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Abstract

There is a great opportunity to reduce energy consumption in Europe by addressing energy efficient
measures applied to residential buildings since they are responsible for 27% of Europe’s final energy
consumption and are known to be highly ineffective. To evaluate these measures, building energy
simulation (BES) models have been widely used. However, these models are very complex and require
detailed input data on building characteristics and operation, which is usually hard to collect. The recent
investment in smart meters encourages innovative studies addressing residential and non-residential

electrical consumption by making high-resolution data available.

A mathematical model is proposed to disaggregate total electrical consumption data into possible end-
use profiles for building energy simulation. Data from several smart meters is collected and used to
perform cluster analysis via k-means algorithm, to determine residential users’ daily consumption profile
in three reference months (free-float, winter and summer). Building energy simulations are performed to
test, if the resulting input profiles for occupancy, lighting, equipment, heating and cooling use can describe
the real consumption of a given set of users. Different comfort temperature, heating and cooling systems

types are considered in a model calibration step.

The model proved to be effective, as the difference between the total daily consumption from measured
and simulated data is small: for free-float (0.22%), for winter (0.90%) and for summer (4.00%). Concluding
that even if the measured and the simulated profile consumption do not present a perfect hourly match,

the total consumption does present a close approximation.
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Resumo

Ha uma grande oportunidade para reduzir o consumo de energia na Europa, analisando medidas de
eficiéncia energética aplicados a edificios residenciais, ja que sdo responsaveis por 27% do consumo final
de energia da Europa e s3o altamente ineficazes. E necessario realizar simula¢des de energia em edificios
para avaliar tais medidas, mas esses modelos sdo muito complexos e requerem dados detalhados sobre
caracteristicas de construgdo e operagdo, geralmente dificies de obter. O investimento em “smart meters”
disponibiliza dados de alta resolugdo promovendo estudos inovadores sobre o consumo elétrico

residencial e ndo residencial.

Um modelo matematico é proposto para desagregar dados de consumo elétrico em possiveis perfis de
uso-final para simulacdo de energia em edificios. Dados de “smart meters” sdo utilizados para realizar
uma analise de “clusters” para determinar perfis de consumo didrio de utilizadores residenciais, nos 3
meses de referéncia (“free-float”, inverno e verdo). Sdo realizadas simulagdes de energia para testar se é
possivel descrever o perfil de consumo real de um conjunto de utilizadores através desses perfis de

“input” (ocupagdo, iluminagdo, equipamentos, aquecimento e arrefecimento).

O modelo provou ser eficaz, ja que a diferenga entre o consumo total didrio medido e simulado no pior
caso é igual a: para o “free-float” (0.22%), para o inverno (0.9%) e para o verdo (4.0%). E possivel concluir
que, mesmo que o consumo de perfil medido e simulado ndo tenha uma combinagdo horaria perfeita, é

possivel concluir que se obtem uma boa aproximagdo usando o modelo matematico proposto.
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“Putting energy efficiency first reflects the fact that the cheapest and cleanest source

of energy is the energy that does not need to be produced or used.”

Communication from the Commission to the European Parliament, the Council, the European Economic and Social
Committee, the Committee of the Regions and the European Investment Bank, 2016, Clean Energy For All
Europeans [1]
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1 Introduction
1.1 Motivation

Several efforts have been made over the past decades to fight climate change and its effects. More
recently, at the Paris climate conference (also known as SCOP21), 195 countries signed an historical
agreement to address global climate and prevent the increase of events associated with climate change

by restricting global warming below 2°C [2].

To accomplish the international climate actions before 2020 and the objectives of the Paris agreement up
to 2030, the European Union (EU) efforts should consider both domestic action and international
cooperation. This objective will not be achieved without strong initiatives towards a more efficient use of
energy from less polluting fossil fuels at all sectors, as well as more well-adjusted transport options, more
environmentally  responsible land-use and agriculture,  more  sustainable cities,  more climate

robust communities and fewer emissions from all sectors of our economy [3].

EU has been recognized as being in the forefront of this challenge. In 2007, the European Council set
energy and climate change targets for 2020, namely the reduction of greenhouse gas emissions by 20%,
the increase of the renewable energy share to 20% and the improvement of energy efficiency of 20% [4].

In 2014, the EU-28 met their 2020 target for final energy consumption (Figure 1).
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Figure 1 - Member states’ progress towards energy efficiency targets for 2020, 2014 [3].

Between 2005 and 2014, the final energy consumption decreased in all sectors (11%), particularly in the
industry and household’s sectors (16.5% and 14.8%, respectively), influenced by the economic
performance, the structural changes in various end-use sectors, the improvements in the end-use

efficiency and heat consumption reduction due to the recent years favorable climatic conditions.



In October 2014, new energy efficiency targets were set up to 2030, now including at least 40% cuts in the
greenhouse gas emissions (from 1990 levels), a minimum of 27% share for renewable energy and at least

27% of improvement in energy efficiency [5].

The building sector is the largest single consumer of energy in Europe. It accounted for 40% of the final
energy consumption in 2012 and 38% of the EU’s CO2 emissions, with 27% of the final energy consumption
being represented by residential buildings [6]. The final energy consumption of the building stock,
residential and nonresidential, increased by 14% between 1990 and 2012 and the electricity use increased
by 60% between 1990 and 2012, largely as a result of the high penetration of consumer appliances and

electronic devices (Figure 2) [6].
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Figure 2 — Buildings’ final energy consumption by energy carrier [6]

In general, the energy efficiency in the residential sector can be improved by using more efficient energy
equipment, upgrading the energy characteristics of buildings or by inducing changes in the consumers
behavior. However, at today's rate of renovation of 1% per year, it would take a century to upgrade the
building stock to modern, near-zero energy levels [1]. A great opportunity lies on addressing the building
owners awareness of their energy use and potential savings related to different energy efficiency

measures paired with the financial and other incentives related to building renovation [7].

To be able to measure the impact of such actions one has to be able to simulate energy savings and
therefore accurate dynamic models of buildings energy consumption need to be developed. Buildings are
complex systems in which energy consumption is influenced by a combination of factors, including the
age and location of the building, the household size and the occupants lifestyle, and the penetration of
appliances and electronic devices [6]. Due to the diversity and disaggregation of the buildings sector, it
remains challenging to acquire good data on building’s characteristics and its energy use, with negative

consequences on the perception of the cost-effective energy savings potential[7].



Besides building’s related information, data about the occupant’s behavior is necessary to be able to
perform accurate models of energy consumption, as well as information about the existent equipment in

each household, including the type, function, dimension, quantity and efficiency.

Occupants’ behavior in residential buildings can be described in three main categories: the occupants’
presence, the occupants’ operation of systems- lighting, equipment, heating and cooling systems - and
their interaction with windows and blinds [8]. However, to obtain this type of information it is necessary
to perform occupancy surveys, occupant’s monitoring (through sensors or observation) or field

measurements and questionnaires, which can be time consuming and intrusive.

With this goal in mind, EU has adopted a number of initiatives aiming to improve energy consumption
awareness, including the replacement of at least 80% of electricity meters with smart meters by 2020 [9].
These smart meters will allow for a temporal assessment of the electricity use, which holds the potential
to reveal insights about the electricity consumption and the behavioral and technological drivers of that
consumption [10]. In this way, the accuracy of the buildings energy models can be increased, enabling the

simulation of impactful measures for the improvement of the energy efficiency in the residential sector.

1.2 Objective

Smart meters and smart grid deployments are making the information about energy use more available,
which allows the temporal assessment of the electricity use, with the potential to reveal information
about the end-use and the factors that affect that consumption. Moreover, it can also improve the
operation, planning and control of distribution networks [11] and give more information to the consumer,

allowing him to have a knowledgeable behavior towards its electrical consumption.

There has been an increasing use of smart meters data in recent studies, namely to identify various types
of consumers for short-term and midterm load forecasting, time of Use (ToU) tariff desigh and Demand
Side Management (DSM) strategies [12]-[18]. Other studies focus only on the residential load
characterization [10], [11], [19]-[26], or on inferring about the drivers behind the residential
consumption, in terms of socio-economic status, appliances stocks and dwellings characteristics [27]-[29].
Finally, electric consumption disaggregation, appliances, lighting and plug load profiles distinction [30]—
[35], as well as occupancy inference and inhabitants routines are other uses of smart meter data [36]—

[41].

The objective of this research is to analyze the behavior of different residential electricity consumers to
identify input operation parameters to improve the dynamic energy simulation of the building. The
clustering k-means method is applied to identify different occupant’s profiles. By comparing different
seasons, it is then possible to infer about the inhabitant consumptions habits on heating and cooling
energy. From the paths describing the inhabitant behavior throughout the different seasons, a parametric
model of the household energy use is created, where occupancy profiles are inferred, with disaggregated
lighting, equipment, heating and cooling consumption. From that information, a dynamic energy

simulation is taken and the model accuracy is evaluated against real energy data.



The main goal of this thesis is to develop a method to give back information about the different end-uses
of the hourly electrical consumption (lighting, equipment, cooling and heating) and occupancy profiles,

using aggregated smart meter data. The research questions addressed in this work are as follow:

e How can we develop a model to simulate the energy in buildings, as accurate as possible?
e How can we use smart meter data to create this model?

e What information can we retrieve from it?

1.3 Methodology

The methodology proposed in this work consists of six stages: 1) Data cleaning and preprocessing; 2)
Typification of energy consumption; 3) Residential consumption characterization; 4) Input profiles
determination; 5) Parametric building energy model creation and 5) Model evaluation (Figure 3). Each

stage is described in detail hereafter.

Stage 1: Stage 2: Stage 3:

Data Cleaning & Typification of Energy Residential Consumption
Preprocessing Consumption Identification

Stage 4: Stage 5:

Stage 6:

Input Profiles Parametric Building Model Evaluation

Determination Energy Model Creation

Figure 3 — Methodology framework

Stage 1 refers to the identification of missing-value users, zero-use residential users and outliers, where a
method to fill in the empty data is proposed. This stage is performed to ensure a reliable performance of

the next stages.

Stage 2 proposes a method to distinguish residential from nonresidential consumption profiles, through
clustering analysis. Representative profiles per user are determined, where different data normalization

techniques are discussed. Adequacy measures are applied to evaluate the segmentation of the dataset.

In Stage 3, residential users are selected and characterized in 3 reference months: a free-float month, a
winter month and a summer month, to identify the changes in the consumption profiles throughout the
seasons. Another clustering analysis is performed and the clusters centroids obtained per month are used
to create the consumption paths, throughout the year that represents the behavior of a certain number

of users throughout the different seasons.



In Stage 4 a mathematical model is developed, using as input the paths consumption profiles, as well as
the time of use survey and illuminance values to determine possible occupancy, lighting, baseline, activity,

heating and cooling profiles.

In Stage 5, a parametric model of a reference dwelling in the building is created. The disaggregated
consumption profiles by end-use obtained from Stage 4 are used as inputs to perform the building energy

simulation.

Finally, in Stage 6, a model evaluation is taken to evaluate the reliability of the mathematical model
proposed in Stage 4. Model calibration through different heating and cooling systems efficiencies as well

as temperature setpoints are tested.

1.4 Structure

This dissertation is organized into six chapters.

In the first chapter, the context, motivation and objectives of this thesis are presented. It starts with the
collective need to assure the sustainable use of energy and the commitments that were generated for
energy efficiency. The Europe’s current situation towards those goals is presented and the link to the need
to perform more accurate energy simulations in buildings is introduced. Then the methodology proposed
in this thesis is briefly developed. Finally, the thesis main goal, research questions and structure are

disclosed.

In the second chapter, a brief review on the relevant literature is introduced. The topics considered on

the method developed in this thesis are investigated, namely:

e the smart meter data applicability, where the possible uses of smart meter data referenced in
literature are explored;

e the typification of energy consumption, where methods for electrical consumption
characterization are presented;

e the clustering analysis, where different cluster techniques and algorithms and its application will

be reviewed.

The third chapter presents the Case Study, where the building characteristics and location as well as the

available data are described.

The forth chapter describes the methodology developed under this thesis and the applicability to the case

study. The challenges and benefits of the developed method are established.
In the fifth chapter, the validity of the results is discussed and analyzed.

In the sixth chapter, the summary of the findings of this thesis and its implications are presented,
reviewing the merits of the methodology and highlighting its fragilities. Finally, some thoughts on the

potential use of this work and its relevance towards the global sustainability goal are shared.



2 Literature review

2.1 Smart meter data applicability

Electricity consumption data can provide useful information about the consumers and their habits. Also,
it can be used to characterize the activities and equipment behind electrical consumption, which can be
crucial in building simulations as well as providing energy-related feedback to households. In addition, by
linking energy intensive activities to their time profile, it is possible to identify potential for load shifting,

demand side management and identification of suitable tariffs.

According to [28] and [29], smart meter data combined with ground-truth information about the
household can be used to estimate which characteristics could be well inferred from the consumption
data, like socio-economic status, dwelling properties and appliance stock, with the end objective of using
this information in personalized and scalable energy efficiency programs for private households. For
example, in [38] the focus of the research was the occupants behavior and electricity consumption
patterns studied for 27 dwellings in the Northern Ireland. The conclusion was that the type of dwelling,
location, ownership and size, household appliances, number of occupants, income age and occupancy
patterns have different, but significant, impacts on electricity consumption. Furthermore, the authors
were able to link certain activities with different time periods and different values in consumption: the
minimum load typically occurring between 2h and 4h corresponding to the sleeping activity, a minor peak
occurring between 6h and 9h when householders were preparing breakfast and performing other
morning rituals and a major peak occurring between 5h and 22h, which corresponded to dinner

preparation and the maximum usage of lighting.

In another study, a Non-Intrusive Occupancy Monitoring (NIOM) is explored using data from smart meter
and ground-truth information about the actual occupancy of two households [39]. It was observed that
home’s patterns of electricity usage change when occupants are present due to interaction with electrical
loads. The use of electricity meters as occupancy sensors was also evaluated in [36], where five
households supplied fine-grained electricity consumption data and ground-truth occupancy information
throughout eight months. The authors concluded that power consumption is likely to have a higher mean
and standard deviation when the household is occupied, having lower consumption values once
occupants might be at home but not using any electrical devices. Using the same dataset, the same
authors built on their previous work presenting a detailed analysis of adding an on/off feature
representing the activation state of appliances. Through this new feature an accuracy of 94% in occupancy

detection from smart meter data was achieved [41].

