework . In addition, the models will be further available to the BEPS
simulation engine of the project towards the delivery of a fine grained building

performance management framework.
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2 Objectives of the report
2.1 Introduc tion

The main objective of this task is to deliver dynamic visual and thermal comfort

models towards facilitating the definition of accurate comfort profiles of occupants

within buildings. Thermal comfort models will consider occupants as dynamically

inter acting entities within their environment through appropriately controlling their

HVAC operations (operational mode and temperature settings), mainly driven by

the combination with indoor temperature and humidity. On the other hand, visual
comfort m odels wi Il be created towards establishing dynamic user profiles that

reflect and more specifically quantify the visual discomfort of occupants based on

the analysis of evidence captured exclusively from the observation of users'

control actions under specific lum inance conditions. The models will further
incorporate and correlate occupancy detection and analysis parameters, so as to
allow for accurate modelling of comfort in rel
subsequent enhanced forecasting of occupancy schedules . Furthermore, i n lack of

low level/sensor level information from building environment, price based
behavioural profiles will be examined as an additional concept of MOEEBIUS
framework.  Therefore, the main goal of this document is the definition of
occupan cy and comfort (& price) profiling models that will further facilitate fine
grained user oriented building management framework introduced in the project

2.2 Relevance with other Tasks

The purpose of this document is to present the models about comfort profil es
starting from the definition of occupancy profiles. As a first step , we review the
end users and business requirements that define the parameters to be

encountered at the modelling phase (D 2.1). In addition, the comfort related KPIs
(defined in D2.3) are further incorporated in the proposed modelling framework.

Further more the extraction of the MOEEBIUS Comfort Profiling Models takes also
into account the definition of the main elements that consist of the MOEEBIUS
framework and place the occupancy profil ing mechanism as part of the MOEEBIUS
architecture (D2.4&D 3.1).

By specifying the behavioural profiling models, the next step is the incorporation
of these models in MOEEBIUS  framework . These models set the specifications for
the development of the User Profiling engine in D5.2 (T5.2) (MOEEBIUS User

Profiling Framework ) to be further integrated with DER models towards the

extraction of accurate demand flexibility profiles. This is a main innovation of the
MOEEBIUS project as the goal is to provide fine g rained demand flexibility profiles

that i ncor porate occupantsd® behaviour al patterns.
On the other hand , the identified user oriented models will be further  integrated

as part of the MOEEBIUS holistic modelling framework (D3.6 (T13.6) - Local and

Global Ener gy performance models ) and further incorporated in the BEPS engine
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to be developed in D5.1 (T5.1) MOEEBIUS Building Energy Performance
Simulation System. The next diagram prese nts the role of T3.4 as part of the
MOEEBIUS work.

T3.4 Occupants
Comfort Modelling

T3.6 Local and Global

T5.2 Occupant Profiling Energy Performance

Mechanism Modelling
o
-
~
S
~
~
S
A T5.1 Building Energy
Performance
Simulation System
Enhancement
The integrated models (as instantiated in T5.2) will be periodically updated in

BEPS engine (T5.1) towards the provision of accurate occupantsd and
parameters in the building energy performance simulation process.

Finally, the extraction of high level price based behavio ural profiles, will further
enable the extraction of demand elasticity profiles at the Aggregator side; to
further facilitate the implementation of price driven DSM strategies.

2.3  Structure of the document

The structure of the document is further provided:

1 Chapter 2 documents the main objectives of this document and the relation
with other MOEEBIUS tasks

1 In chapter 3 , we are providin g a state of the art analysis of the existing
modelling techniques towards the extraction of occupancy and behavioural
profiles.

1 In chapter 4 |, the details about modelling of occupancy profiles are provided.
Towards the extraction of accurate occupancy models , we take into account the
information from  occupancy sensor s examined in the project

10
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1 The next chapter (Chapter 5) focuses on the definition of comfort profiles,
highlighting  the models about thermal and visual comfort but further
incorporating price aspects as part of the holistic modelling framework.

1 Chapter 6 provides a summary of the work along with the main conclusions
relatedto o ¢ ¢ u p abehagodr profil es.

A series of Annexes are provided to support the documentation of the occupants

profiling work as reported in the document. We have to point out that in each
chapter apart from specifying the details of each model, we define the modelling
parameters that set the structure for the development of the associated
components in WP 5.

11
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3 Occupants6 & Behaviour Pr o-fStatebfthg ArFr a me wor

The goal of this section is to provide an indicative state of the art analysis on the

wor k performed towards the defini tehasaur mddelsac cur at
in the building energy management framework. Before going to specific details,

the skeleton of the research is defined by IEA Annex 66 initiative.

The IEA Annex 66 Task [1] , a large research effort involving several partners has
been undertaken towards developing and validating user behaviour models able to
describe and predict user actions or user activities that affect the final energy use

in a building , thus improving building design optimization, energy diagnosis,

performance evaluation, and building energy simulation services. This Section, as
well as the user behavior models  defined within MOEEBIUS, build -upon and extend
the developments and the results of the specific project , in accordance to the

project scope towards reducing the gap between predicted and actual energy
consumption.

A detailed and extensive State of the Art analysis of most of the aspects of user

behavior modeling can b e found on the references and publication S sections of
Annex 66 webpage. ' (Summary in Annex ). Such an analysis is beyond of the
scope of the present deliverable; here selected references will be provided (from
Annex 66 as well as other sources) in accord ance to the contents of the text.

A comprehensive review of the theory/methodology and the results of Annex 66

can be found in [2] . According to [2] , four key components of the human - building
enviro nment interaction are identified ( Figure 1): Driver, Need, Action, System,
i.e. the so -called DNAS framework.

human building
environment

insiole wond  outside world,

Figure 1 The four key components of the human - building environment interaction
accordingto  Annex 66 results [2]
Based on the the ory developed, a set of drivers  (or events or triggers) are the
stimulating factors that provoke energy -related occupant behaviour [2] . A

! http://www.annex66.org/

12
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comprehensive list of a Il the identified divers is shown in Figure 2. From all these,
only the dynamic components , allowing the development of near real -time and
adaptive user behaviour models are relevant to MOEEBIUS, i.e.: calendar
information; indoor  /outdoor/weather conditions ; and HVAC system state(s).

Component Day

Properties Week

Location Maonth

Attributes Climate

OCCUPANT
Attitudes Indoar
Location Outdoor
State Weather
|
Properties State
Figure 2 Drivers behind e nergy -related occupant behavior , according to Annex 66 results
(2]

Needs are the requirements of the occupants that nee d to be met in order to
ensure satisfaction with their enviro nment [2] . The main needs identified within

Annex 66 are shown in Figure 3; from these only the ones referring to Thermal
comfort, Visual co mfort and IAQ are relevant to MOEEBIUS project, with IAQ being
the outcome of T3.5.

- Food
Acoustical

Bathroom

I Hygiene

Sleep
|
Privacy | | Dress code | | Preferences | Culture ‘ | Routine
Figure 3 Needs of building occupants that may result in an action that affect the building
energy use , according to Annex 66 results [2]

Actions  are interactions of occupants with their environment (controllable
elements of the building , such as windows, blinds, thermostats, etc. ) as well as
activities (e.g. changing clothes, drinking water, etc. ), in order for the occ  upants

13
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to satisfy their needs [2] . Within MOEEBIUS project i as also analysed later in the

deliverable 1 all categories of actions identified by Annex 66 (  Figure 4) are
covered.
[ [ N T I
Inferaction with systems Movement Inaction Report discomfort
Figure 4 Actions undertaken by building occupan ts when their needs are not met
according to Annex 66 results [2]

Finally, a set of controllable building elements / building systems have been

identified [2] and are shownin Figure 5. Within MOEEBIUS , as will be analyzed in
the present deliverable, adaptive/dynamic user behavior models will be developed
only for t he occupawith ghe lights and tha eiVACoass well as
models for the space occupancy , since the required sensors for the development

of these models is (or will be installed) in the target buildings. This is required,
since even though Annex 66 contributed several pre  -trained user behavior models,

it has been evident that adaptive models, trained using real data from the target

building will always outperform the static models in terms of accuracy [3] .
SYSTEMS
I I I 1 —
| Windoas || Shadesbinds || Lights || Thesmostats || Space “ Equipment || Clothing || Prompis - Feediack
Figure 5 Building systems with which an occu pant may interact causing a change in
building energy use , according to Annex 66 results [2]

On the other hand, taking into account the feasibility/cost of the final MOEEBIUS

solution, as well as the replicability and commercia | use of the MOEEBIUS end -
product, it has been decided not to develop adaptive user models for user
interactions with the windows and blinds of a building . Nevertheless, a set of pre -
trained, validated user behavior models have been included in the final | ibrary of
user models , which will be hard -coded to the BEPS engine. These models, even
though they are static, are still more accurate compared to models used in current

simulation practice (e.g. windows always closed) [3] . These models are
presented/analyzed in Section 55.

The DNAS framework set the skeleton for the MOEEBIUS Behavioural Profiling

Models as defined in the document. The main principles of DNAS are also
incorporated in the proposed model towards the delivery of t he MOEEBIUS user
oriented framework. Based on the above analysis, t he scope of th e remaining of

14
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the section is to proceed with review of specific  approaches and models related to

occupants behaviour profiling. These approaches  will further  facilitate the
definition of innovative MOEEBIUS models to be considered in the project. The
starting point of this analysis is the review of the latest occupancy profiling

work while the following step is about typical thermal and visual profiling
models as examined int he project.

3.1 Occupancy Profiling Models Review

The scope of defining  occupancy profiling models is twofold: 1) to extract real time
occupancy through  correlation of accurate occupancy  profiles with raw data as
retrieved from WSN occupancy sensors and 2) to enable the extraction of short
term occupancy prediction . Therefore occupancy profile modelling is considered a
complex (but very important) task as it combines algorithms with data retrieved
from sensor devices installed. Various occupancy modelling appr oaches and
prediction algorithms have been proposed in the literature. The most common of

them include diversity occupancy profiles, agent -based models, Markov chain
models, multivariate Gaussian models and context sources. A brief analysis is
provided in the following sections.

Open Reference Occupancy Models are typical occupancy models containing
occupancy distribution for major types of tertiary buildings/spaces, such as offices,

hotels, hospitals, restaurants etc. There are diffe rent types of repositories that
provide these occupancy models taking into account the past experience. Open
Reference Occupancy Models are integrated in building simulation tools towards

the evaluation of building performance addressing also the occupancy parameters.
These models are not based on actual building conditions and thus are not
considered as an option for real time building management processes.

While Open Reference Models are defined from previous case studies, di versity
profiles are defined from historical analysis over sensor occupancy data. A daily
diversity profile is composed of 24 hourly values between 0 and 1, each
corresponding to a fraction of the maximum peak occupancy value. Several types

of occupancy di versity profiles are defined.

15
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Figure 6 Weekday and weekend observed occupancy factors for administrative university

building
An indicative example is provided in Figure 6. The occupancy f actor is defined
taking as parameter the maximum occupancy level [4] . Although this approach
offers a holistic view of building occupancy, it is simple and non -accurate approach
as the overall modelling process is time dependen t.

This is a category of occupancy models where software agents simulate the
behaviour and movement of individuals based on combination of static and sensor

data. Multiple rules are defined for each agent generating probabilistically next
states. This method is unsuitable for real -time data fusion due to its high -degree
of complexity. The literature review defines different types of agent based
approaches.

A stochastic agent -based model of occupancy dynamics in a buil ding through the
definition of an arbitrary number of zones and occupants is proposed by authors in
[5] . The proposed model, defines the location of an agent at a given time through

a set of rules specified by a number of modul es. The modules adopt Markov  -like
dynamics so that the location of an agent at a given time depends on its location

in the previous time. Simulation of the model generates a time -series state of

each occupantds |l ocati on, whi ch crate zonehlevel b e
occupancy information. In order to specify the input parameters of the model data

from occupant sé surveys and measur ed sensor

predictions of the model have been compared against measured occupancy data in
commercial  buildings for three distinct scenarios: single -occupant single -zone,
multi -occupant single - zone and multi -occupant multi -zone. A typical case study
for evaluation of agent based model is presented:

16
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Figure 7 Model based vs. Real time occupancy profiling data

By using the building space layout, the multi -occupant single -zone and multi -
occupant multi -zone scenarios were evaluated. It was found through comparison
with measured data (actual usage) that MuMo model predicts certain var iables
(e.g. mean occupancy) with high accuracy. The proposed agent -based model can

be used in conjunction with building performance simulation tools in order to
provide accurate estimation of building performance. Though, the proposed model
generates time -series of data and thus missing the perspective as examined in the
project (user driven and not time drive model).

An alternative version was proposed by Mamidi et al [6] , called BLEMS . This
version follows the common principl es of agent based logic but further extends the

list of input parameters towards the extraction of accurate occupancy profiles. The

BLEMS system relies on accurate occupancy estimation (current number of
occupants in a room) and occupancy prediction (a pre diction of how many
occupants will be in the room in the next 15, 30, 45, 60 minutes) in order to

adjust the operation of the HVAC system to conserve energy while maintaining

occupant comfort.

The BLEMS Sensor Agent creates a set of features that are base d on the original
raw sensor readings, but transformed and projected onto useful axes such as the

number of times motion was detected in the last minute. The Estimation Agent

adds additional knowledge to this feature vector, such as domain knowledge that

biases the classification or collaborative knowledge from other agents operating in

nearby or similar rooms. The device has the following raw sensors: sound, wide -
field motion detection, narrow - field motion detection, ambient light, temperature,
humidity, carbon dioxide, and door state (open/closed). The combination of data

as coming from different sources define the occupancy profiling mechanism.

A 3™ version of agent based occupancy profiling models is proposed by Robinson

et alMulii Ageni Simulato n of Occupantsd PreseonfeThand
agent based logic for occupancy profiling is similar to the one proposed by Liao et

al [5], though the idea is to integrate also the behavioural mode lling under a
common framework.

17
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The above models are designed to predict profiles of presence during periods in

which occupants are not absent from their vocational occupation for long periods

of time. The reasons for such absences include planned vacatio ns, planned work -
related trips and unplanned illnesses. Aside from bank holidays the timing and

duration of these absences, whether planned or otherwise, tend to vary from one

person to the next and from one year to another; they are stochastic in nature.

There are stochastic models which address this problem in a convincing way and

this is the main innovation of the proposed agent based model.

A pre -processor then determines the periods during which those agents that are
employed or in study are absent, wh ether due to illness, vacation or for some
vocational reason. A further pre -process then predicts the chain of arrivals and
departures at each of the target destinations throughout the period of interest,

taking into consideration whether the agents are in a period of vocational absence
or not and whether this absence entails their departure from our scene (because
theybébre on vacation).

Agentsé activities whilst present at each destin
upon the degree of internal building s patial resolution, the probable location

corresponding to these activities may also then be simulated; likewise the

associated metabolic heat gains and gaseous pollutant emissions.

There are different agent based approaches as defined in the bibliography. All of
them start from the representation of a single occupant and further aggregate the

information towards the extraction of time series zone based occupancy profiles.

The complexity of these models along with the fact that require detailed
personalized information set main boundaries for the cases examined in the
MOEEBIUS project.

The extraction of occupancy profiles is based on statistical analysis over input data

towards the definition of occupancy patterns. Therefore, non -parametri c statistical
models like Markov chain models should be considered as an alternative for the
extraction of accurate occupancy models.

A Markov Chain is a system of known states where the state changes
probabilistically at discrete steps. Multiple Transitio n Matrices govern the state
changes within different slots of time. The next state is selected based on the

current state and the probabilities of the corresponding Transition Matrix. A

Typical transition matrix is presented where S vector defines the diff  erent states
and p defines the transition probabilities.
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SO s1 é Son
SO Po,0 P1,0 é Pm,0
S1 Po,1
(¢ (08 p|,]
Sm | POo,m é

Table 1 Markov Chain Transition Matrix

While Markov Chain define static models where there is no Variation through time,

we need to extend the current concept in order to address additional aspects

related to occupancy profiles. In [7] an inhomogeneous Markov Approach is

applied based on observed occupancy data collecte d from a sensor network. The

state of the chain is defined as a vector containing the occupancy at each space on

each specific time. Therefore, given the occupancy state at time t, the occupancy

di stribution at time t + gt c arhe dument gtatevdth ct e d
the associated Transition Matrix. The probabilities of the Transition Matrix are

given by the following equation:

n ;
P =
a ni,k
k=1
where p;; is the probability of moving from state i to j, ni; is the number of times a
transiti on from state i to j has been observed in the historical data set and m is

the total number of states.

Wang et al. [8] , define the current state as the location of an occupant. Therefore,

a Location Transition Matrix for each group of occupants containing the
probabilities of location changes. The next location is randomly selected based on

the current location and the corresponding probabilities of the Location Transition

Matrix. As the goal of the project is the delivery of g roup based occupancy
profiles, the aforementioned approach should be considered as the basis for the
proposed framework.

While typical Markov models refer to paradigms where the states are already
known, this is not the case when we are handing data coming from different
sensor devices. In that case, Hidden Markov Models are considered. In simpler
Markov models (like a Markov chain), the state is directly visible to the observer,
and therefore the state transition probabilities are the only parameters. In a
hidden Markov model, the state is not directly visible, but the output, dependent
on the state, is visible. Each state has a probability distribution over the possible
output tokens. Therefore, the sequence of tokens generated by an HMM gives
some informa tion about the sequence of states. The adjective 'hidden' refers to
the state sequence through which the model passes, not to the parameters of the
model; the model is still referred to as a 'hidden' Markov model even if these
parameters are known exactly.
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A hidden Markov model can be considered a generalization of a mixture model
where the hidden variables (or latent variables), which control the mixture
component to be selected for each observation, are related through a Markov
process rather than indepen  dent of each other. Recently, hidden Markov models
have been generalized to pairwise Markov models and triplet Markov models which
allow consideration of more complex data structures and the modelling of

nonstationary data. The next figure presents a typic al representation of Hidden

Markov Model .
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Figure 8 Hidden Markov model Representation

Probabilistic parameters of a hidden Markov model are defined:

T X o states
1 y 0 possible observations/ sensor data
i a o state transition probabili  ties

1 b & output probabilities

While this approach fits to our needs, the extracted models are also time based
and thus different types of transition matrices should be defined for the whole

project period. Therefore, a different type of Hidden Markov Model s is examined.