In [40], the impact of human activity in energy consumption was studied using data from 241 smart
meters. Several methods were introduced to identify which days had human activity, to extract daily
routines from it, and to identify routine’s startup and shutdown. One of the conclusions was that the
human activity only accounted for two thirds of the energy consumed daily and the consumption that was

not related to the human activity could get as high as 50%.



A methodology to characterize the energy consumption of domestic life was presented in [33] by linking
appliance end-use and activities through an ontology built from qualitative data about the households
and Non-Intrusive Appliance Load Monitoring (NILM) data. In addition, social science approaches to
determine time use, such as interviews and ethnography data, were also used. The total electricity load
was disaggregated up to the appliance level and it was combined with related activities. Finally, a sample
of ten households was used to show which activities can be inferred from the available data. In [31] one
sensor was installed on the main electric supply of the house and one sub-meter targeting the appliances
during a week, to find the electric characteristics of the used appliances, allowing to disaggregate the total

electricity consumption into major end-uses.

In [32], a method was proposed to distinguish non-electrically heated and cooled homes from broad
datasets of whole-house profiles to obtain appliance, lighting and plug load profiles (ALP). This method
was based on the comparison of smart meters with a 15-min time-step for 160 homes throughout three
years and sub-metered 1-min time-step data, for 23 residential homes. From the sub-metered dataset,
Domestic Hot Water (DHW) heating, furnace auxiliary and air conditioner for space cooling were
subtracted from the whole house consumption, creating ALP equivalent profiles. By comparing these
equivalent profiles with the smart-meter dataset it was possible to establish if the households were using
electricity for space cooling and heating or not. From that, a method to identify homes with electric space
heating and cooling was proposed by comparing electrical average monthly consumption in months that

typically do not require neither cooling or heating, with winter and summer months.

Hourly electricity meter data from 470 household in Norway was merged with weather data and
responses from a household survey to examine the impacts of outdoor temperature and different
household characteristics on hourly electricity consumption [30]. Two models were compared and it was
concluded that daily mean outdoor temperature, represented by heating degree days, is the best suited
input variable for modeling aggregate hourly electrical consumption. Further, regression models were

used to break the consumption down into space heating and other electrical appliances.

In [34], [35], [37] the authors proposed three models that firstly intended to create occupancy profiles,
then lighting profiles and afterwards a combination into a model to infer domestic electricity use. Firstly
in [37], a model based upon surveyed time-use data from UK households was presented, describing what
people do and in which period and when people are at home and awake. This approach generated
statistical occupancy profiles accounting for differences between weekdays and weekends. Then in [35],
a model that combines the level of natural light coming in from outdoors, measured by irradiance, and
the activity of the households residents, represented by the active occupancy data from the previous
work, allowed to construct the lighting electricity demand profiles for individual dwellings. Finally in [34],
a high-resolution model of domestic electricity use was presented, based upon a combination of patterns
of active occupancy and all the major appliances commonly found in the domestic environment. This
model was validated by comparing the synthetic dataset with real electricity consumption data from 22

dwellings, recorded over a year.



In summary, smart meter data can be used for several purposes such as infer which factors have significant
impacts on electricity consumption like socio-economic status, dwelling properties and appliance stock,
identify the impact of the occupant’s behaviour, identify end-use consumption, distinguish non-
electrically heated and cooled homes from broad home datasets and study the impact of the weather on

the final consumption.

2.2 Typification of energy consumption

Distinct types of users (domestic, commercial, industrial, agricultural, etc.) have different electricity
consumption profiles. Even for the same type of users, their electricity consumption patterns may be very
different. It is not possible to study individual consumption patterns due to the considerable number of
consumers of the electrical system. Therefore, to characterize the behavior of all consumers, it is
necessary to represent the entire population by a smaller sample of consumption patterns [12], usually

through the Load Classification method.

Load Classification, also known as Load Profiling, is the method used to divide various load consumption
curves, or load consumption patterns, into well-defined and separated groups. The load patterns
belonging to the same group have more similarities to each other than with the load patterns of the other
groups [13]. Characteristic load curves, or Typical Load Curves, are then created, representing the typical

load behavior within the same group.

Several studies can be found in literature on this topic. In [14] the authors present an electricity medium
voltage (MV) customer characterization framework, focusing on identifying typical load profiles of
consumers and developing a rule set for the automatic classification of new consumers. Also, in [17], a
similar framework is proposed and applied to a real database of low voltage (LV) consumers of the
Portuguese distribution company. In [12], to implement Demand Site Management (DSM), the authors
used an analysis of the smart grid data to create load curves patterns for policies decision in Brazil
generated by four types of consumers. In [16], a pattern recognition methodology for the classification of
the daily chronological load curves of medium voltage electricity customer of the Greek power system is
executed, in order to estimate typical days and the respective representative daily load profiles. Also in

Greece, in [18] consumption patterns of high voltage (HV) consumers are explored.

As it was previously mentioned, within the same type of users the consumption profiles can differ, and
even the same user can behave differently from day to day or month to month, reflecting different
behaviors and needs, generated by the variability in weather, work schedule, etc. A process for data-
mining the daily electricity consumption profiles of low voltage households in China is proposed in [19].
In the data cleaning and preprocessing phase, the nonresidential profiles were identified and removed
from the dataset. In [25], the same author analyzed and clustered 938 household daily electricity
consumption profiles, also in China. The final group characteristics were extracted and different electricity
consumption patterns were identified. However, while most of the research focus on clustering daily load

profiles, in [11] the authors proposed the use of segmented load profiles to estimate missing or future



smart meter measurements for the improvement of the Time-of-Use tariff design. Further, the
segmentation of 759 Spanish clients throughout 2008 and 2009 was done in [26], with 2 objectives: firstly,
using residential dynamic load profiles to evaluate the impact of the changes in normative and laws
applied in those years and secondly, to classify groups of users, identify anomalies, evaluate trends and

select target groups for DSM action.

The load classification method can be divided into three stages presented in [10], [21], [22], [27]: the
determination of the consumer segmentation based on the metering data; the correlation of survey data
to the segments identified previously; and the development of statistical and machine learning
classification models to predict the users’ demand profile. For example, in [27] these 3 stages are applied
and 4232 Irish households were segmented, in [22] also by the same authors, using the same data set and
the same process but this time extended to create a model to predict the group of a new customer is
presented, being characterized by a representative consumption profile and survey answers. Moreover,
in [21] the same Irish households were segmented and the process was repeated for each day over a six-
month period in order to characterize the diurnal, intra-daily and seasonal variations of domestic
electricity demand. In Austin, a dataset with 103 homes, with a temporal resolution of 1 minute, was used
in [10] to determine the shape of the seasonal demand residential profiles while combining the
information of the survey’s response. The goal was to infer about the possibility of establishing a
correlation between the two. A detailed review of the process behind the load classification can be found

in [13].

In summary, the stages that describe the typification of energy consumption procedure can be defined
as: 1) Data Cleaning and Preprocessing, 2) Creation of representative load curves, 3) Clustering analysis

and 4) Post clustering analysis [12], [13], [15], [16], [18], [19], [22], [25], [27].

2.3 Clustering analysis

Load classification is usually done using clustering techniques. Clustering analysis aims at discovering the
natural grouping of a set of patterns [42], by distinguishing groups based on their similarities. This means
that within a certain group’s data, objects are as similar as possible and dissimilar compared to the other
groups [19]. Data clustering analysis has been used to accomplish three main purposes: to understand the
underlying structure and gain insight into data; to identify its natural classification by determining the
degree of similarity among forms or organisms; and to organize the data and summarize it through cluster

prototypes [42].

Two clustering analysis methods are often used in load classification studies: the Hierarchical and the
Partitional Clustering Method. The Hierarchical method groups a given dataset of load profiles into the
required number of clusters through a series of nested partitions, being the final clusters results
hierarchical. On the other hand, the Partitional method aims to group load profiles into several clusters
by optimizing a certain objective function but requires the number of clusters to be known in advance.

This method is called the center-based method because each cluster is represented by its centroid and



this centroid is representative of all the loads contained within that cluster [11]. Other methods for
clustering analysis include the density-based methods, grid based methods and model-based methods.
Further, the clustering methods can also be characterized as either “crisp” or “fuzzy”. While in the “crisp”
clustering each data object can only belong to one group, on “fuzzy” clustering each data object can
belong to one or more groups with a certain degree of membership [19]. The typical algorithms used are

the k-means algorithm [10]-[12], [14], [17], [21], [22], [27] and the Fuzzy C-means [13], [19], [25].

An overview of the clustering algorithms for load clasification and its performance assement can be found
in [15], [16], [18]. In [15], the author identified six main algorithms: the hierarchical agglomerative
clustering, k-means, fuzzy k-means, self-organized maps (SOM), probabilistic neural networks (PNN) and
follow the leader (FDL) algorithm. He concluded that if the objective is to get the representative classes,
the k-means algorithm is appropriate, while if the objective is to find outliers a hierarchical algorithm is
best suited. In [14], several algorithms were tested for electricity users characterization and the k-means
algorithm was chosen since it performed the best. In [21], three algorithms were also tested for load
classification (SOM, k-means and k-method) and the authors found that the SOM algorithm had the best
performance. However, k-means also performed good, with slightly lower values on the index used to

evaluate the algorithm performance.

Besides the choice of the algorithm, when performing any typical clustering scenario, two questions need
also to be addressed: firstly, what is the number of clusters that best divides the dataset and how good is
the performance of the clustering itself [43] and secondly, if comparing different methods, which one is
the suitable method. To answer those questions, validity indexes are used. Typically, these indexes
measure the compactness and the mutual separation between each cluster. Several validity indexes exists
and can be found in literature such as: the Mean Index Adequacy (MIA) [17], the Mean square error (J),
the Clustering dispersion indicator (CDI), the Similarity matrix indicator (SMI), the Davies-Bouldin
indicator (DBI) and Ratio of within cluster sum of squares to between cluster variation (WCBCR) [16]. The
use of the Intra-cluster index (IAl), the Modified Dunn Index (MDI), the Scatter Index (Sl), the Variance
ratio criterion (VRC) was reported by [15]. Moreover, in [27] and [22] using k-means algorithm and the
appropriate number of representative groups was inferred using the Dunn Index, the Davies Bouldin Index

and the silhouette index. For fuzzy c-means the fuzzy cluster index (PBMF) was used by [19],[25].

In [18], several algorithms and validity indexes were tested, in order to evaluate the best suited validity
indexes per algorithm to assess their performance. The authors stated that for k-means clustering method
the most efficient adequacy measures are: the J-Mean Square Error or Error Function, the IA/- Intra Cluster

Index and the CH — Calinski Harabasz Index or Minimum Variance Criterion.
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3 Case study

3.1 Neighborhood characteristics

The building under analysis in this thesis is located in Lisbon, more precisely in Parque das Nagdes

neighborhood (Figure 4).

= Parque das Nagdes, Lisboa

Figure 4 — Parque das Nagdes case study

The most common age range in the casa-study area is between 35 to 44 years, representing 25%, followed
by 45-54 years with 18.5%, 24-34 years with 17.8% followed by >65 with 16.5% and the remaining is
distributed by 55-64 with 14.3% and by 18-24 with 7.9%.[44]

Considering the inhabitants employment situation, most of the sample is working full time (57%), followed
by 22.8% of retired people. Only 6.6% are unemployed and 6.1% are studying [44]. When it comes to the
number of persons per household, 2 members is the most common value with 30.6%, followed by 3 with
24.7%, 4 with 20.6% and 1 with 15.2%, having the remaining distributed into 5 or more members . It is
likely to represent a couple without kids as the most common value followed by couple with one to two

kids [44].

3.2 Building characteristics

The building under analysis is located in a recent area of intervention, where around 69% of the buildings
were constructed after 1991. The typical buildings in this area have 5 and more floors (68%), with 3 or
more dwellings per building (74%) and typologies with 5 or more rooms (50%), and 3 to 4 (47%), with
average dimensions between 101 and 200m? (51%) and 50 to 100m? (35%) [45].

The building used as reference for this model has 4 floors (Figure 5) with a floor-to-floor height of 3 meters
(more drawings detailing the building sections and elevations can be found in Annex A). Each floor has

two dwellings with 3 bedrooms and a living-room (commonly called a ‘T3’ typology) with an area of 150m?,
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and one dwelling with 1 bedroom and a living-room (commonly called a ‘T1’) with an area of 55m?. The
buildings in this area all share similar characteristics regarding their geometry and construction materials,
being the dwelling chosen for simulation representative of the existing dwellings in this neighborhood.

The dwelling chosen as reference for this case study is highlighted in red in Figure 5.

Figure 5- Building and floorplan used as case study

The constructive information used as input parameters in the energy model was retrieved from the energy

performance certificates [46] and are presented in Table 1 and Table 2:

Table 1— Walls constructive parameters

Walls Location Utotal (W/(mZ2.°C)
Double wall with thermal insulation in air space Exterior 0,54
Single or double wall plastered (post 1960) Interior 1,16
Table 2— Windows constructive parameters
Windows U(W/(m?2.°C) Solar heat gain coefficient
Double glazing with metallic frame with no thermal break 2.9 0.7

For the exterior walls, a total thermal transmittance value of 0.54 W/(mZ2.°C) was considered,
corresponding to a double wall composed by outer coating, masonry layer, thermal insulation material
completely filling the air space, masonry layer and inter coating, from [47].The materials used in the
simulation engine are presented in Table 3.

Table 3 - Exterior Wall Individual Materials
Thermal Resistance Thermal Conductivity

Material Thickness(m)
((m2.°C)/W) (w/(m.°C))
Gypsum Plaster 0.019 0.083 0.23
Concrete Blocks 0.11+0.15 0.78 0.33
Extruded Polystyrene (XPS) 0.03 0.81 0.037

For the interior walls, a total thermal transmittance of 1.16 W/(m2.°C) was considered, corresponding to
a single wall composed by outer coating, masonry layer and inter coating, from [47], . The materials used

in the simulation engine are presented in Table 4.
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Table 4 - Interior Wall Individual Materials
Thermal Resistance  Thermal Conductivity

Material Thickness(m)
((m?. °C)/W) (w/(m.°C)
Gypsum Plaster 0.019 0.083 0.23
Concrete Blocks 0.15 0.45 0.33

The renovation of the air through natural ventilation in residential buildings is often carried out by the
opening of windows and by uncontrolled air infiltrations through the latches in the enclosure, in particular
the shutters, windows and doors [48]. In this case study, it was considered the average of the 18 energy
performance certificates from the apartment block where this building is inserted, where no mechanical
or hybrid ventilation was reported, only natural ventilation which includes an infiltration value of 0.62 air

changes per hour.

From the same energy performance certificates, it is also possible to redraw information about the most
common energy systems available in the households (Figure 6) When it comes to gas systems, 64,7%
reported the existence of a gas heater for water heating and space heating, with an average efficiency of
0.9, and 11.8% reported a gas heater only for water heating with an efficiency of 0.86. When it comes to
electric systems, 11.8% are for water heating and 11.8% for space heating and cooling. The equipment
used for water heating was an electric heater with an efficiency of 0.81 and for space heating and cooling

was a multi-split with an average SCOP of 2.6 and SEER of 2.5.

11.8%
m Gas for Space Heating and Water Heating
11.8%
Gas for Water heating
11.8% Electric Space Heating and Cooling

64.7%

Electric Water Heating

Figure 6 — Energy Systems present in the case study household

3.3 Available data

For this case study, electricity data from smart meters installed in this neighborhood was provided by the
local energy supplier. Before any preprocessing and treatment, the dataset was formed by 267 users with
a 15-min time-step of electrical consumption values in kWh, from March 2016 to February 2017, inclusive.
The floorplans, sections and elevations of the existing buildings in this area were provided by the
Municipal Archives [49]. The energy performance certificates were provided by ADENE [46] and included

information about the building’s envelope, ventilation and energy systems.
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4 Model development

Following the methodology presented in Section 1.3, this chapter describes in detail the application of

each stage to the case study.

4.1 Initial dataset

For each user of the dataset, the electrical consumption values are combined into total consumption per
year. A descriptive statistics analysis is taken (supported by Minitab [50]) and the summary results are
presented in Figure 7. The graphical summary includes three graphs: the histogram of data, a boxplot, and
the 95% confidence intervals for the mean and for the median. The graphical summary also displays a
table with the Anderson-Darling Normality Test statistics, a test used to verify if the data has a normal
distribution and the descriptive statistics and confidence intervals for the mean, standard deviation and
the median. From the Anderson-Darling Normality Test (for a significance level of 0.05) it is possible to
verify that the dataset does not follow a normal distribution since the p-value is lower than 0.005. The
mean of the yearly consumption corresponds to 2280.5 kWh/year (with a 95% confidence interval of
1999.7 kWh/year and 2561.3 kWh/year) and the median to 1689.1 kWh/year (with a 95% confidence
interval of 1523.9 kWh/year and 1963.4 kWh/year). The dataset has a positive skewness due to the
presence of high frequency of zero-use residential users and missing-value users, which is visible in the
histogram. From the boxplot, it is also possible to verify that there is a severe presence of outliers in the

initial dataset.
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Figure 7 — Graphs and descriptive statistics of the case study initial dataset

4.2 Data cleaning and preprocessing

As presented previously, databases are likely to have discrepancies in data, lack of values or errors in the

data and outliers. Therefore, a data cleaning and preprocessing procedure is crucial to ensure that a
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reliable data analysis is taken [15]-[17]. This procedure is accomplished in two steps: 1) Bad data detection

and elimination; 2) Fill in missing data.

4.2.1 Bad data detection and elimination

Missing data on residential hourly electricity consumption is possible due to several reasons, such as
equipment failure or external influences and empty households [19]. To create a clustering model as
accurate as possible, it is necessary to identify the inconsistencies in the initial dataset, being necessary
to perform the following evaluations:

e Missing-value users. To identify users with missing values, the number of days per month with
data are counted and users with over 10% of missing data are removed from the dataset. This
step is taken to avoid compromising the quality of the data filling procedure.

e Zero-use residential users. To identify zero consumption users, all the users with less than 40
kWh/month of electricity consumption are considered zero-users and therefore removed from
the dataset. The threshold of 40 kWh/month was set considering that an occupied household
has to have at least the fridge consumption throughout the month [51]. Other criteria can be set
as for example in [19] where zero-use residential users were defined as a residential user with
more than 20 days a month with daily electricity lower than 1 kWh.

e  Qutliers. Toidentify outliers, the yearly total consumption per household is plotted into a boxplot
graph and outliers are identified. To verify if all outliers were identified the Grubb’s test is used
with a significance level of 0.05 [52]. The null hypothesis considered that all data values come
from the same normal population and the alternative hypothesis considered that the largest data
value is an outlier. In this thesis this analysis was also supported by the statistical software
Minitab [50].

These evaluations were applied to the case study initial dataset. After removing missing-value users and
zero-use residential users, the size of the dataset was 101 users. Outliers were identified and removed,
achieving a final dataset with 90 users. The final dataset electrical consumption distribution is presented
in Figure 8. From the analysis is possible to observe that the mean of the yearly consumption corresponds
to 2398.0 kWh/year (with a 95% confidence interval of 216.1 kWh/year and 2628.9 kWh/year) with the
median of 2103.8 kWh/year (with a 95% confidence interval of 1856.3 kWh/year and 2472.1 kWh/year),

having both increased when compared with the initial dataset.
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Figure 8 - Graphical summary of the dataset, after data cleaning

From the boxplot in Figure 8 there is no longer any outliers in the dataset. An outlier test was also taken
(Figure 9) and as the p-value is higher than the significance level of 0,05 which confirms that no outlier is

present in the dataset.
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Figure 9 - Outlier test of the dataset, after data cleaning

4.2.2 Filling in missing data

In this data treatment phase, the objective is to fill in the hourly electric consumption for the users with
less than 10% of missing data, to make sure that the information from the clustering analysis is reliable.
For a reduced dataset size, the method proposed by [15] to input a missing value or replace a bad data at
a certain hour, would be the mean of the values available for that hour on the remaining days. The use of
the mode instead of the mean is also suggested, if a larger amount of daily data is available. In [53] it is
proposed that fill in empty data should start by identifying patterns, by understanding the distribution of
the remaining data, and decide on the best procedure to take. As the objective of this thesis is to analyze
average daily data, it was verified that the hourly consumption does not vary sharply from hour to hour

and that the consumption patterns vary throughout the days of the week.
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As the smart meters data is usually available in a 15 minutes time-step, the consumption per hour can be
verified knowing that in each hour there should be 4 data points. Every time that the count is less than 4,
the electric consumption per hour, EC;; is estimated as follows:
» If the time-step count, TSC;, from a certain hour h; at a certain day Dy is 0 and:
e If h;,; or h;_; also have data missing:
Make the average of the value of h; from Dy, and from Dy_5;
e If hj;; and h;_; don’t have data missing:
Make the average with h;,; and h;_; ;
> If the TSC; from h; at Dy is less than 4:

Original electric consumption;y 4
X

ik TSCiyc

» If the TSC; from h; at Dy is equal to 4:
EC;x = Original electric consumption;
As an example, a week of a certain user was used to demonstrate how the fill in empty data step was
applied in the case study, with the blue being the raw data from the smart meter and the orange being

the shape of the profile after filling in the empty gaps (Figure 10).
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Figure 10 - Comparison of 7 days of a user’s measured hourly electrical consumption with the same users filled in
electrical consumption
This procedure was applied to the entire dataset. As a result, 70 users had its yearly electrical consumption
increased between 1% to 3% when the empty values of consumption were filled in (Figure 11), 15 users
had an increase of 3% to 6% and the remaining 5 had an increase higher than 6%. Although this increase

in the annual electricity consumption apparently is not significant, for the clustering analysis this step is

extremely important.
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Figure 11 - Histogram of the increase in annual electrical consumption after filling in empty data
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4.3 Final dataset

After adding the missing values, the mean and median values increased when compared with Figure 8.
The mean of the yearly consumption is now 2474.2 kWh/year (95% confidence intervals of 2234.9
kWh/year and 2713.6 kWh/year) and the median is 2152.4 kWh/year (95% confidence intervals of 1902.7
kWh/year and 2661.1 kWh/year). The dataset has a smaller standard deviation when compared with the
initial dataset. The minimum consumption value is 691.7 kWh/year and the maximum value is 523.4
kWh/year. The final sample has a significant number of users with consumption between 1200 kWh/year

to 2000 kwh/year (Figure 12).
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Figure 12 - Graphical summary of the final dataset, after data cleaning and filling in empty data

By having a valid distribution of the dataset, it is possible to go beyond the sample data and make
statistical inferences about the larger population that follow the same distribution. So, a probability
distribution identification is taken to evaluate the optimal distribution for the final dataset. Based on the
probability plots and goodness-of-fit tests, 14 distributions are tested. Several criteria are used to select

the appropriate distribution, from [54]:

e 1t criteria: compare the p-value to the a-level. In this case as a = 0.05, the p-value must be equal or
higher than 0.05;

e 2" criteria: choose a distribution which has a calculated p-value as similar as possible to Anderson-
Darling (AD) statistic value;

e 3" criteria: for the distribution with an extra parameter, use the for-Likelihood ratio test (LRT P) to
determine whether adding the extra parameter improves the fit, if the LRT is smaller than 0,05 then
choose the one with extra parameter;

e 4% criteria: use the probability plots to compare the fit of all distributions;

e 5% criteria: compare the values of the percentiles of the sampled data and compare it with the

distributions, for 1%, 20%, 50% and 99%;

From the goodness-of-fit test, 9 distributions were eliminated since they failed to meet the first 3 criteria.

The remaining distributions were: the Lognormal, the 3-Parameter Weibull, the Largest Extreme Value,
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the Gamma and the Log-logistic. From the visual inspection, the Largest Extreme Value distribution was
eliminated. When comparing the percentiles values of the final dataset with the distribution, the Log-
normal values were in the same range as the sampled data having the smaller associated error. The
distribution that best describes the dataset is the Log normal, and the probability density function is
described by the following function [55]:

L]
xo2m (4.1)

The final distribution characterized by two parameters, the mean p and the standard deviation o of the

P(x;u;0) =

variable’s natural logarithm, and each has the value of 7.703 and 0.4849, respectively (Figure 13).

When comparing the final value of the mean electricity consumption per dwelling with the Portuguese
reference of 3672 kWh/year per dwelling available in [56], the mean value of 2474 kWh/year of this case
study is quite small. However, when using the same reference to calculate the mean consumption by
summing the electrical consumption by end-use (9.176.569.767 kWh in [56]) and dividing it by the number
of dwellings studied to achieved this end-use consumption (3932010 dwellings in [56]), the calculated

value corresponds to 2430 kWh/year which is quite close to the obtained value in Figure 13.
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Figure 13- Final dataset distribution

4.4 Typification of energy consumption

In a residential district, usually there are various kinds of low-voltage electric power users, including
residential users and nonresidential users. In a low-voltage distribution network, nonresidential electricity
generally includes non-industrial use by property management companies (such as for elevators),
electricity used for nonresidential lighting (such as for podiums, public corridors, and underground
garages), electricity used in commercial buildings (such as shops) and electricity used in office buildings

[19].

As the objective of this research is to specifically analyze the residential electrical consumption, once
removed the zero-use and missing-value residential users from the initial dataset, it is also necessary to
identify and eliminate the non-residential users. Several steps are taken to accomplish this goal, namely:

the identification of the representative consumption profile; the profile consumption normalization; the
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clustering analysis; the adequacy measure analysis and the identification of different types of profiles.

Each of these steps are described in detail hereafter

4.4.1 Representative consumption profile

As each user has 365 daily profiles, it is necessary to reduce the dataset without losing the information
required for the clustering analyses [17]. Therefore, the 365 daily profiles were combined into an average
daily curve consumption, where each hourly value represents the value of the mean consumption of the
whole year at that hour, creating for each user a single daily load representative curve [14], [17], [22].
Even though the weekdays and weekends have different profiles, especially for the nonresidential, the

criterion was that the 2/7 of the impact from the weekend would still allow to make a good identification.

The 365 daily consumption profiles per user were averaged into one daily consumption profile. The 90
daily average profiles are presented in Figure 14, and it is possible to verify visually that within the 90

users there are some nonresidential users. However, the majority are residential users.

Electrical Consumption

Figure 14- 90 user’s average daily consumption profile

4.4.2 Profile consumption normalization

The main reason to normalize the consumption profiles is to have the consumption dynamics independent
of the amount of energy consumed. For example, when applying a cluster algorithm to a normalized
dataset it will group the consumers by its consumption behavior. On the other hand, with non-normalized

data, the cluster algorithm will tend to group consumers by the amount of consumed energy [23].

Several data normalization strategies can be considered. In [23] the author described two different types:
one based on the Maximum-Minimum values ( 4.2 ) and another based on the peak consumption
(Maximum) value ( 4.3 ), where the first was preferred as it is aligned with focusing on the consumption
dynamics, especially in the variance rather than the peak weight. In [24], besides the normalization
strategies already described, the authors also introduced the Zero Mean Normalization and the Mean
Normalization where the profiles have unitary mean, ending up choosing the zero mean normalization
method as the easiest in identifying consumption peaks and consumers with sudden alteration in the

consumptions.
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C-minC

max C-min C (4.2)
C
max C (43)

The Maximum-Minimum normalization allows variables to have different means and standard deviations
but equal ranges. In this case, there is at least one observed value at 0 and 1 end points. One should focus
on time, rather than magnitude, if the goal is to aggregate load curves with the same time of peak
consumption. On the other hand, as all curves have the same range, it is not possible to distinguish the

steady profiles from the most irregular ones [24].