A commonly used approach for occupancy modelling and prediction is the hidden
semi -Markov model (HSMM)  [9] [10] . This method allows for each state to have
any arbitrary duration distri bution governing the number of times it remains
unchanged. A pivotal point in the use of HSMM is the choice of distribution family

for the state duration (e.g. multinomial, Coxian, exponential). Therefore, in this

case we define a time independent model, w here the time duration parameter is
inherited to HSMM. A typical representation of this model as proposed by Dong et

al. [10] is presented:
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Figure 9 Hidden Semi Markov model Representation

In this cas e, the transition table represents the time duration for the next
transition. Therefore, this representation of the time duration in a single state as a
logarithmic function further enables the implementation of the proposed model.

This approach is closet o MOEEBIUS needs as the goal of the project is to accurate
extract occupancy profiles taking as input parameters data from sensor devices
installed. In addition, and as the goal of the project is to extract location based
profiles, this model will cover th e dependencies among states, expressed in terms
of space zones.

Following the definition of Markov Models as a technique for the extraction of
occupancy models, alternative stochastic based statistical mod els may be
considered for occupancy modelling.

Erickson et al [11] retrieving occupancy data from a large building, set a
multivariate Gaussian Model in order to predict user mobility patterns and building

room usage. An occupa ncy state is defined as a vector in which each element
represents the occupancy in each room. Hourly defined PDFs (Probability Density
Functions) give the probability of an occupancy state to occur within a given hour.

Given a starting state, the probabili ty of each possible occupancy state for the
next time -step is calculated using the current PDF. The drawback of this model is

that it causes a great deal of pacing behaviour. For example, if a person leaves

the office to enter a hallway at one time -step, t here is a high probability that the
person will re -enter the office in the next time -step. This occurs since the
distribution does not take into account the behaviour observed in the previous

time -step. This can cause predictions to favour parts of the dis tribution that have
high probabilities. This is particularly pronounced for rooms rarely occupied. In

these cases the model rarely allows room entry and vacates the room too quickly.

In addition to non  -parametric statistical models, machine learning techni gues have
been considered for the extraction of occupancy profiling models. Yang et al [12]
proposed a Non -Intrusive Occupancy Monitoring System based on neural nets. An

ANN (Artificial Neural Network) is a highly complicated a nd large -scale nonlinear
adaptive system for simulating human neural network. It consists of huge

amounts of simple processing units, and is often used to do massively parallel
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data processing through continuously adjusting the relationships between inner
variables. Some of the advantages of ANN include storage of distributed
information, fault tolerance and strong ability of learning and association.

The specific model of ANN used in this study is error back propagation ANN. As
one of the most widely used ANN models, the BP network is a typical multilayer
feedforward neural network. It is known for its ability to transfer signal forward
and transfer error backward, and can be infinitely approximated to an unknown
continuous system. The BP network can learn and store large amounts of relations
between input and output data without any predefined mathematical functions to
describe them. The schematic representation of ANN is provided along with the
results from the evaluation of ANN.

9 e

------- Estimated Occupancy
8r —#— Actual Occupancy

Occupancy
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0 2000 4000 £000 8000 10000 12000
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Figure 10 Non -Intrusive Occupancy Modelling with ANN

As an alternative, genetic algorithms are also considered for modelling occupancy

profil es. Guillemin by wusing fAGenetic Al gorithme

in an Advanced Building Control Syste mo [13] proposed a model based on genetic
algorithms.

Among the numerous optimization techniques, Genetic Algorithms have become
quite popular thanks to their robustness and their capabilities over a broad range
of problems. In  our case scenario, the different states of the approach define the
occupancy patterns while the overall approach models the transition among
states.

An additional technique examined is the Support Vector Machine (SVM) engine,
proposed by Lam e tupan@y | Detection tlirdbghc an Extensive
Environmental Sensor Network in an Open -Plan Of fice [148 uSuppdri ng o
vector machines, developed by Vapnik have been widely applied in classification,

forecasting and regression of ra ndom data sets. One of the primary features of

SVM is to map non -linear functions in a low dimensional space to a higher

dimensional space through the use of a kernel function.
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A SVM with a Gaussian kernel is applied to sensor network data for the extract ion
of occupancy profiling models. The LibSVM toolkit developed by Chang and Lin

(2001) [15] was then used to train and test the data sets. In order to avoid
overfitting, a ten  -fold cross validation was conducted on the data set s. The results
from SVM simulation in a single zone is present:
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Figure 11 Occupancy Detection through Support Vector Machine
The state of the art analysis highlights that different machine learning techniques
are utilized for mod elling occupancy profiles. Input parameters , as derived from
occupancy sensors and user settings are associated with occupancy state analysis
towards the extraction of accurate occupancy profiles. The analysis is in line with

the occupancy modelling work p erformed under Annex 66.

For the MOEEBIUS project, a nd taking into account the availability of input data
from different sensor devices, a mixture of diversity profiles and Hidden Markov
model s will be considered for the extraction of occupancy profiles

3.2 Comfort Preferences Models - State of the Art

Following the review of occupancy profiling models, the goal of this section is to

present the current work towards the extraction of comfort preferences profiles.

The next step is to mix occupancy profiles wit h user preferences models for the
extraction of accurate occupantsd behaviour prof

Within MOEEBIUS, and due to non -individual occupancy information, group  (zone
based) behaviour profiles will be analysed tracing back spatio -temporal aspects of
activit ies and operations, fully exploiting the dynamic behaviour (typical,
periodical, etc.). Two different types of behavioural profiles are defined, though
the main focus of the project is for the 1 * category :
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1 For distributed energy resources affected by envi ronmental conditions (e.g.
HVAC and lighting), an enriched behavioural analysis is provided. Occupancy
preferences and control actions along with environmental conditions are
incorporated in  model towards the extraction of a concrete user profiling
framewo rk.

1 For the non -context operating  distributed energy resources (e.g. PCs, printers,

EVs etc.), the behavioural  /operational modelling framework is delivered taking
as main parameter the occupants presence/absence . This is also the case of
defining price ela sticity profiles where the patterns are directly associated with
external energy prices.

The focus of the literature is for the 1 * type of devices, where a detailed overview
of available visual and thermal comfort models is provided. Prior to this, an
introductionto similar behavioural models is provided .

Almost all aspects of human behaviour depend heavily on the light exposed to.
Apart from the role of light in visual processes, light also turns out to play a major

role in a wid e variety of non -visual processes as well (e.g. Health and safety,
aesthetics). The focus of this section is to address specific parameters related to
visual comfort of building occupants (The visual performance defines whether the
lighting solutioninar  oom is suitable for the performed tasks).

Overall, for the area in which a specific task is performed, the lighting level should

fulfil the maintained illuminance, the uniformity of illuminance, the colour
rendering, and the absence of glare. The arrangem ent of the lighting should avoid
distracting hard shadows, discomforting sources of glare and reflections. The

lighting should not flicker, should avoid larger dark zones in the room, and should

meet the conditions of uniformity of illuminance in the area in the surroundings of
the visual task. Regarding the visual performance, the recommendations and
standards for lighting design in workplaces adequately address visual needs and

visual comfort. The European standard BS EN 12464 -1 [16] , presents the
requirements for lighting in the task areas of a building concerning intensity level,

colour, glare, luminance ratios, and daylight entrance. These standardized
parameters are further analysed taking into account the initial review of visual
comfort indicators as presented in T2.2

The core requirement related to visual performance is  to ensure a sufficient level

of illuminance for the activities carried out in a zone. The illuminance level is
considered as the amount of light falling on a given surface  and measured as the
luminous flux per unit area.

Another parameter to be examined is the relative position of the light source along
with the visual task and the observer which determine how effectively the task
contrast is rendered ( Contrast Rendering Factor -CRF). Ideally, the CRF is
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measured by comparing the contrast of the object under the ambient lighting with
its contrast under reference lighting (completely diffuse, unpolarised illumination).
Generally, the higher the CRF, the more acceptable the visual performance is.

A further consideration in lighting uniformity is the illuminance distribution over a

workplace. The arrangement of the lighting in a room should avoid distracting

hard shadows, discomforting glare sources, and distra cting reflections. Large
differences in illuminance in a room may lead to visual stress and uncomfortable

situations. The luminance ratio is the luminance of one area divided by the
luminance of another area. Luminance ratio limits are recommended to preve nt
excessive contrast between light and dark.

Finally, additional parameters related to visual glare, colour and flickering are
defined as aspects that affect the visual comfort. It is obvious, that the
establishment of a visually comfort environment is a main task with different
parameters and thus special interest is delivered on the definition of models that

cover the aforementioned aspects.