The Maximum Normalization works better than the maximum-minimum method in keeping the variance
between the peak and the remaining values of the load profile. It prevents that a profile with a small peak
to become scaled and grouped with another normalized profile with a much higher peak. On the other
hand, it can lead to wrong interpretations, as there is always a maximum peak of 1 and a lower
consumption user’s curve will be moved upwards. Compared with Maximum-Minimum normalization
method, the relationship between maximum value and minimum is kept [24]. In [10], [14], [15], [17], [18],
[22] the normalization with maximum is used since the goal is to analyze the dynamics of the consumption
regardless of the magnitude, maintaining the original shape of the profiles. In [16] the normalization used

was Maximum-Minimum Normalization.

As an example, 3 consumption profiles were chosen and normalized with the methods previously
described and compared with raw data. In Figure 15 it is possible to verify that in the raw data graph,
profile ‘A’ has a steadier consumption when compared with profile ‘D’. However, that information is lost

when applying a Maximum-Minimum normalization.
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Figure 15 - Comparison Raw data (left) and Max-Min normalization (right) consumption profiles

From Figure 16 raw data graph (left), Profile ‘B’ has a higher consumption when compared with Profile
‘A’. However, when comparing the normalized profiles (righ), the consumption curves are almost
coincident, not being possible to verify that the profile ‘B’ has a higher consumption when compared to

profile ‘A’.
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Figure 16 - Comparison Raw data (left) and Max normalization (right) consumption profiles

Both methods have pros and contras, so it is required a deeper study by testing the normalization

methods in the clustering analysis.

4.4.3 Clustering analysis

After selecting the best method to normalize the data, a clustering analysis is performed in order to
identify the different types of user’s profiles. For this case study it was selected the normalization with
Maximum value. Nonetheless, the study of the impact of choosing different normalization methods in the

clustering analysis is discussed again atthe end of this section.

Partitional methods are highly efficient for clustering large and high dimensional datasets, and they are
preferred for clustering daily load profiles of residential users [11]. The most popular and the simplest
partitional algorithm is the k-means, because it is easy to implement, simple, efficient and with empirical
success [42]. Also, this method emphasizes the minimization of the internal discrepancy for grouping,

maximizing the distance in relation to other groups [12].

The k-means algorithm is based on the minimization of the internal distance between the patterns of a
group or cluster. Due to this characteristic, the k-means clustering is considered as an algorithm of
unsupervised data mining [12]. The k-means algorithm groups data around centers called centroids. All of
this occurs in a cycle that ends only when the partitions cannot be improved, or until they reach a
predetermined level of precision. The centroids are at the core of each class [12]. The k-means method is
one of the most common cluster analysis methods. This method is an iterative process that groups n load

profiles into k clusters, by minimizing the intra-cluster sum of squaresJ (4.4).
K n

J=D0 D0 X = Wil? (44)
k=1i=1ick
Let X; = {x;,i = 1,..,n} be the set of n load profiles to be clustered into a set of k clusters, Wy =

{wi,k=1,..,K}, where x; = {x;(t),t =1,.., T} is the i'" load profile and where w} = {wy (t),t =
1,.., T} represents the k™ cluster centroid. The inputs of the proposed k-means clustering module include
load profiles of residential users and the number of clusters. The maximum number of clusters is always
equal to the number of input load profiles and in extreme each load profile will have its cluster centroid.

At each iteration of the k-means, the average Euclidean distance is calculated between the load profiles
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and the cluster centers according to ( 4.5 ) . This results in the assignment of each load profile to the
cluster that has the nearest center [11].

Yoy O —wy) (4.5)
T

The key steps of the k-means clustering algorithm are: 1) selecting an initial partition with k-clusters; 2)

d(x;,wy) =

producing a new partition by assigning each pattern to its closest cluster center; 3) computing new cluster
centers; and 4) repeat steps 2 and 3 until cluster membership stabilizes [42]. The disadvantage of this

method is its sensitivity in the selection of the initial clusters that can converge to a local minimum [12].

The clustering analysis presented in this work was taken through the Minitab 17 statistical software [50].
A multivariable analysis using the cluster k-means algorithm is taken. The first input is a matrix with the
normalized representative profile curve, with the size of 24 hours by N, the number of users. The number
of clusters or initial partition column (where it is specified a column identifying the cluster membership)

is a requirement to initialize the process.

The software then evaluates each observation, moving it into the nearest cluster, being the nearest cluster
the one with the smallest Euclidean distance between the observation and the centroid of the cluster.
The centroid is the vector of variable means for the observations in that cluster and it is used as a cluster
midpoint. When a cluster changes, by losing or gaining an observation, Minitab recalculates the cluster
centroid. This process is repeated until no more observations can be moved into a different cluster. At
this point, all the observations are in their nearest cluster according to the criteria. Unlike hierarchical
clustering of observations, it is possible for two observations to be split into separate clusters after they

are joined together.
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As output, one can obtain the number of observations in each cluster, the within cluster sum of squares,

the average distance from observations to its cluster centroid, and the maximum distance of observation

to the cluster centroid. The centroids for the individual clusters and the distances between their centroids

(as Euclidean distances) are highlighted as well and the cluster membership can also be obtained and

stored.

Define number of clusters = K

Normalized Representative profiles

Run k-means clustering

Find closest profiles to centroid and
assume as initial partition.
Calculate intra-cluster sum of squares

Has sum of
squares stop
reducing?

k=k+1

Figure 17 — Clustering Analysis

Framework

The final partition will depend to some extent on the initial
partition that is used, as k-means procedures may not perform
as well when the initializations are done arbitrarily. However, if
it is provided a good starting point, k-means clustering may be

quite robust.

To overcome this issue, in this work the first step was to run the
program and define the initial number of clusters. After having
the distances from each profile to the centroids, an initial
partition was created using the profile closest to each centroid
center. The program ran again, changing the initial partition
through the same method until the intra-cluster sum of squares
stops reducing (Figure 17). In general, a cluster with a small sum
of squares is more compact than one with a large sum of

squares. This process is repeated from k = 2 to k = VN [17].

As the goal of the clustering analysis at this stage is to identify
residential and non-residential users, the dynamic of the
profiles is the most important feature to keep, which both

normalization methods previously described do. A deeper

study is necessary, and it is done by using the clustering method with raw data (Figure 18) and the two

types of normalization (Figure 19 and Figure 20) to compare results and be sure that the type of

normalization chosen was the most adequate.
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Figure 18 - Cluster centroids with raw data
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Figure 20 - Cluster centroids using normalized data with Maximum

For a 5 clusters result, it is possible to verify that, regardless of the normalization method chosen, the
cluster centroid ‘c4’ corresponds to a nonresidential profile. However, when considering the cluster
centroid ‘c2’, although in Figure 18 and Figure 20 the curve suggests a nonresidential profile (due to
having an increase of 75 % of consumption in only one hour), in Figure 19 these distinction is not clear.
In fact, ‘c2’ can easily be classified as residential when compared with ‘c3’, ‘c4’ and ‘c5’ (which are
residential profiles). When using both types of normalization, ‘c4’ has 8 members, while the ‘c4’
obtained with raw data only had 7 members (Figure 21). That happened because when using raw data,
a nonresidential profile with lower consumption, '16.007’, was grouped in a residential centroid, ‘c1’

(Figure 18), since it had a similar magnitude of consumption to the remaining profiles.
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Figure 21 - Raw data profiles from c4, with the first seven profiles from clustering with raw data, and the 8
profiles from clustering with normalized data

Even though the identification of the higher consumption profiles is tougher, that it is not a crucial part of
this clustering analysis. What it is crucial, is that the variation is kept as well as the dynamics of the profiles
allowing for the nonresidential profiles to be identified. Therefore, using a Maximum normalization to
perform the clustering analysis will yield better results as the different consumption profiles are well

separated.

4.4.4 Adequacy measure

To verify what is the number of clusters that best divides the dataset and how good is the performance
of the clustering algorithm, adequacy measures, also known as validity indexes are used. In [18] the
authors stated that for k-means clustering method the most efficient adequacy measures are: the Juse-
Mean Square Error or Error Function, the /AI- Intra Cluster Index and the CH — Calinski Harabasz Index or
Minimum Variance Criterion. While Mean Square Error and Intra Cluster Index measure the compactness
of the cluster and are also appropriate for extracting the optimal number of clusters by the “knee”
detection method, the Calinski Index measures the compactness and the mutual separation between each
cluster. The optimal number of clusters is the solution with the highest Calinski-Harabasz index value,
since well-defined clusters have large IAl and a small IEIl, meaning the larger the ratio, the better the data
partition [57]. In [21] the measure used to evaluate how well the dataset was segmented was the Davies-
Bouldin (DBI) validity index since it corresponds to the average similarity between each cluster to its most

similar cluster. Therefore, low values of DBI indicate good partitions [14].

As |Al is already represented by the Calinski Harabasz Index it will not be used separately, so by combining
the information of the remaining indexes, it is possible to get the right number of cluster that create a set
of compact clusters and provide a good separation between cluster groups, when Jwuse starts to stabilize,
when CH is as big as possible and DBI is as low as possible. These indexes are presented in the following
equations:

The Jmse- mean square error- distance of each patterns from its cluster centroid is defined as:
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N
1 - —
]MSE = NZ d2 (Xir Wk:iiesk) (46)
1=1
where, Xis the dataset and N is defined as its population, Sy is the subset of X that includes the population

of the k™ cluster where the X; symbolizes the n input vector and the Wk:iiesk expresses the cluster’s
center. The dz(i’i,wk:;iesk) is the square of the Euclidean distance between the input vector which

belong to the k™ cluster and the centroid.

The IAI- Intra Cluster Index indicates the similarity level of the input patterns that belong to the same

cluster and is defined as:

K
Al = Z (Xi - Wk). (Xi - Wk)t {47)
k=1x;€ X
where, X is the dataset and N is defined as its population, k is defined as the obtained number of clusters,

the X; symbolizes the n input vector and the W expresses the cluster’s center.

The CH - Calinski Harabasz Index, is the ratio of the dispersion among the different clusters and the

dispersion within the same cluster:

CH_N—KIEI (4.8)
T K—1"1AI '
where, N is defined as its population, K is defined as the number of clusters, IAl represents the Intra

Cluster Index and IEl represents the Inter Cluster Index.

the IEl represents the Inter Cluster Index, which is defined as:

K
IEI = Z Ny (Wi — p). (Wi — ) (4.9)
k=1
Where Ny is the population of the k% cluster and p is the arithmetic mean of the set X. The Davies-Bouldin
Index, which relates the mean distance of each cluster with the distance to the closest cluster [18]:
K - ~
1 d(Ws) + d(W,
DBI=—Z max M (4.10)
K — st d(wg, wp)
s,t=
Where d(W;) denote as the mean distance of the load profiles belonging to cluster Wy and its centroid
wy, and d(wy, w,) denote as the distance between the centroid of the cluster W and the centroid of the

cluster W,.

To select the appropriate number of clusters k that provide a good segmentation of the dataset, adequacy
measures are used, but not always all the indexes agree. Therefore, the best solution is the compromise
between the individual best results. From Figure 22, k should be equals to 3 or 5 to minimize DBI Index
(left), for k equal or higher than 4 the Jysgstabilizes (center), and the CH Index is highest when equal to 3
or as close (right). Since from mean square error k has to be equal or higher than 4, from that only the
second-best option is available for DBI (k equal to 5), leaving the fourth best option for CH, the final

number of clusters considered was 5, which also provides more diverse cluster centroids.
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Figure 22 - Number of cluster selection methods: DBI index (left), Mean square error (center) and CH index (right)

4.4.5 Types of profiles
As a result, the final cluster centroids are presented in Figure 23 (considering the normalization with
Maximum). From the final 90 profiles, 16 members arein cl, 1inc2, 34in c3, 8in c4 and 31 in c5 (cluster

centroids and it members presented in Annex B)
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Figure 23 —Final Cluster centroids
From a literature review, it is possible to graphically identify nonresidential [12]-[14] and residential [12]—
[14] [21], [22] profiles of load consumptions. The nonresidential profiles reflect commercial spaces, office
spaces and restaurants/cafes which tend to have high and constant consumption throughout the day,
with a significant reduction in consumption during the nigh time. Further, street lights would have a profile
with a steadier consumption during the night, while lighting or common interior areas could have peaks
during the day. The residential profiles tend to have a low consumption from 0 to 6 h when the
consumption starts to increase, then the consumption stays steady until around 15 h when it starts to

increase and the hours of higher consumption are usually from 18 h to 22 h.

Through the visual inspection it was therefore possible to identify the cluster centroid c2 and c4 as
nonresidential profiles. By removing these users from the dataset (which means to remove 9 profiles
corresponding to 10% of the total analyzed profiles), the final sample considers 81 residential

consumption profiles, which are represented in Figure 23 by c1, ¢3 and c5.
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4.5 Residential consumption characterization

Since the goal of this work is to determine the operation schedules for residential buildings, nonresidential
profiles were excluded from the analysis. In this step, the objective is to characterize the residential users
and identify the changes throughout the days, weeks and seasons. To do so, three reference months have
to be analyzed: a free-float month with no heating or cooling needs [58]; a winter month, with heating
needs and a summer month, with cooling needs. For each of the reference months, every household will
be represented by two daily average profiles: one for the weekdays and other for the weekends. The steps
included in this stage are: month selection; the profile representation; the clustering analysis and the

paths analysis.

In this stage, it was chosen not to normalize the representative profiles, for three reasons. First, in this
stage the outliers, the zero-use residential profiles, the profiles with missing values and the nonresidential
profiles are no longer present in the dataset, which improves the performance of the analysis. Secondly,
in the previous analysis, the risk of using raw data is that it generates groups based on magnitude, losing
the distinctive shapes of the different costumers. In residential profiles there are no longer such diverse
shapes and the magnitude can give useful information about the inhabitant’s behavior. Lastly, in the next
stage of this research, the cluster centroids will be used to create input to make an energy simulation and
then will be compared with the modeled values. Besides, by not normalizing the dataset, the Clustering
analysis proceeds in the same way as described in Section 4.4.3 (illustrated in Figure 24) and the only
difference is that the profiles are not normalized. For the validity index, the indexes were normalized to
be able to compare the best solution for all the cases. Each index normalization was made with its
maximum value. The month selection and path analysis procedures are further developed below.
eFree-float month

Month Selection eWinter month
eSummer month

ePer household, per chosen month:
eAverage weekday consumption profile
eAverage weekend consumption profile

Representative
Profile

eAppropriate number of clusters
o Cluster centroids per month

Clustering Analysis

eResidential characterization throughout

Path Analysis A —

Figure 24- Workflow for residential consumption profile characterization

4.5.1 Month selection

The selection of the appropriate months can be done using the Heating Degree Days (HDD) and Cooling
Degree Days (CDD) methodologies [59]. The degree days provide a measure of how much (in degrees),
and for how long (in days), the outside temperature was below, in case of the heating degree days, and

above, in the case of cooling degree days, a base temperature. HDD and CDD are calculated as follow [60]:
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HDD(Tbase) = ﬁ Z (Tbase — Texteriors 0) (4.11)
) 8760

CDD(Tbase) = ﬁ Z (Texterior — Thase 0) (4.12)

i=1
The free-float month is therefore the month with the lowest amount of cooling and heating needs, being

the winter month, the one with the highest heating needs, and the summer month the one with the
highest cooling needs. However, besides the degree days, other indicators may be considered in the
selection process, such as other climate related factors like precipitation [61], as well as occupants
behavioral factors like large vacation periods. Since the Degree Days concept has several limitations
because only exterior temperature is considered, it is best suited when solar gains and internal gains do
not affect significantly the heat balance, as for example, for Nordic countries where the major driver for
space heating is the outside temperature [62]. From [63], in the winter season the effect of precipitation
is negative because it can further intensify the use of heating equipment. In summer, the effect of
precipitation is positive because temperature will decrease and become pleasant, so less air conditioning
and other cooling appliances will be used by domestic consumers. For example, when it comes to selecting
the free-float month, if multiple months present similar values of heating and cooling degree days, the
selection can be based on the lowest precipitation values since that factor will also affect electrical
consumption [64]. When it comes to selecting the summer month, if two or more months presents similar
values in terms of cooling degree days, the month that is not typically associated with large periods of
vacations should be the choice. After the month selection, representative profiles are created per month,

and then clustering analysis is applied to each month.

In this case study, to select the appropriate reference months, using the degree days methodology, the
base temperature considered for the heating degree days was 15.5°C, based on [65], and 22°C for the
cooling degree days, considering the average summer temperatures in Portugal. For the free-float month
selection, is possible to verify from the sum of HDD and CDD (Figure 25) that the months with lowest value
are May and October. Therefore, other factor will be taken into consideration for this selection. For the
winter month, there is a clear peak in the HDD for January, and for the summer August is the month with

highest amount of cooling degree days, closely followed by July.
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Figure 25 — Sum of degree days per month

From Figure 26, it is possible to observe that the average values of rainfall are typically the triple in

October than in May, when comparing with October, May presents to be better suited to represent the
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free-float month. When it comes to selecting the summer month, vacation periods must be taken into
consideration to avoid having empty households. Therefore, July was selected due to Agosto being the

typical month of summer vacations. However, it is possible to have also in July a percentage of households

in vacations.

Jan Feb  Mar  Apr  May  Jun Jul Aug  Sep  Oct Nov  Dec

Average values of
percipitation (mm}

433 297 13 293 144 16 0.1 0.5 9.9 469 475 52 8
Figure 26— Average rainfall values from Lisbon Portela Airport weather station, from 1985-2015 [66]
In summary, the reference months considered in this work is May for the free-float month, January for

the winter month and July for the summer month.

4.5.2 Number of clusters

Considering the months selected in the previous section, the dataset was filtered to perform another
clustering analysis, now using the data corresponding to the reference months. Before starting the
clustering analysis, the appropriate number of clusters have to be defined. Two indexes were used, DBI
index and Mean square error. When it comes to the mean square error (Figure 27), J starts to stabilize
from k equal to 4. When it comes to DBI index (Figure 28), the lower the k the better, so when combining

the information from the two indexes it was chosen to have 4 clusters.
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Figure 27- Normalized Mean square error by the number of clusters, for the selected months
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Figure 28 — Normalized DBI index per number of clusters
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4.5.3 Residential profiles clusters for reference months

After performing the clustering analysis (following the same methodology described in Section 4.4.3), the
results are presented for the free-float month (Figure 29), winter month (Figure 30) and summer month

(Figure 31).

By analyzing the sample of users within the clusters, ‘c3’ has 4 users in the weekday and 2 users in the
weekend for the free-float month, being this the centroid that the represents the energy-intensive
consumers. It is possible to observe consumption peaks around the meal time, which could indicate the
use of electric hob and oven, and the use of electric water heating. The remaining users were equally
distributed in the other clusters of the free-float month. “c1” represents a low consumption household
where it is hard to identify peaks of consumption, maybe representing a smaller household or/and more
efficient equipment. The “c2” and “c3” have quite similar profiles, where the peaks have different
magnitudes (lower in “c2”). From both profiles, it is possible to identify the beginning of the activity
around 7h and the peak of consumption around 21h, which could be related to cooking and/or other
activities as watching TV. When comparing the weekday with the weekend profile, the first peak of

consumption, which in the weekday occurs in early morning, in the weekend shifts for the lunch time.
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Figure 29- Cluster centroids for free-float month Weekday (left), Weekend (right)

For the winter month, the same scenario occurs, with “c3” having 3 users in weekdays and 4 in weekends. The

remaining users were distributed among the clusters as follows: for the weekdays, “c1” has 26 users, “c2” 35

users, and “c4” 16 users; for the weekends, “c1” has 18, “c2” has 28 and, and “c4” has 32 members. The

clusters centroids in the winter are distributed in the same way as the free-float month, with “c3” representing

energy intensive consumers and “c1” low energy consumers. The peaks also occur at the same time as the

free-float reference. However, the peak value increased probably due to artificial lighting need in the early

morning, in winter, and due to heating needs at night.
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Figure 30 - Cluster centroids for winter month Weekday (left), Weekend (right)

In the summer month, the same scenario occurs, with “c3” having 7 members in weekdays and 6 in
weekends. The remaining users were distributed among the clusters as follows: for the weekdays, “c1”
has 36 users, “c2” has 23 users and “c4” 15 users; for the weekends, “c4” has 33 users, “c2” has 27
users and “c4” 15 users. The major difference in the summer profile is that, for example, in the “c4”
cluster there is an increase in the consumption at 16 h, which could mean people at home due to

vacations or this increase could be related to the use of space cooling.
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Figure 31- Cluster centroids from summer month Weekday (left), Weekend (right)

4.5.4  Paths analysis

After performing the clustering analysis and having the correspondent cluster centroids for the 3
reference months, paths for weekdays and weekend-days are then created as the combination of the

cluster centroids, describing the way different household groups behave at these 3 moths: free-float

month, winter and summer.

As an example, a certain number of households is represented in the weekdays by the cluster centroid 1
during the free-float month, cluster centroid 2 on the winter month and on the summer month by cluster
centroid number 3. Therefore, the path for the weekdays would be defined as 123. The same process is
applied to create weekend paths. An example of a week path creation is presented in Figure 32 to

illustrate that some deviation can also occur: the 22 households represented by cluster centroid 1 during
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the free-float month are distributed, in the winter month, by the cluster centroid number 1 with 86.3% of
the initial members, cluster centroid number 2 with 4.5% and cluster centroid number 3 with 9%. Those
first 86.3% are then represented by the cluster centroid number 1 and 2 in the summer month, creating
paths 111 and 112, each representing 72.2% and 13.6% of the initial users. The process is repeated for all
possible paths. When it comes to combining the week paths with weekend paths, they could also divide
itself into different weekend paths, for example week path 111 could have half of its members

represented by weekend path 222 and the others by weekend path 123.

Free-

Winter Summer Paths
float

c1(72.2%)
c1(86.3%)
c2(13.6%)

c1(22

0 0,
members) 2(4.5%) c1(4.5%)

c1(4.5%)
c4(9%)

2(4.5%)

Figure 32 - path construction, starting on cluster centroid number one

In this thesis 27 paths for the weekdays were obtained but only 5 were studied. This selection was made
based on the number of households represented by each path, having as minimum threshold 5%, since
from this value the scope would be less than 4 households. 6 paths were above this minimum. However,
one of the paths was not analyzed since it had very similar profiles when compared with one of the 5
selected. When combining these 5 weekday paths with the correspondent weekend paths, 25 final paths
(Annex C) would be created. Due to the extensive number of final paths it was decided that only the most
representative weekend path, for each week path, would be analyzed. The final 5 paths in analysis are
Path 111 (20%), Path 212 (16%), Path 222 (10%), Path 422 (7%) and Path 444 (6%), which are discussed

hereafter.

4541  Path111

Path 111 represents 19.75% of the total residential users (Figure 33) having also path 111 in the
weekends. It is possible to verify that this path represents a low consumption user profile, where the
winter month has a higher consumption than the remaining profiles. The summer profile has a similar
consumption when compared with the free-float month, which can indicate that these users might not
be using electricity for cooling or that the household was empty for a certain period, due to vacations, for
example. This would affect the shape of the average profile, making it a steadier profile. During the

weekend apparently heating or cooling equipment is not used.
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Figure 33- Path 111 from Weekdays (top) and Path 111 from Weekends (bottom)

4542  Path212

The path 212 represents 16.5% of the residential users on the weekdays and on weekends it is path 222
(Annex C). From Figure 34, the winter consumption is smaller than the remaining profiles which could be
related to winter vacations or/and that the source of energy for heating is gas instead electricity. The
summer profile has a morning peak around 10h, while in winter and free-float that occurred at 8h, which
could indicate that at least part of the household is not working. This profile has a magnitude of
consumption like the free-float month which could indicate no use of cooling system. The weekend path,
in the free-float and winter, has an increase of consumption when comparing to the week path, especially
in the winter profile. For example, from 15h a higher consumption can be observed which can indicate
that the household is occupied for longer periods or that an electric system is used for heating. It is also

visible that the first peak shifts from the early morning to around 12 h in the weekend.
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Figure 34 — Path 212 (Weekdays)
4543 Path 222

The path 222 represents 9.88% of the residential users on the weekdays and has the path 222 as the
weekend path (Annex C). As it can be seen in Figure 35, in general this path has more severe peaks of
consumption when compared to the path 111. The winter profile has a much higher consumption when
compared with free-float month, which could indicate that the source for heating consumption is
electricity. The summer morning peak occurs at 10 h which could indicate that the household members,

or at least some part, is on vacations. In the weekend path, the winter still has high consumption but not
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as high as in the weekday, and the summer profile is smaller than the free-float which indicates that no
cooling equipment is used.
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Figure 35 — Path 222 (weekdays)
4544  Path422

Path 422 represents 7.4% of the residential users on the weekdays, the correspondent profile for the
weekend is 444 (Annex C). In Figure 36, the summer profile has smaller consumption when compared
with the remaining months, which could indicate that the household was empty, possibly due to
vacations. From the free-float month a peak occurs around 11h which could indicate that these household
has one of the occupants not working full time or that it has a housekeeper. As the winter profile is quite
similar to the free-float profile it is not possible to identify the use of heating equipment. When comparing
with the path 222, the only difference is in the free-float profile which increases in this path, being in this
case similar to winter profile. For the weekend, the winter profile has higher consumption than the
remaining profiles from 16 h on, which could indicate the use of equipment for heating. The first peak

occurs around 13 h, which could indicate the use of electric equipment for cooking.
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Figure 36 — Path 422 (weekdays)
4545 Path 444

The Path 444 represents 6.17% of the residential users on the weekdays, the correspondent profile for
the weekend is the path 444 (Annex C). In Figure 37, the winter profile has a much higher consumption
when compared with free-float month, suggesting the use of an electrical equipment for heating with low
efficiency system and/or in a high percentage of rooms. The weekend profiles maintain the same dynamic
as the week profile, having a slightly lower peak at 21h (0.8 kWh) in the winter when compared with the

correspondent week profile.
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In summary, from this analysis we can distinguish diverse user types profiles: two lower consumption
profiles, one with heating use (Path 111) and another with no heating and no cooling use (Path 212); two
medium consumption profiles with heating use (Path 222) and another without heating use (Path 422)
and finally a high consumption profile, with heating use (Path 444). Also, two profiles have one or more
members in vacations (Path 212 and Path 222), one household is occupied for longer periods than the

remaining paths (Path 444), and one empty household in the summer month (Path 422).

4.6 Input profiles determination

To create a parametric model of the energy consumption of a building, certain information related to the
occupants’ behavior is mandatory such as: the occupancy profile, the lighting profile, the equipment
profile (baseline and activity related consumption), and the heating and cooling profile (Figure 38).

However, from the smart meter data this information is not directly assessable.

Occupancy
Profile

Cooling Baseline
Profile Profile

Parametric
model of

building energy
consumption

Heating Lighting
Profile Profile

Activity
Profiles

Figure 38 — Inputs required for the energy simulation model

The objective of this step is to use the paths identified in the previous section to create the input for the
building energy simulation. To do so, it is necessary to create a mathematical model that can identify the

occupancy patterns, distinguish the consumption related to certain activities from the occupant’s
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behavior, create the lighting profiles and identify the use of electric consumption for heating and cooling

use. The input-process-output is illustrated in Figure 39 and described in detail in the next sub-sections.
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Figure 39- Input-Process-Output for the mathematical model

The starting point was a data-driven (inverse) approach based on parameter estimation, which in the
context of building energy modelling, refers to methods which use monitored data from the building to
produce models which are capable of accurately predicting the system behavior [67]. Each of the stages

of the mathematical model developed in this thesis are detailed in the following subsections.