Humanés t boefortnasimainly related to the thermal balance of the body as a

whole. This balance is influenced by physical activity and clothing, as well as the
environmental parameters. Thus, however this comfort feeling is measured and
controlled, the same value does not need to be satisfactory for different people.

So, any system desig ned to achieve thermal comfortable conditions should not be

driven by a static goal, but it should be user adaptive without prior knowledge

about the user; that is, the system should be able to learn on -line the
expectations of any new user. Thermal comfor tis a complex term which depends

on several parameters. In general, variables which affect human heat dissipation

and consequently thermal comfort, can be grouped into three categories:

1 Environmental, like air temperature, humidity, air speed etc.
9 Person al, such as metabolic rate and clothes isolation
9 Others (e.g. age, fitness)

Numerous indices for the assessment and design of thermal comfort conditions

have been developed during the past 50 to 60 years. One of the most widely used
indices in moderate th  ermal environments, the PMV index (predicted mean vote),
predicts the mean value of the overall thermal sensation of a large group of
persons as a function of activity (metabolic rate), clothing insulation, and the four
environmental parameters: air temper ature, mean radiant temperature, air
velocity, and air humidity [17] . PMV may take labelled values from 13
respectively, referred as to: Cold, Fresh, Slightly Fresh, Neutral, Warm, Hot, And

Very Hot. Thus, a PMV equals to O stands for a neutral feeling of individuals
respect to thermal sensation.
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Alternatively, other methods [18] [19] for the assessment of moderate thermal
environments could be used, such as the new effective temperature (ET) and the
standard effective temperature (SET). Thermal comfort assessment includes the
unambiguous de finition of performance indicators (Pl) based on the notion of
objectively quantifiable performance measures. Different algorithmic techniques
are addressed in bibliography towards the definition of occupants thermal comfort
preferences.

The goal of the n ext section is to provide a thorough literature on domains and
methodologies, to extend the existing research and provide the MOEEBIUS
Behavioural Profiling framework.

3.3 Behavioural Profiling Modelling Approaches

Following the short introduction in the comfo rt aspects examined in the project,
the focus is on the definition of the associated behavioural profiling models as
defined in the literature.

This approach has already been presented for diversity occupancy profiles . The
same approach is delivered also for the extraction of Behavioural Profiling Models.
The anchor point of this model is to define daily diversity profiles of 24 hourly

values between 0 and 1, each corresponding to a fraction of the usage of each

device depicting in that way the preferences on different devices. This is a
stochastic approach where the different configuration parameters are defined

through statistical analysis over historical data.

The AIM project [20] [21] is presenting a diversity Behavioural Profiling model
where the operational characteristics of an HVAC unit are defined through
statistical analysis. A time series graph is extracted showing the probabilistic
density function of e ach device.
Daily Cooling System Working Mode
Coolng System 1s Oy T T T T T T T T
User Prazence 6302 minutes

Cooling system -
working mods a7 e

o

253.15 mimates—""

User is Presentt A

Cooling system working
time = 316.17 mimutes

User is Absent/ A
Cooling System &s Of——=————"""¢ 101212 16 18 20 22 24
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Figure 12 Diversity  Behavioural Profile for a single device
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The structure of this model is given in the following figure. The first part of the

model defines the fluctuation of consumption levels and segments it to ap pliances
of each household. The second part of the algorithmic framework is composed by

the main building processes, simulates separately the usage of each individual
appliance in household and then aggregates the simulation data for the extraction

of the holistic energy consumption.

?

) - Define a set of appliances 1
‘ Setup input data ‘ 4 in the hopsehold ®
Define daily fluctuations in Appliance load curve
social random factor e-==9 generation loop (1
l [for each appliance]
Household load curve I I
generation loop : | Define hourly power n
[for each household] { | over the total time
H v
‘ Data output and verification Sum up the appliance load
‘ curves into hh load curve | 1D
Figure 13 Top down Diversity Usage profile [22]

Therefore, the overall modelling framework is based on measuring energy
consumption data and further extra polating these data taking into account the list
of available devices.

A similar approach is provided by Richardson et al. [23] . This is a bottom up
approach where the extraction of diversity profiles is based on the actual usag e of
devices from end users. For each household we need to define the daily activity

profiles and then, taking into account occupancy patterns and list of available

devices, to emulate the operational patterns of end users.

ndwellings —————__ (=

For each dwelling

Create the list

Daily activity of installed
profiles appliances
Active . v
occupancy o

data series [—¥|

Washing / dressing |
Ironing

House cleaning
Laundry
Watching TV

For each appliance:

Switch-on events
Power use characteristics

An activity profile is
assigned to each

Cooking applance. E.g. the *
“laundry” activity
profile, to the Dwelling
“washing machine” power
appliance. consumption
¥

Qverall power consumption

Figure 14 Bottom up Diversity Usage profile
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The structure of the model is presented in Figure 14. Each appliance is mapped to
one of the daily activity profiles. When an appliance switch -on occurs, the
appliance power use characteristi cs are used to determine its electricity demand
(including the reactive power demand). Adding the power demands of all

appliances within a building gives the whole v demand.

The diversity profiling framework offers a direct and precise correlation of ene rgy
consumption data to individual users. However, it is mainly based on the statistical
analysis of huge volumes of data and thus it is considered as a "black -box"

approach towards the definition of Behavioural profiles in building premises.

Following the definition of diversity profiles, the definition of adaptive profiles
taking into account user preferences and needs is one of the approaches

examined in bibliography.

The goal of thermal models is to simulate the behaviour and preferences of
individuals, either taking into account standardized patterns or through direct
interaction with building occupants. One way or another, the goal of these models

is to correlate data about environmental conditions and user settings towar
extraction of thermal preference models.

ds the

As a first alternative , standardized comfort models are considered as the baseline
for optimal management and control of environmentally related distributed energy

resources. In HVAC operation, a thermal com fort model is used as feedback by the
control algorithm, so as to keep the user thermal sensation in the comfort zone,

while  minimizing the energy consumption with energy -saving functions
coordinating the HVAC systems. Such human thermal sensation models w ere
developed long before the development of these modern HVAC control strategies.

Some were based on physiological theory (Gagges et al. [24] ; Stolwijk [25] ) and
others on experimental data measure s in climatic chamber (Fanger 1970). The
global thermal comfort of P. O. Fanger [17] and the Adaptive Comfort Standard
developed by Humphreys and Nicol [26] received most attention from the HVAC
wor |d. With its ability to calculate a statistical thermal sensation (called predicted

mean vote or PMV) the global thermal comfort model, or PMV model, has been

integrated into numerous regulation algorithms of HVAC systems.
labelled values from T3 to +3, respectivel vy,

PMV may take
referred

Fresh, Neutral, Warm, Hot, And Very Hot. Thus, a PMV equals to 0 stands for a

neutral feeling of individuals respect to thermal sensation

The PPD index (predicted percentage dissatisfied) is de rived from the PMV index
and predicts the percentage of thermally dissatisfied persons among a large group
of people. Occupants of buildings are not alike, and therefore the individual

thermal -sensation votes of the occupants of a given environment will be

scattered

around the mean. The PPD index predicts the number of people likely to feel
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uncomfortably warm or cool. When the PMV value is known, the PPD index can be
calculated.

PPD=100 -95 0.0335PMV* -0.2178VM?

The aforementioned review, shows thermal sensation models that are closely
related to global comfort indicators as defined in standardization. Therefore, the

focus of these models is on the way of calculating PMV and PPD indicators and not

on the actual meaning of this indicator (and if actually fit to ind ividual
characteristics).

As a recent alternative, there are different approaches that try to define non

parametric models taking as input parameters the context conditions. Therefore
these approaches are not exclusively defined for thermal aspects but als 0 address
visual preferences of occupants. The main objective of these models is to define
personalized and adaptive comfort related models , taking into account the
specificit ies of each occupant through one/several personal parameters. Typical
metrics are utilized (Temperature levels, adaptive PMV & PPD , luminance levels )
for quantification of comfort and discomfort values. In these cases, interaction

with users is mandatory in order to retrieve their preferences and non -preferences

on environmental condit  ions.

A personal user interface has been conceptualized for this analysis. It is made up

of mainly command buttons which are analogous to the sensation scale. The main

scope of this framework is to evaluate in real time the comfort status of occupants

and re-adjust the operation of the devices in an optimal way. By allowing each
user to signal an eventual uncomfortable sensation and using it to coordinate

device systems around, this solution goes beyond the typical comfort controls,

sharing artfully the com  fort control between the algorithm and each occupant. The

main drawback of this approach is the direct enrolment of the occupants on
comfort definition process. This is the main reason for consideration of utility
function models in the next section.

In | ack of low level information, different price based models are defined in order

to express the willingness of costumers in specific conditions. Price is considered

as t he common denominator for t he guanti ficat
different goods. | n most of the models the utility function curve is the function

that quantifies users comfort on different price levels.