4.6.1 Occupancy profile

The method starts by identifying the startup and shutdown events by using the method proposed in [40],
to determine the interval of time of possible active occupancy (i.e. the house is occupied and the
occupants are not sleeping). That possible active occupancy is combined with higher consumption periods
and turning on events to create an occupancy profile as showed in the input-process-output (IPO) from
Figure 40. While doing this analysis, it was possible to verify that some difficulties would emerge when
inferring the occupancy profiles: firstly, the time-step of electrical consumption used by the models to
infer occupancy is between 1 min to 15 min time-step. However, the profiles obtained in the paths have
1-hour time-step; secondly, the consumption profile is a cluster centroid of a monthly average. Therefore,
some information on the dynamics of the profile could be lost if all the inhabitants represented by that

cluster centroid do not have the same schedules throughout the entire month.
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Figure 40 — IPO behind Identifying Occupancy Profiles

4.6.1.1  Identify start and shutdown
To infer about the possible active occupancy, the activity startup of and shutdown is determined using
the method proposed in [40]. First, the difference between two consecutive intervals is calculated as

follows:

Aigre1) = lgre1) — i@y (4.13)

Where i(qy) represents the interval, data registered for day d and time t.

Second, A, is calculated to merge all the Aiq) from different days, by calculating the median of Ai(q )

for a certain time, this can be seen as the consumption routine for a median day of a particular meter.

In this thesis, the values available to calculate Ai g4y are the ones retrieved from the cluster centroids

of a monthly average. Therefore A, is considered equal to Aig e41)-

In [40] it is assumed that the startup takes place between 5h and 11h. As smaller spikes maybe due to
some appliance turning on or off only significant spikes are considered to infer startup and shutdowns.

The variation index must be higher than 0.5 to have enough variation to figure out a possible daily routine.

So, let P(X, i) be the it percentile of X, 0 < i « 100. To identify a spike that is significant enough to mark
the beginning of a daily routine, the follow rule set is proposed:

startup = {t: A.> P(|A,],80),t € {05:00 + 00: 15k k = 0, ...,24}} (4.14)
The startup is identified as all the intervals for which A, is higher than 80% of all other spikes taken as

absolute value. Since each set can have more than one element, startup time is the earliest of all the times

in the set.

In [40], it is assumed that the shutdown takes place between 17h and 4h. Inferring a routine’s shutdown

is more challenging than the startup as electricity consumption slowly decreases with night-time and
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there is not a clear moment where one can say that the occupants go to sleep. To overcome this difficulty,

two different methods are proposed, choosing the one that yielded better results.

Interval data is used without calculating the difference between two consecutive intervals. After, the
consumption values are grouped using the median of the values of the same interval, with A, equal to the
median of the iqy). In this thesis, the values available of i) are the ones retrieved from the cluster
centroids of a monthly average and therefore A, is considered equal to i(q,p)- Having the variation index
calculated as follows:

_ max(4,) — median(4,)
v max( A,)

(4.15)
If A,< 0.2 it is considered that there is not enough variation to figure out a possible shutdown. Otherwise
the rule goes as follows:

shutdown = {t: B> P(&,,30),t € {05:00 + 00: 15k k = 0, ... 44}} (4.16)

There can be more than one element in the set so the final shutdown time is the latest of all elements.

To Identify possible active occupancy profile and inactive occupancy profile, the time when shutdown and
the startup occurs are used. As a result, a profile of the possible active occupancy, Opa; =
{Opai(t),t € {00:00+ 01: 00k, k = 0, ...,23}}, with the i representing the 3 different seasons can be
determined:

if Eshutdowni < t:start—upi then:

0, if Eshutdowni < T < tstart—upi
Opa;(t) = 3
1( ) { 1 if > tStart—upi (4.17)
If tshutdowni > tstart—upi then:
0, ifo<t< Estart—upi
Opa;(t) = . P
pai(D) {1, if tshutdowni > t > tstart—upi (4.18)

The inactive occupancy profile, meaning occupants are in the household but are sleeping, Oina; =
{Oina;(t), t € {00:00 + 01: 00k, k = 0, ...,23}}, if tohutdowni < start—upi then:

X 1; if Eshutdowni < t < tstart—upi
Oina;(t) = { 0, if €3> toareoupt (4.19)

If tshutdowni > tstart—upi then:
1’ ifo<t< tsta\rt—upi

) if tshutdowni > t>> Estart—upi (4.20)

Oina;(t) = {0

This step is applied to the three analyzed months, creating 3 inactive occupancy profiles: Oinaee_fioath,

Oinay,inter and Oinagymmer-

4612 Identify threshold of high consumption periods
Electricity usage patterns change when occupants are present due to their interaction with the electrical
loads. That is visible in higher average or variability of power usage, and a larger absolute range in power

when compared with an unoccupied household. In
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Figure 41 (where one indicates at least one occupant is present and zero indicates no occupants are
present, in terms of the occupancy values) it is possible to verify an increase in consumption in both

scenarios from 17h, when the household is occupied [39].
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Figure 41 — Overlay of average power usage every minute (black) with binary occupancy (red) [39]

Figure 42 shows the probability to see a measurement during the presence or the absence of the
occupants. One can see that the power consumption is likely to have a higher mean and standard
deviation when the household is occupied. During the periods of absence, the electricity power is
centered around 100 Watt and can be clearly distinguished from the overall daytime curve. When the
household is occupied, the probability of higher consumption increases, even if, lower consumption

values are yet quite frequent, when no electrical devices are being used [36]
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Figure 42 — Relative Frequencies of various total power consumptions (sum of all phases) values over the whole day
(dark green) and divided into presence(light green) and absence (yellow) respectively [36]

The method to infer high consumption periods combines the information from the consumption profile

and possible active occupancy profile. For each month, the first step is to calculate the median value of

consumption, Cm;, being C; = {Ci(t),t € {00:00 + 01: 00k, k = 0, ...,23}} the consumption profile:
Cm; = median (C;) (4.21)

A profile that represents the percentage of the difference between the consumption at a certain hour

when compared with C,,, the Cd%; = {Cd%i(t),t € {00:00 + 01: 00k, k = 0, ...,23}} is determined as

follows

Ci(t) - Cm

c x 100 (4.22)
m

Cd%;(t) =

After, Cd%; is combined with the possible active occupancy Opai, to determine Cd%_Opa; :

0} if Opa;(t) =0

Cd%i(t), if Opai(t) =1 (4.23)

Cd%_Opa(t) = {
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To identify the occupancy from a high consumption period, a threshold value must be set, Thc;, by
averaging the values of Cd%_Opa;:

Thc; = Average(Cd%_Opa;) (4.24)

4.6.1.3  Identify threshold of on/off events
In [41] an on/off feature representing the activation state of appliances is proposed as one of the factors
to infer occupancy. The authors detected an on/off event by calculating the difference between a sample

and its predecessor and then compare it with a certain threshold for an established amount of time.

In this thesis the method to infer about turning on event combines information from the consumption
profile and the possible active occupancy profile. For each month, the first step is to calculate the

difference between a sample and its predecessor, on/off values, AC;(t):

AC;(t) = (1) — Ci(t—1) (4.25)

A turning on event profile, ACto;, corresponds to all the positive values of on/off, so only positive values
of AC;(t) are considered:

@, if AC;(t) < 0

ACto,(®) = {ACi(t), if AC,(0) > 0 (4.26)

The turning on event profile is combined with the possible active occupancy with ACto; =
{Cto;(t),t € {00:00 + 01: 00k, k = 0, ...,23}}, ACtopo; :

9, if Opa;(t) = 0

ACto_Opa; (1) = {ACtoi(t), if Opay (t) = 1 (4.27)

To identify the occupancy from a turning on event a threshold value must be set, Toe;, by averaging the
values of ACtopo;:

Toe; = Average(ACto_Opa;) (4.28)

4.6.1.4  Combine high consumption periods and turning on events

The last step combines the values of thresholds from the two steps described earlier (4.6.1.2 and 4.6.1.3).

When it comes to high consumption periods the following method is proposed. For a certain time, t:
e If Cd%;(t) > Thc;, then it is a high consumption period
e If Cd%;(t) > 0.5 X Thc; or Cd%;(t) > 0.25 X Thc; could still mean a high consumption
period but that does not occur every day of the week

e If Cd%;(t) < 0.25 X Thc; it is not a high consumption period

When it comes to turning on events the following method is proposed. For a certain time, t:
e If ACto;(t) > Toe;, then it is a turning on event
e If ACto;(t) > 0.5 X Toe; or ACto;(t) > 0.25 X Toe; could still mean a turning on event
that doesn’t occur every day of the week

e If ACto;(t) < 0.25 X Toe; it is not a turning on event
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4.6.1.5  Active occupancy profile
The final objective is to create active occupancy profile, Oa; = {Oai(t),te {00: 00 + 01: 00k, k =

o,.. ,23}}. As the number of occupants is not a known input the following assumptions are applied:

e 0a;(t) = 0, if no active occupant is in the household, at a certain time t

e 0a;(t) = 1, if there are at least one active occupants in the household, at a certain time
t

e 0a;(t) = or(0.75; 0.5; 0.25), meaning that a certain routine is not the same every day
of the week. The house can be occupied %, or %, or % of the days of the week, at that

time, or an occupant is at home but doing a lower consuming activity.

So, the active occupancy profile is created as follows:

1, if (Cd%l(t) > ThCi) V (ACtOl(t) > Toei)
0.75,  if (Cd%:(t) > 0.5 X The;) A (ACto; () > 0.5 X Toe;)

0a;(t) = 0.5, if (Cd%;(t) > 0.5 X Thc;) V (ACto;(t) > 0.5 X Toe;) (4.29)
0.25, if (Cd%;(t) > 0.25 X Thc;) V (ACto;(t) > 0.25 X Toe;) '
k 0, otherwise

For each path, there are 3 different occupancy profiles, corresponding to the free-float month,
Oafree—floath, the winter month, Oayinter, and the summer month, Oag,mer, to accomplish changes in

routines throughout the seasons.

4.6.1.6  Application to the case study

Due to the substantial number of paths, the path 111, presented in the path analysis section, will be used
to demonstrate the application to the case study. The free-float will be used to illustrate the intermediate
steps presented in the previous subsections and the final occupancy profiles for the three reference
months is also showed. After identifying the startup and shutdown, high consumption periods and the

turn-on events are identified.

In Figure 43, at 7h it is possible to identify a turning on event, by looking at the orange bar indicating the
household members are waking up. At 18h a smaller turn on event occurs, which could indicate the
household has occupants again. At 23h there is no turning on event as the power difference between two
consecutive hours is no longer positive. However, there is still a high consumption period, when looking
at the grey bar, meaning that it is very likely that the household is occupied. From this analysis, it is
possible to observe that to create a complete occupancy profile, the information of both turning on events

and high consumption periods is necessary.
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Figure 43 — Combination of the information behind inferring a turning on event and/or high consumption period.

After combining the values from Figure 43 with the thresholds of turning on event and high consumption
period, the output is presented in Figure 44. As previously said at 7h the household is assumed to be fully
occupied due to turn on event. At 18h half of the household is occupied or half of the week is fully
occupied at that time, due to having a value lower but is still higher than half of the threshold of turning
on event. At 23h, a high electric consumption period is identified and the household is assumed to be
occupied. The values of the difference from median consumption and the power between 2 consecutive
hours, for example at 4h and 10h (Figure 43) were not considered actively occupied due to being smaller
than 0.25 for both thresholds. The values from

Figure 44 are combined into an active occupancy profile with the ruleset presented in 4.6.1.5.
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Figure 44 - Output of turning on event and high consumption period
The active occupancy profile is closely related to the consumption profile as showed in Figure 45. This
figure shows the relationship between the consumption profile (line) and the active occupancy schedule
(column). Between 6h and 7h, it is possible to observe a slight increase in the total consumption,
suggesting that the household is occupied and an interaction whit the electric equipment’s or lighting may
have occurred. From 19h until Oh, it is possible to observe from the consumption profile a high

consumption period suggesting also an active occupancy in that period.
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Figure 45 —Free-float consumption profile and active occupancy profile

The same process was applied to the winter and summer months and the results are showed in Figure 46
and Figure 47, respectively. From the three active occupancies profiles, it is also possible to verify that the
occupants do not have the same schedules throughout the entire year. However, some resemblance is
found as the waking up hour at 7h and a full occupation at 19h of the household. The occupancy values
between 12h to 15h, that vary between 0.25 to 0.75, indicating that part of the household is occupied

during the lunch time in some days of the week or that the household has a housekeeper some days of

the week.
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Figure 46 — Winter consumption profile and active occupancy profile
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Figure 47 - Summer consumption profile and active occupancy profile

The remaining occupancy profiles are presented in Annex E.

4.6.2 Lighting profile

In [35], a model is proposed to create lighting profiles by combining active occupancy data series with

outdoor irradiance data series and by randomly allocating different values of installed lighting units in
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each household. The main drivers of the lighting consumption are illuminance, occupancy and occupant’s
behavior and installed lighting units.

To create the lighting profile in this thesis, the active occupancy profile determined previously is combined
with the illuminance values and the values of the installed lighting units are calculated to make sure that
the total consumption accounted for the lighting agrees with the percentage value from [56], [68], [69]

attributed to lighting.

4.6.2.1  Indoors llluminance values
To overcome the unavailability of sensors to obtain accurate indoor illuminance information, a strategy is
used based on the available data of the average daily values of global irradiance on a fixed plane (W/m?)

(obtained from PVGIS [70] for the 3 months chosen in Section 4.5.1).

Illuminance is a measure of photometric flux per unit area, or visible flux density (typically measured in
lumens per square meter), while irradiance is a measure of radiometric flux per unit area, or flux density
(expressed in ' W/m?)[71]. There is no simple conversion from lux to W/m?, since it depends on the
wavelength or color of the light. However, a simplification was adapted: for the sun light there is an
approximate conversion of 0.0079 W/m? per lux [72], valid for direct sunlight, while for daylight the
appropriate conversion drops to 10% of that value [73]. This difference is based on the fact that sunlight is
a portion of the electromagnetic radiation given off by the Sun, in infrared, visible, and ultraviolet light
while daylight, is the combination of all direct and indirect sunlight during the daytime, including
direct sunlight and diffuse sky radiation. Therefore, to convert irradiance into illuminance the following
equation is used:

Irradiance; (W/mz)
0.079 (4.30)

[lluminace; (lux) = Eo; =

To convert outdoor values of illuminance into indoors values of illuminance, the daylight factor (DF) is
used. The DF is expressed as the percentage of the natural light falling on a work surface, Ei;, compared
to that which would have fallen on a completely unobstructed horizontal surface under the same sky
conditions, Eo;. The DF is analyzed at a point, but these values are often averaged across an entire room

or visualized on a grid [74]. DF can be determined as follows:

Ei;
DF[%] = —x 1
[%] Eoi>< 00 (4.31)

4.6.2.2  Needs for artificial lighting

The need for artificial lighting are related to indoor illuminance levels, since daylight levels are low. From
[75], the probability of turning on the lights is proposed. The lowest the illuminance levels the highest the

probability of turning on lights.
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Figure 48 - Probability of switching on lights [75]

The values retrieved from Figure 48 were combined with indoor illuminance to infer the needs for artificial
lighting at each time, Nal; = {Nali(t),t € {00:00+ 01: 00k, k = 0, ...,23}}. It was assumed that the
occupants would turn on the light with the same proportion of values of the probabilities. So Nal; is
calculated for the three months selected in 4.5.1 as follows:
Nal;(t) = {Pso(Ei;(t)), if 500 > Ei; > 0 (4.32)
0, if Ei; > 500
Where Pso(Illuminace;) switch-on probability values for each illuminance values from the Figure 48 and

Ei;(t) the hourly values of indoor illuminance.