The previous analysis considers typical standards and KPIs for the extraction of
thermal pre ference models . Although these models are based on globally accepted
standards, it has been found that these are problematic in practice as they don't
reflect the individual preferences. Thus, in order to define fully adaptive models
that also characterize the individual preferences and needs , the theorem of "Utility
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Function" is adopted. = The concept is an important underpinning of rational choice

theory in economics and game theory, because it represents satisfaction
experienced by the consumer of a good. A good is something that satisfies human
wants. Since one cannot directly measure benefit, satisfaction or happiness from a

good or service, we have devised ways of representing and measuring utility in

terms of economic choices that can be measured. There fore, utility function [27]
is mentioned as the function that specifies the utility (well -being) of a
consumer/individual for all combinations of goods consumed (and sometimes

includes other considerations).

Inthe case study e xamined in MOEEBIUS project , each customer operates a set of
appliances such as air conditioner, lighting device , water heater etc. For each
appliance of the customer, an amount that models how much a customer values

the device operational status is delive red. The willingness to use a specific device

is transformed to the Utility function value. An abstract model approach of the

Utility function estimation is provided. [28]

AEach c usitl AN r operates a set Ai,il Nof appliances such as air
conditioner, lighting device, water heater . For each appliance  al Ai of customer i,
we denote by  p ,(t)its operational draw at time ti T, and by g ,(t)the vector (

g'a(t),tI'T)ofoperational draws over the whole period examin

A typical representation of Utility function formalism for a specific devi ce is given
in Figure 15.
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Figure 15 Utility function representation

There are different approaches in bibliography that adopt the Utility function
principle in order .ilirgnessuoapetaie Epgcifitidevacess 6 [29]. On
the energy domain examined in the project, a high level categorization of the
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typical Distributed Energy Resources is considered in order to provide fitted utility

functions that  optimally characterize the behavioural patterns of individual users:
1 Type 1: The first DER type includes those appliances such as air con ditioner
and refrigerator whose operation is closely related to temperature of

customer 0s envi r onme n ¢ UtlityTitmetionvisamaxineizedoolit oft h
the technical operational limits of the devices.

1 Type 2: The second DER type includes appliances such as PHEV, dish washer,
clothes washer. For these appliances, a customer only cares about whether the
task is complet ed before a certain time. These devices are characterized as
demand shiftable devices and thus the total value of utility function is
increased at the end period of the scheduled operation.

1 Type 3: The third DER type includes the appliances that must be o n for a
certain period of time, such as lighting. A customer cares about how much light
they can get at each time t but different operational states can be considered
on the time period. Type 3 devices combine the environmental and operational
conditions i n an integrated framework and the Utility function is delivered as a
parameter of these input settings.

1 Type 4: The fourth DER type includes appliances that a customer uses in a
non -continuous -essential mode, such as TV and computers. The status of these
devices is considered as on/off and thus an extra parameter (e.g. price) has to
be examined in order to estimate the utility function .

There are two approaches on the AUtility functic
of the art analysis:

9 Utility curve as a function of operational characteristics: In this case, the

willingness to use a specific device is based on user control settings. This
approach is close to diversity profiles as defined above.
9 Utility curve as a function of price : This is the most common approach defined

in bibliography and the core principle for implementation of automated price

driven demand response strategies. In this case, the willingness to use a
specific device is related to a specific price. The main drawback from this
approach is the difficulty to train this model type by establishing different price
schemas.

The main objective  of th is framework, is  the extraction of  utility function curve for
each specific device. The utility function curve is differentiated for each occupa nt
and building operational conditions . Th erefore , the "utility  function " approach is
considered as the most thorough one, as it incorporates several heterogeneous

aspects under an integrated methodological framework . Within MOEEBIUS, we will
try to extent the " utility function" framework by incorporating also building
environmental conditions as part of the model. The utility function approach as
examined in MOEEBIUS project is not device specific but is further extend ed to
address user settings, environmental c onditions and device operational
characteristics.
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The aforementioned  analysis intends to serve as the baseline for our research in

MOEEBIUS and will be used as a reference state -of-the -art in the topics  related to
the role of occupants . In this context, th is section provided a set of
recommend ations as guidelines for the development of the integrated MOEEBIUS

occupancy profil ing and behav ioural preferences modelling framework
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4 MOEEBIUS Occupancy Profiling Modelling Framework

We first define occupancy prof iling models that describe o0 ¢ c u p a im tbailding
premises. This is a complex task as in most of the cases these patterns are
characterized by high levels of uncertainty. In addition, the lack of precise sensing
equipment (to preserve privacy concerns and due to project budget limitations)
limits us to the definition of abstract occupancy models. The next section provides

an overview of the proposed MOEEBIUS Occupancy Profiling framework
accompanied by the  associated data model s and the algorithmic framewor k to be
considered at the development phase.

4.1 Occupancy Profiling  Overview

Within MOEEBIUS, occupancy models will be created representing the spatio -

temporal distribution of occupancy . These models will depict regular occupancy
patterns and will be constan tly updated in order to reflect changes that may occur
on buildingds occupancy | evel s.

The main constrain s about the identified objects are coming from the installation
type s in building premises. By utilizing low cost occupancy sensors with low
accuracy | evels (PIR ), we are lacking of critical information and thus the definition
of occupancy patterns remains at zone-level (taking into account the final
installation set up). Different zones (by taking into account the BIM definition and

the physical topolog y) are defined and further aggregated to enable the extraction

of hierarchical occupancy profiles.

The MOEEBIUS Occupancy Profiling Model has two main aspects, occupancy
and flow. Occupancy referstothe static representation of the occupants found at
each space or zone (similar to diversity profiles) , While flow represents the
dynamic occupancy variation at b ui | d izanesd Fherefore a mixture of diversity
profiles with machine learning techniques is considered as the occupancy
modelling framework in the project

For the 1 %' part and the static representation, the proposed models will contain
information such as  occupancy density along with arrival and departure, defined
per space or zone. The diversity profiling analysis will be dynamic in order to
address special days and events and further will be continuously calibrated
addressing that way the seasonal character of the buildings.

The 2™ part of the analysis is the extraction of occupancy variations during the
day addressing that way the dynamic nature of occupancy profiles . The goal is to
examine (with Markov Model s) the possibility of  occupancy change at a specific
time period and thus modification of occupancy range through time. In order to
extract these probabilities, a long training period over his torical data is required.
According to the Markov Model [30] , an Occupancy State is defined as a vector
in which each element represents the occupancy in each space/zone of the
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building. Occupancy could be represented by the ex act number of occupants in the
space/zone (not applicable in the project) , or a range of the proportion of
occupants defining categories such as empty, low occupied, medium occupied and

full occupied. Within MOEEBIUS project, and taking into account projec t
requirements, abstract occupancy ranges will be defined per zone of the building

(or further aggregated) . An example of the state representation is given in Figure
16.

Room Occupancy Reachable States

P Bm2

Rml

Current

[ pressnoe
State

& abEenos

Figure 16 Example of Occupancy St ate representation [ 30]
Additionally, an  Occupancy Transition Matrix is defined as the matrix where
each element represents the probability of moving from one occupancy state to
another. An example representation is given in Table 2, where sgo, 5;,€, n sleclare
occupancy levels (vector with range of occupancy) and p ij IS the probability of
moving from occupancy state s itos;.

Table 2 Occupancy Transition Matrix (Markov Model)

SO S1 e Sm
S0 | Poo | P10 | € | Pmo
S1 Po,1
(O [N pl,j
Sm | Po,m é
By defining Occupancy Transition Matrices , flows among occupancy levels are
modelled. Each transition matrix will be available for a specific type of day (e.g.
weekday, weekend), season and time period (e.g. hourly) and will be continuously
updated. It is obvious that we need to incorporate at the decision process the time

of the day as the parameter affecting the transition flow probability. Thus, a

specific type of Markov Models (that inco rporates in the model the timeperiod for
each transition A Semi Markov Models) will be evaluated. All transition matrices

will be calibrated and trained over time. Initial values for occupancy states and

34



MOEEBIUS

flows will come from empirical data, typical schedul es, pilot surveys, and open
reference models. An open reference occupancy models repository containing
occupancy models from other projects will be utilized for the initialization of the

MOEEBIUS building occupancy and flow models.

As a first step, each s  pace will be matched to the available open reference models,

in order to select the best fitted occupancy model. The model values will be
manually adapted to fit the proposed MOEEBIUS framework. Then the values

should be adapted to the actual building conditions by taking into account
occupancy data. Apart from open reference occupancy models , typical schedules
will be used when applicable . Zone specific schedules contain information about
typical events taking place, such as working hours, holidays, typica | meetings etc.
These schedules will be provided by the pilot representatives in a standardized

way to further enhance the extraction of occupancy information

After this initial phase, buildingbs occupancy
regular basi s (e.g. once bi -week ly/month ) based on pilot site observations and
possible updates of typical schedules.

4.2 Occupancy Prediction Modelling  Overview

Along with the extraction of real time occupancy data, MOEEBIUS will provide

short -term (near real time) occu pancy and flow prediction allowing for more
efficient management of buildingbs energy resou
information for short term forecasting of demand flexibility. Short -term

prediction provides occupancy range per building space for few minutes after

current situation  per a specified time -frame.

Occupancy Profiles

Short Term Occupancy

Real Time Occupancy

Figure 17 Occupancy Prediction Modelling Overview

The idea is to utilize real time occupancy sensor data with the extracted
occupancy and flow models in order to estimate the expected occupancy densities.

4.3 Occupancy and Flow Model Specifications

Following the  definition of MOEEBIUS occupancy model ling framework , the
detailed specifications  of the model are provided. The analysis takes into account
the data syntax as defined in MOEEBIUS Common Information Model.

35



MOEEBIUS

MOEEBIUS will provide real-time occupancy data per zone in predefined ranges.

Real time information is a meta -information as derived from occupancy and f low
modelling . The real time occupancy data will be further available to  Building
Management Tool s (e.g. Demand Flexibility Engine, Facility Manager Ul) for
further exploitation. The next table presents the modelling parameters for real
time occupancy data

The space/zone real -time ID,
Space/Zone .
detected occupancy refers to. enumeration
Occupancy Real time O(_:(_:upancy Range in float or integer
range the specific space/zone.

Table 3 Real -Time Detected Occ upancy Parameters

This is the typical representation of a sensor event type as defined also in
MOEEBIUS CIM in D2.2. Time -stamped information will be available as the output
from real-time occupancy framework.

In thi s section, the detailed specification s of MOEEEBIUS o ccupancy modelling are
provided. The summary view MOEEEBIUS Occupancy framework is presented in
the Annex . The different elements that consist of the overall framework are
specified.

4321 Occupancy Profiing  Parameters

In this section we present the detailed list of occupancy metrics, which consist of
the steady state representation of the model. The core of the model as presented

above is:

The range of occupants
in a building/space/ of
that building/space/zone complex

per a specified time
frame (e.g. per hour).

) ) The time the first )
First Time . time
occupant arrives.

. The time the last .
Last Time time
occupant leaves.

Table 4 Static Occupancy Parameters

Occupancy range as a
temporal distribution

Occupancy range type is a complex type that is further defined as the vector of:
{occupancy value (float), time -period (time)}. The metrics described in  Table 4
can be defined per building, space or zone as well as per type of day and season.
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Therefore, occupancy metrics granularity  has two dimensions: spatial and
temporal. This segmentation is further analysed in Table 5 and Table 6

Building Metrics refer to the whole building.

Space Metrics are defined per building space.

Zone Metrics are defined per building zone defined (virtual or physical)

Table 5 Spatial Granularity

The aggregation of zone level data define s the static occupancy data for the
building and space s based on the hierarchy designated in BIM models. The next
table presents the temporal segmentation for the occupancy model.

Defines the type of day refe r to. The enumerated values of this
parameter will be updated according to the extracted occupancy

Day Type . .
y 1P patterns. Typical values are: weekend, weekday, special events,
bank holidays
Defines the season that metrics refer to. The typical taxonomy is:
Season

Autu mn, Winter, Spring, Summer

Table 6 Temporal Granularity

Therefore, the spatio -temperal granularity of the project set constrains for the
state occupancy representation (in terms of diversity profiles). The flow modelling
part is fu rther combined as an aspect of the model towards the provision of the
enhanced MOEEBIUS Occupancy modelling framework.

4.3.2.2 Flow Modelling Parameters
The matrix presented above contains the typical diversity occupancy profile of the
zone. To address the stochas  tic nature of this aspect, probabilities of moving from

one occupancy level to another (and therefore  specific transition path s) are
defined to depict occupants flow . The transition table that incorporates these flow
parameters of the model:

The probability value for each transition at a

Transition Probabili e . . complex
v specific time -period/ timestamp of the day P
Start Point The time the first occupant arrives. time
End Point The time the last occupant leaves. time

Table 7 Flow Modelling Parameters
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The transition probability is modified through time and thus the complex type

( Wransition Probability @) is segmented to {probability value (float), time - period
(time)}.  The values of this flow matrix are continu ously updated taking into
account the training process of the occupancy profiling engine. We have to point
out that huge volumes of data and a long training period is required for modelling

the transitions. Therefore, the main focus of MOEEBIUS demonstrati on is on the
extraction of accurate diversity profiles.

4.3.2.3 Open Reference and Schedule models specifications

As mentioned above, the definition of open reference models and typical pilot
schedules has to be defined in a standardized way. These input parameter s are
further incorporated in the occupancy profiling  framework and thus modelling
specifications are provided for these initial configuration settings. A representation
of the specification s about Open Reference Occupancy Model s is given in the
next figur e.

Open Reference
Occupancy Model

A
Granularit .
Y Metrics
v A ¥
Spatial Temporal Hourly distribution
i of mean occupancy

‘ density
A

Building Space ‘ Day Type ‘ ‘ Season ‘
Weekday
Weekend Autumn
Holiday (Day Off) Winter
Mon, Tue, Wed, Spring
Thu, Fri Summer
Saturday, Sunday All

All

Figure 18 Open Reference Occupancy Model Specification

The model contains the hourly distribution of the occupancy density for the whole

building or per space and may be different depending on the ty pe of day and
season. Therefore the  modelling aspects for open reference models are similar to
them presented for occupancy profiles, considering these diversity profiles as the

baseline for open reference models.

For typical schedules we refer to events concerning either the whole building (e.g.
operating hours, holidays, special activities) or particular spaces (e.g. meeting

room, lab). Furthermore, schedules may contain either typical or dynamic
information. Typical schedules refer to typical events/tas ks, such as working time,

38



MOEEBIUS

holidays, lunch break hours, common meeting times, while dynamic schedules

refer to more special events/tasks that do not happen on a regular basis (e.qg.

extra meetings/conferences, organized events, planned trips, planned vacatio

etc.). Scheduling information will be provided during pilot evaluation phase in

order to further enhance the extraction of occupancy profiling models (manually
incorporated in the associated user profiling engine). The general parameters used
for zone s chedules are given in the next Table.

The space/Zone where the event is going to take
Space P going ID
place
A description of the event e.g. meeting/conference, .
Event Name . string
holiday, lunch
Start Time The time the event is expec  ted to start time
End Time The time the event is expected to end time
Occupancy The occupancy range that expected to participate in float or
Range the event integer

Table 8 Scheduling parameters

As mentioned above we define diffe rent types of schedules (typical and dynamic
events) that also considered as part of the model. For typical model, an
enumeration is defined to specify the periodical character of the event (Season or
Day_type) while for dynamic events we have to define th e specific date that this
event is going to happen. Indicative paradigms for schedules are defined:

Space Building Meeting room
Event Name Working period Meeting
Start Time 8:00 13:00
End Time 19:00 14:00
Occupanc y 3 1
Range
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Season Autumn, Winter -
Day Type Weekday -
Date - 23/12 /201 6

Table 9 MOEEBIUS Schedules examples

We have presented above the different structures that consist of the occupancy
profiling framework . Occupancy diversity  profiles associated with occupancy flow
profiles set the MOEEBIUS occupancy profiling framework, further incorporated

with information from open reference models and typical schedules in building
premises.

By defining the data parameters that consist of t he models for occupancy profiling,
we further proceed with the definition of models for short term  occupancy
prediction.

4.4  Occupancy Prediction Model Specifications

The occupancy prediction modelling specifications are further provided as an
instance of the occupancy model presented above . Following the common
modelling principles of the different structures defined as part of the occupancy
profiling engine , the occupancy prediction is modelled in a similar to real time

occupancy . The modelling specification s are presented in the next Table:

The space/zone real -time detected .
Space/Zone ID, enumeration
occupancy refers to.
The range of occupants in a
Occupancy .
building/space/ of that
range as a . - complex
o building/space/zone per a specified
distribution )
time frame (e.g. per hour).
Table 10 Occupancy prediction modelling parameters
Again, the occupancy range data type is defined as a complex type, with the
occupancy range and the short term time -period forecast ing. The analysis is
delivered for a short period in order to provide accurate results. By taking into
account the probabilities for occupancy variation T occupancy flow modelling -, the
occupancy prediction values are further associated with a reliability level.

40




MOEEBIUS

4.5 BEPS tool Occupancy Model parameters

Along with the definition of the occupancy profiing parameters in building
premises (as part of MOEEBIUS occupancy profiling engine), we need to further
define the data structure s for interfacing this informati on to BEPS modelling

framework (in T3.6) and subsequently the BEPS tool (in T5.1) . The goal of the
MOEEBIUS BEPS tool is to provide accurate building performance simulations, by

incorporating in the simulation process dynamically updated occupancy profiles as
defined by MOEEBIUS occupancy profiling engine. Therefore, we need to specify

the data structure s that incorporate occupancy profiling attributes required for the
simulation process.  The definition of interfaces /methods and the associated data
models are reported i n del i MEGHEEBIUI ArchiteduBal. Oesign and
Technological/ Functional Specifications 0 & D 3CorBmomfi Information Model
Definition 0 ; her e dfitheewmipt®f occupancy profiling models is reported.
The representation of the me thods defined for  interfacing is provided below, while
atypical .xsd incorporating this information is provided in Annex II.