4.6.2.3  Lighting profile
To create the lighting profile, L; = {Li(t),t € {00:00 + 01: 00k, k = 0, ...,23}}: the needs for artificial
lighting are combined with the active occupancy profile. Besides that, a residual value of lights left on was
assumed regardless artificial lighting needs and occupancy. This is done to represent the use of lights in
room without windows or lights that could have been on even if not needed. This value is 5% of the light
units, Ilight_units:

L;(t) = (Nal;(t) x 0a;(t) + 0.05) x Ilight_units (4.33)
The total value of light units was obtained by combining different amount and types of bulbs to achieve a
close value to the electrical consumption reference for Portugal, [56] proposes the value of 13.8% while
in [69] 12% is proposed. A comparison of the total value of lighting consumption with the total electrical
consumption is made, represented by the sum of the consumption profile:
XL
2G

The value of light units is calculated for the free-float month and the same value is assumed in the summer

%lighthingconsumptioni = (4.34)

and winter months. If a month has more than 20% of lighting consumption, the Ilight_units will be
reduced to 75% of Ilight_units installed in the free-float month. The L; will produce 3 different profiles:
one corresponding to the free-float month, one to the winter month and one to the summer month, due

to different illuminance values and occupancy profiles.
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4.6.2.4  Application to the case study

To determine the DF, one should use information about the glazing facades characteristics of the buildings
in this area, available in the energy performance certificates [46], and cross with DF reference values from
literature. A study focusing on obtaining different DF values for different areas in Portugal and different

glazing facades is used [76] and the DFs for the case study are determined as follows:

\'\ TO
Average DF = K X m (435)

where: W is the area of the windows (m?), A is the total area of the internal surfaces (m?2), T is the diffuse
visible transmittance of the glazing, including corrections for dirt on glass and any blinds or curtains, 0 is

the visible sky angle in degrees from the center of the window and R is the average reflectance of area A.

In [76], it was considered a window area of 6.25 m? (2.50m x 2.50m), a room floorplan area of 25m? (5.0m
x 5.0m), and a floor-to-ceiling height of 2.80m. The DF is proportional to the window area and inversely
proportional to the total area of the internal surfaces. Even though in the present work the window area
is higher than in the reference used, there is also an increase in the total area of the internal surface
indicating that the values retrieved from [76] are a good approximation. Therefore, the Indoor illuminance

was calculated as follows:

' 6
Ei;(lux) = Eo;(lux) X 100 (4.36)

The relationship between the illuminance values and the lighting needs, for the free-float month, are
presented in Figure 49. It is possible to observe that the lighting needs are quite small from 6h:30 to 18h.
The same occurs in winter, between 7h:30 and 17h (Annex D) while in summer the light needs are small

from 6h to 18h (Annex D).
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Figure 49 — llluminance values and lighting need through the day

The lighting needs are crossed with the active occupancy profile and the resulting light profile for the free-

float month is presented in Figure 50.
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Figure 50 — free-float lighting profile for path 111 compared with total consumption and occupancy profile
Due to higher lighting needs, the winter lighting profile (Figure 51) has higher values of consumption than
the remaining two lighting profiles, being the only one a with high consumption in the morning. The

summer and free-float profile have similar lighting consumption profiles.
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Figure 51 —light profile for path 111 compared with total consumption and occupancy profile for winter (top) and
summer (bottom)

4.6.3 Baseline profile

The baseline corresponds to the minimum value of electrical consumption and does not have a direct
relation to the occupancy (typically occurs during inactive occupancy periods as for example sleeping).
Baseline electricity consumption has two components: the necessary constant use of appliances such as
fridges and freezers, and the losses due to appliances on standby. Standby losses include computers,
televisions, cookers and other equipment consuming a reduced electrical power whilst in an unused state

[38]. To calculate the maximum value for baseline consumption, BL_consumption;, correspondent to the
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minimum value of C;, where C; is the consumption profile ( 4.37 ). The time of minimum consumption is
also retrieved, BLtime;.

BLconsumption; = min C;(BLtime;) (4.37)

4.6.3.1  Fridge
The first assumption is that the fridge has a steady consumption with an assumed 10% increase during

the occupied hours due to opening and closing of the doors in active occupancy periods.

From [56] one can conclude that the majority of this equipment in Portuguese dwellings is class A followed
by B and A+. For the class A equipment, the energy efficiency index (EEI) is between 42 and 55 [77]. The
EEI of the refrigeration equipment for domestic use is calculated by dividing the yearly consumption of
the equipment by the normalized energetic consumption per year [78]:

Ec

~ SAE,

EEI X 100 (4.38)

The AE. is the annual energy consumption of the household refrigerating appliance and SAE: the
standard annual energy consumption of the household refrigerating appliance. In [79], for a certain
equivalent volume of the household refrigerating appliance, the SAE is calculated using ( 4.38 )( 4.37 ),
and assumed as constant. By varying the value of EEI the annual energy consumption is obtained. The

hourly consumption of the fridge is calculated as follows:
AE.(kwh/year)

(4.39)
365 x 24

F.(kwh/hour) =

To create the fridge consumption profile, F; = {Fi(t),t € {00:00 + 01: 00k, k = 0, ...,23}}: the hourly
consumption of the fridge was combined with the occupancy profile.

F;(t) = (0,1 x Oa;(t) + 1) X F, (4.40)
The value of F. was obtained by varying the values of EEI to achieve a close value of electrical
consumption typically attributed to refrigeration, going from 28%, value proposed in REMODECE [68], to
32%, value proposed for fridge and freezer in ADENE [69]. That is done by comparing the total fridge
consumption with the total electrical consumption, represented by the sum of the consumption profile:
2 F;
%G

It was also taken into consideration that 95% of the households have this equipment with efficiency

% fridgeconsumption; = (4.41)

between A++to C ( from [56]) so the EEI was considered to be between 22 to 95 (from [77]), which could
lead to slightly smaller values than 28%. The value of F. is calculated for the free-float month and the
same value was assumed in the summer and winter months. Three fridge consumption profiles are

obtained: Ffree—ﬂoatr Fwinter and Fsummer-

4.6.3.2  Standby
There are three function modes for every equipment: when it is on and performing its primary function;
in standby mode, when the equipment is not operating but still consuming electricity; and off mode when

the equipment is not performing any function (but still have some losses as it is connected to the main
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electric supply) [69]. From [69], in 2004, for a sample of Portuguese dwellings, the standby consumption
represented 12% of the total annual consumption and it was expected to increase drastically due to the
growth of the number of electric appliances in the households. To calculate the maximum value for
standby, the baseline consumption value was combined with the fridge consumption and lighting

consumption at BLtime;:
SBconsumption; = BLconsumption; — F;(BLtime;)-L;( BLtime;) (4.42)

If the maximum value for standby obtained in summer or winter is twice the value of the free-float, the
final value is reduced by 25%, due to considering the hypothesis of using heating or cooling equipment in

sleeping periods, which is also the period of maximum value of standby.

To create the standby consumption profile, SB; = {SBi(t),t € {00:00+ 01: 00k, k = 0, ...,23}}: the
maximum value of standby is combined with total percentage of activities related to electrical

consumption T%ac;, that will be developed in the next chapter.

(100 — T%eca;(t))
100

The standby profile is calculated the same way for the three months, having in the end SBfee_fi0at,

SB;(t) = x SBconsumption; (4.43)

SBwinter and SBsummer-

4.6.3.3  Application to the case study

Figure 52 illustrates the fridge and standby profiles for the free-float month of path 111. It is possible to
observe that the fridge slightly varies when there is occupancy, to consider the doors opening. On the
other hand, the standby decreases with the occupancy and the increase of some activities, since some
appliance use are associated with those activities. From 19h to 23h the consumption of standby
decreases, having a slight increase at 20h due to being presumed that the household members would be

having dinner, which is an activity that does not require any equipment use.
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Figure 52 - fridge and standby consumption profile compared with total consumption profile and occupancy value,
for the free-float month

The fridge and standby profiles for winter and summer months is obtained using the same method. The
profiles are similar to the free-float month, being the only differences due to different occupancy profiles

(presented alongside the remaining end-uses consumption in Figure 59).
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4.6.4 Activity profiles

The objective of this step is to distribute the remaining values of electrical consumption, after removing
the baseline and the lighting consumption, for the possible correspondent activity. To do so, values from
a survey about the Use of time will be used [80]. Figure 53 illustrates the activities taken in different
periods. Some activities do not reveal itself directly in the electric consumption of the household, like

work and study, sleeping or having meals.

In this case study area, it was assumed that the hygiene was not related to the electrical consumption
since gas is the typical energy used to heat up the water. This information was considered from [8], where
the water heating equipment in a typical Portuguese dwelling is distributed as follows: 69% for gas heater,
12% for a gas boiler and 11%uses electric water heater. Further, the information from the energy

performance certificates also supports this assumption [46].
100%
® Watching TV

80% @ Leaser (excluding
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and family care
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Figure 53 — Average profile of how Portuguese use their time [80]

From [80], it is possible to withdraw the percentage values of the activities distribution that are related
to the electrical consumption: leisure (L%;), watching TV (TV%;), and domestic activities (DA%;).
Domestic activities will be segmented into cooking (C%;) by combining the time periods when the activity
of having meals is higher than 20% and when 90% of the domestic activities are used to prepare those
meals. At each hour, the total percentage of activities related to the electrical consumption, T%ac; =

{T%aci(t),t € {00:00+ 01: 00k, k = 0, ...,23}} , When the household is actively occupied, is calculated

as follows:
L%;(t) + TV%;(t) + DA%;(t) + C%;, if Oa;(t) > 0
0 g — i i i i i 4.44
T%ac; (0 { 0, ifOa;(t) = 0 (4.44)
For each activity, the ratio of consumption distributed for the activities is calculated as follows:
L%; (t)
——, ifOa(t) >0
LR,(®) = {T%ac,’ T O0A® (4.45)
0, ifOa;(t)=0
TV%,; (t)
———, if0a;(t) >0
TVR,() = { Toac,’ 1 04® (4.46)

0, if Oal(t) =0
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DA%;(t) | (4.47)
DARl(t) — T%aci(t) ] 1f Oal(t) > 0
0, if0a;(t) =0

C%;(t 4.48
CR,(D) = Wé()t), if Oa;(t) > 0 ( )
0, ifOa;(t) =0
In the free-float month, the activity profiles, when the household is actively occupied, is directly estimated
from the calculations described previously. However, for the winter months a percentage is used to report
the heating use and in the summer months to report the cooling use for the corresponding heating and
cooling profiles, developed in the next section. The method is first used to calculate the activities
consumption profiles for the free-float month. After, it is assumed that if a household is performing the
same activity, the values of consumption per activity would be the same throughout the different seasons.
The method applied for the summer month is the same as the for the winter month, so the procedure will

be exemplified with only one of the months.

4.6.4.1  Free-float month
For the free-float month, the total activity profile when the household is actively occupied will be referred
as the equipment consumption profile, Ectreefioat = {ECfreetioat(D), t € {00:00 + 01: 00k, k = 0, ...,23}},

and it is calculated as follows:

chreeﬂoat(t) =
= {Cfreeﬂoat(t) - SBfreeﬂoat (t) - Ffreeﬂoat(t) - Lfreeﬂoat(t): if Oafreeﬂoat(t) >0 ( 4.49 )
0, if Oafreeﬂoat(t) =0

The activity profile when the household is not actively occupied will be referred as other consumption,
Othercereefioat = {Othercgeefioat(t), t € {00:00 + 01: 00k, k = 0, ...,23}}, and it is calculated as follows:
Othercfreeﬂoat(t) =

= {Cfreeﬂoat(t) - SBfreeﬂoat(t) - Ffreeﬂoat(t) - Lfreeﬂoat(t)' if Oafreeﬂoat(t) =0 (4'50)
0, if Oagreefioat(t) >0

From the equipment profile, the profile per activity will be inferred. Firstly, for leisure consumption profile

Leisuref cefioat = {Leisure(t),t € {00:00 + 01: 00k, k =0, ...,23}} :

Leisurefreeﬂoat(t) = LRfreeﬂoat(t) X chreeﬂoat(t) ( 451 )
For the TV consumption profile TVireefioat = { TVireefioat (t), t € {00: 00 + 01: 00k, k = 0, ...,23}} :
TVfreeﬂoat(t) = TVfreeﬂoat(t) X chreeﬂoat(t) ( 4.52 )

For the domestic activity consumption profile DAfrcefioar = {DAfreeﬂoat(t),t € {00:00 + 01: 00k, k =
0,..,23}}:

DAfreefioat = DAfreefioat () X ECfreefioat (t) (4.53)

For the cooking consumption profile Cookinggreefioat = {Cookingfreeﬂoat(t),t € {00:00 + 01: 00k, k =
0,..,23}}:

COOkingfreeﬂoat = COOkingfreeﬂoat(t) X chreeﬂoat(t) ( 4.54 )
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The sleeping profile is an activity that does not imply electric consumption and it is correspondent to the
inactive occupancy profile, Sleeping; = {Sleepingi(t),t € {00:00+ 01: 00k, k =0, ...,23}} as is
calculated as follows:

Sleeping; = Oina; (4.55)

The sleeping profile is calculated in the same way for the winter month and the summer month.