Method Description

getOccYearAvg (depth=null) Returns hourly occupancy average for
a period of one year. Depth is the
number of y ears to consider for the
avg. calculation. If null last year

getOccSeasonAvg (season= Returns hourly occupancy average for

<val>,depth=null) a certain season. Depth is the number
of years to consider for the avg.
calculation. If null last year

getOccMont hAvg (months= Returns hourly occupancy average for

<listval>,depth=null) certain months. Depth is the number
of years to consider for the avg.
calculation. If null last year

getOccMonthAvg (stardate= Returns hourly occupancy average
<val>enddate=<val>) between certain dates.
getOcc24h () Returns the hourly occupancy forecast

for 24h ahead

Table 11 BEMS tool occupancy modeling incorporation

This list is an indicative one, while the actual implementation of these interfaces
will be performed in WP5 along with the development of Building Energy
Performance Simulation System Enhancement (T5.1) & Occupant Profiling

Mechanism (T5.2). The goal of this section was to provide the modelling
framework about occupancy profiles as agreed among the partners participating in
the development process . These, will be further incorporated with behavioural
aspects, towards the extraction of MOEEBIUS behavioural profiles. The detailed
framework for the extraction of these profilesis provided inthe ne xt section.
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5 MOEEBIUS User Preferences Modelling Specification

In this section, the detailed specifications of MOEEBIUS User Preferences Model S

are provided. First , we set the algorithmic framework for the
different behavioural profiles . Then , the detailed behavioural
aspects are defined

extraction of the
profiing modelling

As mentioned above, the behavioural model analysis is mainly focusing on two
core aspects: thermal and visual preferences (considering operational and price

elasticity profiles as pa rt of the proposed framework ). The
process are the same, though differentiations will be highlighted

principles of the
at the modelling

analysis. Within MOEEBIUS (taking into account  the limited number of  equipment
installations) , zone specific occupancy a nd therefore behavioural profiles will be

extracted.

5.1 Behavioural Preferences Modelling Overview

We have already highlighted ASHRAE as the initiative to sp

ecify the comfort

aspects for building occupants. ASHRAE (American Society of Heating,
Refrigerating and Air -Conditioning Engineers)  [31] points out in its handbook four

factors which affect the final inner comfort in a building:

1 Thermal comfort, which is the most widely examined factor through the
aggregation of heterogeneou s parameters, such as humidity, air - conditioning

temperature, external temperature, and air speed
1 Visual comfort which depends on illumination level

9 Air quality, based on the CO2 measurement within the infrastructure examined
1 Noise level, which is a measur ement of the noise within the infrastructure

From these , thermal and visual comfort parameters are examined in this
document. Air quality models are examined in Task 3.5 while noise level analysis

is out of the scope of the project. In this section, we pre sent the approach  for
modelling behavioural preferences at building zones. Along with the definition of
the modelling principles, we are  further defining the algorithmic framework for the

extraction of user preferences (in the next section)

As a high leve | picture for the proposal , we have to say that we

are not providing

a static model rather a dynamic one continuously updating  to reflect changes that
mayoccur inoccupant sdé behavi og wilnothéave to explicitly geéine t
their operational pro files, instead these will be defined by continuously monitoring

user control actions and also reactions (corrective control actions) to specific
contextual conditions. The evaluation of the user profiling framework will be based

onthe selection ofspecific events that affect
types of events examined for the user preferences framework are:

occupant sé

9 Environmental Events . The reduction of the luminance or the increase of

external temperature may trigger the generation of different

types of events
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1 Control Actions : The events triggered by the reaction of the users to the
internal conditions through actuators.

9 Occupancy events . These types of events are considered as the events
triggered by the variation of the number of occupants wi thin the infrastructure.

We have already specified occupancy event types in previous section.

Following the initial segmentation of events (environmental , control actions
occupancy ) required for the  behavioural profiling framework , the core part of the
work is the definition of  the types of preferences to be examined in the project.

We have already specified through the literature review the most important
features that set the baseline for the MOEEBIUS framework:

1 Thermal Comfort Profiling. Thermal comfort is the condition of mind that
expresses satisfaction with the thermal environment and is assessed by
subjective evaluation (ANSI/ASHRAE Standard). Maintaining this standard of
thermal comfort for occupants of buildings or other enclosures is one of the
mo st important goals of HVAC (heating, ventilation, and air conditioning)

design engineers. The Predicted Mean Vote (PMV) model, as presented
above, is the main model considered for the quantification of comfort level. In
addition, adaptive models about ther mal comfort preferences are also

mentioned in State of the Art Analysis to further consider occupants as
dynamic entities of the building. The combination of these two modelling
frameworks set the baseline for the proposed MOEEBIUS thermal behavioural
prof iling model.

1 Visual Comfort Profiling . Visual comfort and discomfort levels of occupants
is an obscure concept because of the multiplicity of variables involved and the
difficulty of reconciling aesthetic and physiological elements. Most visual
discomfort metrics have been derived under controllable conditions in lab
environment and represent an average over the subjects, without making any
provision for adaptation to individual needs. Therefore, it is mandatory to
develop a framework in which visual discom fort can be expressed addressing
individual needs and preferences. In the MOEEBIUS framework, we propose a
method to calculate a visual comfort probability in a specific zone, relying
exclusively on the observation of the users' actions in premises. This u ser-
adaptive approach is delivered as part of the MOEEBIUS Behavioural Profiling
framework and defines the visual comfort and discomfort levels of individuals
under different environmental conditions.

91 Device Profiling . Along with the extraction of thermal and visual profiles, we
extend the framework in order to cover typical devices wh ose operation is not
affected by environmental conditions. These devices are dependent only from
user settings and operational characteristics . The most typical example of thi S
device type is the charging process of electric vehicles. This is the case of
shiftable devices where user preferences and non -preferences are directly
affected by the operational characteristics of devices.
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In addition, and i n lack of low level informat ion from specific building devices,
aggregate price driven behavioural profiles  should be defined. This is  the initial
step of the work towards the extraction of price elasticity profiles, to be further
incorpor ated at the decision process  of Demand Side A ggregator .

By defining the types of behavioural profii es examined in the project, we need to
define the context wual framework  for the delivery of these models. A short
overview of the semantic elements that set principles for the profiling framework

is prov ided in the following Table

MOEEBIUS Semantic Element Dependency

BIM model provides the structural
characteristics of the infrastructure. A list of
Building Information Model areas and sub -areas within the buildings are
defined setting the physical layer for the

extraction of Behavioural Profiles

The occupancy flow model provides to the
Behavioural profiling model information related
Occupancy Profiling Model to occupancy patterns. This close dependency
has been already highlighted in previous

section.

As mentioned before, different types of context
events are triggered by the occupants on

specific BIM zones. These events will further

enable the extraction of Behavioural Profiles

Events Model

Behavioural Profiles are defined for specific

devic es and therefore detailed DER models

should be considered for the overall modelling
representation of MOEEBIUS framework

DER Model

Behavioural Profiling framework is further
KPI Model associated with comfort and discomfort KPIs.
This work is documented in T3.6.

Table 12 Context Framework for Behavioural Profiling

The aforementioned  analysis provide d an overview of the profiling types  examined
in th e project, highlighting the input parameters to be considered for the profil ing
mechanism and f urther define the context for MOEEBIUS Behavioural analysis .
This initial analysis sets the layer for the definition of the algorithmic framework to
further define the aspects/data attributes of MOEEBIUS Behavioural modelling
framework.

5.2 MOEEBIUS User Prefe rences Algorithmic Framework

We have already highlighted in the literature, the preferable approach for
MOEEBIUS user preferences framework. A preferences framework expressed in

terms of utility function is considered as the baseline for the proposed profi ling
Engine. We have to point out that different view points of the same algorithmic
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approach are considered for the specification of the  different profiling types. More
specifically we define:

Algorithmic Framework for context based devices : A Bayesian for malism is
proposed to estimate objectively occupantsd vis
function of the environmental conditions at one or more locations. Expressed as a

di scomfort probability, it i s based on an ana
interact ions with lighting and HVAC devices (devices associated with visual and

thermal comfort respectively)

Algorithmic Framework for operational devices : These are the devices that
are not directly related to environmental conditions and thus user preferences are
device operation driven. The algorithmic approach for these device types is the
extract ion of an abstract utility function taking as input parameter s the interaction
of users with  these devices.

In addition, the  algorithmic framework for the extraction of behavioural
profiles as a function of tariff schemas is provided as part of the work. This is
a parallel activity towards the extraction of accurate price elasticity profiles and is
presented as an Annex (Annex V) . Following the distinction among the different
types of devices, the detailed algorithmic framework is presented.

We have already highlighted the Bayesian networks as the principle for the

behavioural analysis [32] . The anchor point of the proposed framework is the
estimation of wuserdés discomfort from a statistioc
specifically, Bayesbéb theorem is applied t o e !
Probability as a function of the temperature /lu minance distribution in each

building zone. We first set a review of Bayesian statistics and then we discuss how
these can be applied in our case.

In statistics, Bayesian inference is a method of inference in which Bayes' rule is
used to update the probab ility estimate for a hypothesis as additional evidence is
acquired. Bayesian updating is an important technique throughout statistics, and
especially in mathematical statistics. Bayesian inference has found application in a
range of fields including scienc e, engineering, philosophy, medicine and law.

A more concrete description of the Bayesian inference follows. Bayesian inference

is what we do when we infer that a state A must be true because we have
observed state B and that A and B usually happen togeth er. For example, if we
see a lion at a circus show we can infer that it must be tame, because all tame

lions we have seen were part of a circus show, and we have never seen a wild lion

in such a show. Series of experiments have successfully demonstrated th at the
brain carries a built  -in prior probability curve for different kinds of events, which is

updated as new evidence becomes available.
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It was Reverend Thomas Bayes (1702 11761) who first discovered what is now
known as Bayesd theor em:dengtedvbg A and B,dhe liowingt s |,
holds:

Pr(B | A)*Pr(A)
Pr(B)

Pr(A|B)=

Where Pr(A) stands for the probability of event A and Pr(A|B) stands for the
conditional probability of A knowing that B has happened. Pr(B) can be expanded,
yielding the same theorem in another form:

Pr(B | A)*Pr(A)

PrAIB)= S B A Priay PrE |A)PTA

Where Pr(Bb) stands for the probability of A not
with only two events, but Bayesian networks link together an arbitrary number of

events believed to exert a probabilistic influence on each other. Consider the

following example, adapted from Korb and Nicholson (200 4) [33] : a patiento
chances of developing lung cancer are assumed to depend exclusively on whether

they live in a polluted area, and on whether th ey smoke. Similarly, having cancer

will determine the chances of an X -ray test to be positive and will also affect the

chances of the patient developing a breathing condition known as dyspnoea. The

probabilistic influences exerted among these events are sh own in Figure 19.

Pr(P=L)

e
v

Pr{C=T|PS)

0.90 0.05
0.02

0.03

0.001
™
C

C | Pr(X=pos|C)

[ A
o= A

PHD=T|C)

T 0.90 T 0.65
F 0.20 F 030

Figure 19 Bayesian Inference Approach - Reference Example

Here the conditional probabilities are given explicitly, and successive applications

of Bayesd theorem all ow wteer grobabiliye Foe example,e any
without knowing whether the patient exhibits dyspnoea and without the results of

an X-ray test, the probability of any patient having cancer (with symbols as

defined in Figure 19)is:
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Where,

1 Pr( C= T): The probability of cancer.
1 Pr(P = H: The probability of high air pollution.
1 Pr(S= T): The probability of being a smoker.

Based on the above mentioned statistical values as depicted in the schema, we
calculate the probability Pr(C = T) = 0.012.

Bayesian inference has emerged in recent years as a particularly promising form
of artificial inte lligence and has gained a solid foothold in different application
domains.

The anchor point of our claim in MOEEBIUS project is that if (even naive) Bayesian
classifiers are so good at calculating probabilities, then they should also be able to
calculate the probability for a certain environment of being comfortable or
uncomfortable to its occupant. Such a classifier should base its judgment on the
physical variables it measures and classify the zone examined as comfortable or
not. In particular, this clas sifier will look for correlations between different types of
discomfort levels and environmental parameters towards the extraction of
accurate behavioural profiles. The principle for the extraction on behavioural
profiles based on zone settings and user pr eferences is provided:

Environment Conditions, Controls& Settings A [Profiling Engine] A Comfort parameters

The following of this  section highlight s the applicability of Bayesian networks in
MOEEBIUS case towards the definition of visual and thermal prefer ence profiles.

Visual Comfort Bayesian networks

As an initial step, we continuously record the measured illuminance levels after
each user action. If we denote as:

o C: Event AUser being comfortabl eod
o E: llluminance level

0 T: True Indication & F: False Indicat ion as the possible values for C
0 E: possible illuminance value for E parameter

We can estimate based on the available data the following parameters:
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o 0® Agt &, which is the PDF when an abnormal comfort situation is
considered.

o 0® Agt 4, which is the P DF when a normal comfort situation is
considered.

If E is a discrete variable we should simply count the number of times it realized

each value and divide by the total number of events. If E is a continuous variable,
it is, strictly speaking, a probabilit y density we must estimate. The simplest
density estimator is a classic histogram but the choice of bin width can influence

the resulting density estimate. The details of this segmentation is not the scope of

this deliverable but part of the development of user preferences engine.

In Figure 20 we show an example of the estimated density of illuminance level for
a typical building zone  when discomfort, 0 @6 Ag¢t & . The data points are

represented beneath each density curve as small ticks.
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Figure 20 Probabilistic Density Function for true comfort settings

The users are remarkably consistent in that the illuminances most often seen to

trigger a user action are below about 200 lux, or higher than 3000. In ot her
words, only very dark or very bright situations prompt user actions. Similarly, the

distribution of illuminances resulting from user actions tends to cluster around a

value of about 400 -500 lux. Again, the users are consistent among each other.

From t h e af orementioned t wo curves, w e may now
derive Pr(C = False | E = e), i.e. the probability of user discomfort as a function of
illuminance level. The estimation of PDF function is depicted:

0 At &z20% &

. . ‘ ‘ ( ‘
0& &% A 0@ At &z0%* & 0 A# 420 4

The 0 Gt & term, named to Bayesian formalism as the prior, has been the cause

of much controversy in the statistical community. A couple of years ago the dust

settled and the consensus seems now to be that in the absence of any prior
information it is safe in most cases to set O &=0& 4 =05.
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Figure 21 Discomfort Probability Function [20]

The output curve, smoot hed with a figuwew2ls Ao
global minimum at about 500 lux is depicted showing the maximum comfort/
minimum discomfort level.

It is obvious from the curve that for the average user, the preferred horizontal
illuminance should be at 500 lux. This is for the speci fic case taking into account
the illuminance level as tracked by the luminance sensor. An overview of
algorithmic framework for the extraction of visual comfort behavioural profiles is
presented:

Input Parameter

Il luminance value (lux: as measured by luminance sensor). User control
actions on lighting  devices trigger en vironmental event s. Based on correlation
of control action with luminance events we can define comfort and discomfort

states.

Algorithmic Framework

Extraction of probability function s 0 A# 4 & 0@ Ag¢t & based on
available data. Input parameters for probability function s estimation are:

- E: illuminance state
- e illuminance data
- C: Event fiuser being comfortable 0

Output

The PDF functon 0 G+ &s% A expresses the discomfort value on a state
condition for the single occupant.
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MOEEBIUS

Thermal Comfort Bayesian networks

Thermal comfort is defin  ed in terms of the perception of satisfaction that a subject
experiences in a given thermal environment. Probably, the most influential
standards for designing an indoor environment of thermal comfort have been
developed by ASHRAE, the International Organi zation for Standardisation (1SO)
[34] , and the European Committee for Standardisation (CEN) [35] . The sensation
of thermal comfort is found to be dependent on six environmental and physical
factors: air temperature, radiant temperature, air speed, air humidity, and
metabolic rate as well as clothing level of the subject. Based on these factors,
mathematical expressions of a thermal sensation index, the Predicted Mean Vote
(PMV) is delivered, for pred icting the percentage of dissatisfied occupants against
certain indoor environments were proposed.

The aforementioned model is generic enough and cannot cover the specificities of

each case scenario. Therefore, an adaptive thermal approach is proposed to
optimise the comfort acceptance of end users. A Bayesian adaptive comfort
temperature approach is proposed for MOEEBIUS in order to predict the desired
temperature set point for an air -conditioned space accordi
complaints about thermal discomfort. The basis for this model remains the PMV
indicator as the commonly selected indicator in the domain, though an
adaptiveness of this parameter is defined as part of the personalization process of

the project. In particular, measured system setti ngs and complaint records are
used as input parameters to demonstrate the proposed algorithm in determining

the optimum temperature set point for the HVAC system.

The main differentiation from luminance framework as presented above is that
parameter E is a  discrete variable.  Subsequently , the thermal discomfort function

is extracted as a discrete probability density function and each value define s the
utility parameter (Utility function) as thermal preference. The next table presents

the details of the algo rithmic framework for thermal (dis)comfort profiling
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MOEEBIUS

Input Parameter

Indoor Tem perature value (as measured by temperature sensor) and
indoor humidity value (as measured by humidity sensor) further combined
and expressed in terms of PMV . The user control actions on HVAC units trigger

an environmental event. Based on correlation of con trol action with
temperature & humidity events we can define comfort and discomfort states.

Algorithmic Approach

Extraction of probability functions: 0@ A# 4 & 0@ Ag¢t & based on
available data. Input parameters for probability functions estimation a re:

- E: Temperature/ Humidity state
- e: Temperature/ Humidity data
- C: Event Auser being comfortabl eod

OQutput

The PDF functon 0 Gt &% A expresses the discomfort value on a state
condition for the single occupant.

As an intermediate step of the framework, is the extraction of PMV values from
temperature and humidity data. The ASHRAE standard specifies the equation for

PMV calculation (presented also in D1.3 as part of KPls definition), thougha non i
parametric machine learning technique is adopted in the project for the direct
calculation of PMV values. A fuzzy based model as proposed by Hamdi et al. [42]

is follow ed to express the P MV values as a synthesis of context dependent and
personal dependent parameters.

Figure 22 Architecture of the fuzzy thermal sensation index
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