4.6.4.2 Winter or summer month

In the winter and summer, the total equipment consumption profile is divided into activity related
consumption and heating or cooling consumption. First the activity related consumption is determined in
two steps. The first step is the same as for the free-float month, so the equipment consumption profile,
ECwinter = {ECwinter (), t € {00:00 + 01: 00k, k = 0, ...,23}}, when the household is actively occupied,
is calculated as follows:

Ecy; (t) = {Cwinter(t) - SBwinter(t) - Fwinter(t) - Lwinter(t)' if Oawinter(t) >0
winter 0, if Oawinter(t) =0

The second step is to compare the values consumed into the different activities in the free-float month

(4.56)

with the possible values for the winter. The possible values for Othercyinter, L€aseryinter, T Vwinters

DAyinter and Cookinginter are all calculated as in the free-float month and compared as follows:

For the leaser consumption profile FLeisureyiyter = {FLeisurewinter(t),t € {00:00 + 01: 00k, k =
0,..,23}}:

Leisureyinter (t), if Leisure yipter (t) < Leisurefreefioat (t)

. . 4.57
Leisurefeefioats otherwise ( )

FLeisureyipter (t) = {

For the TV consumption profile FTVyinter = {FTViyinter (), t € {00: 00 + 01: 00k, k = 0, ...,23}} :

vainter (t): if TVwinter (t) « vareeﬂoat (t)

i 4.,
TVireefloat otherwise (4.58)

FTVyinter (V) = {
For the domestic activity consumption profile FDAinter = {FDAwinter(t),t € {00:00 + 01: 00k, k =
0,..,23}}:

DAwinter(t): if DAwinter(t) < DAfreeﬂoat(t)

i 4.
DAfreefloats otherwise (4.59)

FDAwiner(®) = |

For the cooking consumption profile FCookinginter = {FCookingwinter(t),t € {00:00 + 01: 00k, k =
0,..,23}}:

COOkingwinter(t)r if COOkingwinter (t) < COOkingfreeﬂoat(t) ( 4.60 )

FCOOklngwinter(t) = { COOkingfreefloat' otherwise

To make sure that the heating equipment use could occur when the occupants are sleeping, the other
consumption  profile  FOthercyinter = {Fothercyinter (t),t € {00:00 + 01: 00k, k = 0, ...,23}} s

calculated as follows:
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FOthercipter (t) =

Othercfreeﬂoat' if (Oinawinter(t) > 0) A (Othercfreeﬂoat < Othercwinter) (4.61)
= Othercwinter' if (Oinawinter(t) > 0)/\ (Othercfreeﬂoat > OtherCwinter)
Othercyinter, if (Oawinter (t) = 0)A(Oinayipeer (£) = 0)

4.6.4.3  Application to the case study
The activity distribution for the free-float month for path 111 is presented in Figure 54 and it is obtained

by combining the active occupancy schedule from Figure 45 and the time of use from Figure 53.
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Figure 54 — free-float activity distribution in the household

In previous section, the activities from Figure 54 that reveal themselves in consumption are stipulated
and the correspondent consumption is presented in Figure 55. As it is visible the cooking related
consumption coincides with typical meal times, and watching TV occurs mostly from 20h to Oh, being the

most consuming activity during this period.
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Figure 55 — Activity profiles compared with total consumption profile and occupancy values for the free-float
month

The winter and the summer activity profiles are presented in Figure 56. From 19h to Oh the activity profiles
are similar in the three months. Between 10 h to 17 h the activity profiles differ, especially in the winter

due to the increase of other activities consumption.
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Figure 56 — Activity profiles compared with total consumption profile and occupancy values for the winter month
(upper) and summer month (lower)

4.6.5 Cooling and heating profile

The method used in this thesis to determine electric space heating and cooling was based on [32]. This
method consists in subtracting the average load on the mild season months from the average load on the
winter month load to infer about the electric space heating. The same procedure is applied to infer about
the electric space cooling. However, to obtain the heating and cooling consumption, it is not simple to
compare the difference in the hourly values of the total consumption, due to the difference in the lighting
needs and schedules throughout the seasons. The first assumption in this thesis, is that the free-float
month does not have any electrical consumption for space heating or cooling. It was also assumed that
the households would only be heated or cooled if they were occupied (active or inactive occupancy). As
the method to achieve the heating profile and the cooling profile is the same, the heating profile will be

developed to exemplify it.

To determine the heating consumption profile Heating = {Heating(t),te {00: 00 + 01: 00k, k =

0,..,23}}:
Heating(t) =
= Ec,, ~ FL : — FTV,, — FDAy; — FCookingy; - (4e2)
- Cwmter(t) easerwmter(t) Wlnter(t) wmter(t) 00 1ngwmter(t)
FOtheerinter(t)
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Application to the case study
The procedure described previously was applied to the winter and cooling reference months. Figure 57

illustrate the resulting heating and cooling profiles considered in this thesis.
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Figure 57 — Heating (upper) and Cooling (lower) profile compared with total consumption profile and occupancy
values

4.6.6 Consumption profile per end-use

This section presents the resulting consumption profiles, per end-use, for path 111, taking into
consideration the methodologies and resulting profiles presented in the previous sections. From Figure
58, all the activities that are related to the electrical consumption are considered, for the free-float month.
The consumption profile is therefore separated into fridge consumption, standby and lighting. After
subtracting those consumptions from the consumption profile, the remaining consumption will be

distributed into the activities of leaser, watching TV, cooking, domestic activities and other activities.
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Figure 58- electrical consumption distributed by its end-use for the free-float month
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The method is different when it comes to the winter month and the summer month, as it was explained
previously, due to the addition of cooling or heating. From the Figure 59, it is visible the addition of heating
and of cooling. From the figures presented, it is also possible to identify a big presence of other
consumptions, which could be a fragility of the model since it is not related to occupancy and is not
standby or fridge, it could be related to some fragility in the identification of occupancy profile or the fact
that some equipment’s could be left on while the household is not occupied like washing machines which
was not taken into consideration by this model or that the assumption of not considering electric water

heaters could not be accurate in all the scenarios.
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Figure 59- electrical consumption distributed by its end-use for the winter month (upper) summer month (lower)

The end-use consumption profiles for the remaining paths developed in this thesis are presented in Annex

E

4.7 Parametric building energy model

Building energy simulation (BES) models are used to forecast the behavior of a complex system given a
set of well-defined laws (e.g., energy balance, mass balance, conductivity, heat transfer, etc.). Building
energy simulation tools allow the exhaustive calculation of the energy required to maintain specified
building performance criteria, under the influence of external inputs such as weather, occupancy and
infiltration. Detailed heat-balance calculations are carried out at discrete time-steps based on the physical
properties of the building and mechanical systems [67]. These calculations are generally performed over
the course of a full year. EnergyPlus is a whole building energy simulation tool used to model the energy
consumption for heating, cooling, ventilation, lighting and plug and process loads [81], and it was used in

this thesis as the simulation engine.
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The energy simulation model is created with the input data obtained from the mathematical model
developed in Section 4.6. However, other inputs such as geometry, construction characteristics, internal
gains, zone airflow and HVAC systems have to be considered in order to create a complete building energy
model. These input parameters used in this thesis for the case study are described in detail in the following

sections.

4.7.1 Building geometry

The first step is to create a 3D model. Based on the building typology presented in the Case study section,
a typical dwelling was modeled using AutoCAD [82] and Sketchup [83]. Figure 60 illustrates the 3D model

used in this work.

Figure 60- 3D facing north (left) and 3D facing south (south)

The boundary conditions are defined as adiabatic for roof and ceiling (since this is in an intermediate
floor), as well as the common walls in contact to other buildings or dwellings. The shadow for the

surroundings and from the upper floor balcony was modeled as showed in Figure 61.

Figure 61 - shading surfaces
From there, the OpenStudio plugin for Sketchup was used to convert the geometry file into an

intermediate data format (.idf) file to be used in EnergyPLus [81]. The floorplan area of the reference

dwelling is 148.5 m2.

4.7.2 Building envelope

In the EnergyPLus, the .idf file must be completed with information on the construction elements. The
material’s information was completed with the already presented in Section 3.2 for the individual
materials of the exteriors and interior walls and for windows. Concerning the shading devices, a metal

blind was considered, with slat width of 0.025 m and separation of 0.019 m, conductivity of 45 W/(m.°C)
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and beam solar reflectance of 0.8 and 0.0 slat beam solar transmittance, from [84]. In Table 5 a
comparison between the thermal transmittance values from the case study inputs and the model are

presented. One can observe that the differences are insignificant.

Table 5 — Comparison between thermal transmittance from Case study and Modeled

Case Study Total Thermal Modeled Total Thermal
Transmittance (W/(m?2.°C)) Transmittance (W/(mZ2.°C))
Exterior wall 0.54 0.539
Interior wall 1.16 1.13
Window 2.9 2.9

4.7.3 Internal gains and schedules

The internal gains are a combination of People, Lights and Electric Equipment.

The input for people is the combination of the number of people, the activity level, the occupied zones
and the occupancy schedule. For the number of occupants, it was assumed that the minimum number of
people per household is two and the maximum is five, based on the information of the household size.
Therefore, to assume a number of occupants the maximum value of the hourly consumption profile (from
the free-float month) was used and it was compared with the value obtained by dividing the average
yearly consumption obtained in section 4.3 and dividing it by 2.8 which is the average dwelling occupancy
for the case study area [44], using the following equation:
2474.2 kWh/(year.dwelling)

t= =1009 W
POWET Per 0cCUPAI: = 365 % 24 x 2.8 (occupants/dweeling) (4.63)

Further, the number of people dictate the number of occupied rooms as: If 2 occupants, ROOML1 is
occupied; if 3 occupants, ROOM1 plus ROOM2 is occupied; if 4 or more occupants, ROOM1 plus ROOM?2
plus ROOMS3 is occupied. The occupancy schedules were separated into active and inactive occupancy,
being the first distributed through the entire floorplan area and with an activity level of 100 W/person

[65] and the second attributed to the rooms with an activity level of 40 W/person [65].

The active occupancy schedule is the combination of the previous obtained active occupancy profile. Each
occupancy profile is inserted as a daily schedule, meaning that per path it will be 6 daily schedules of
occupancy: one for the weekdays and another for the weekend, per each selected month. Then a weekly
schedule was created by combining the weekdays and the weekend profiles per each month. Finally, all

is combined in a yearly schedule of active occupancy.

For the active occupancy: From 1 of March to 31 of April and from 1 of September to 30 of November it
was assumed a free-float occupancy profile with O@freefioath weekaays from Monday to Friday and
O0frecfioath weekenas TOr Saturday and Sunday; From 1 of December to 28 of February it was assumed a
winter occupancy profile with 0ayinter weekaays from Monday to Friday and  OQyinter weekenas for

Saturday and Sunday; From 1 of June to 31 of August it was assumed a summer occupancy profile with
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0Qsymmer weekdays from Monday to Friday and OGgymmer weekendas for Saturday and Sunday. The same

method was applied to inactive occupancy schedule, this time using Oina; profiles.

The installed units, Ilight_units; calculated in section n4.6.2, were distributed throughout the entire
house (Watts/m2) and the light schedule for the entire year was done with the same method as described
in the occupancy schedule, using the installed units to create a ratio from lighting profile, previously

developed in the methodology.

Due to the complexity of the schedules and the number of different activities it was necessary to simplify.
Therefore, the fridge consumption was assumed constant, equal to Fc;, and it was allocated to the
kitchen. All the activity profiles were added into what will be called as electric equipment consumption,
where the maximum value for the three months was obtained and distributed throughout the house
(Watts/m?). The maximum value for standby consumption for the three months was also obtained and
distributed throughout the house (Watts/m?). From the maximum value of equipment consumption and
maximum value of standby consumption, a schedule of fraction of the peak value was created per
weekdays and weekends in each month, for standby and for electric equipment. The equipment and

standby schedule for the entire year was done with the same method as described in occupancy schedule.

As an example, the path 111 has the equipment design level of 99,8 W (0,97 W/m2) and a standby power
of 53,54 W (0,52 W/m2). The equipment and the standby schedules are presented in Figure 62. Regarding
the internal gains, 2 occupants were considered (0.02 pp/m2), a fridge consumption of 35,5 W (2,4
W/m?2), and a maximum light level of 49,5 W (0,48 W/m?2).

schedule values

o 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23

equipment_free-float equipment_winter equipment_summer

standby_free-float standby_winter = = =standby_summer

Figure 62 - equipment and standby schedule

4.7.4  Air flow and window operation

The typical value of 0.62 air changes per hour (ach) for ventilation as presented in 3.2 was considered,
including infiltration and natural ventilation from opening the windows. It was assumed a value of 0.4 ach
for infiltration and the remaining was modeled as natural ventilation, with the correspondent opening

area of 50%. It was assumed the following rules for window interaction, if any of the rule:
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e Interior temperature below 21°C or above 25°C the windows are closed or minimum outside
temperature higher than the used setpoint for heating or maximum outside temperature
bellow the cooling setpoint to open the windows;

e For the shading control, it was set that the blinds would be on if the zone air temperature is
higher than 22°C;

e Windows opening and shading devices are conditioned to the occupancy schedule;

4.7.5 Zone conditioning

The HVAC was modeled as an ideal load air system with an initial cooling setpoint of 25°C and a heating
setpoint of 19°C. These setpoints were based on Figure 63. For an outside mean temperature in January
2017 of 8.3°C [85] the comfort temperature can be set between 16°C and 22°C. In July 2016 the outside

mean temperature was 24.3°C [85], and therefore the comfort temperature can be set between 22°C to

28°C.
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Figure 63 — Adaptive Thermal Comfort for Buildings in Portugal [86].

The areas assumed to be heated or cooled were the living room and the bedrooms. Further, the HVAC
equipment only works if these rooms are occupied. The SCOP for heating and the SEER for cooling systems

used are 2.6 and 2.5, respectively, as presented previously in Section 3.2

4.7.6 Climate

The weather file used in this model was obtained for Lisbon from [87]. The sun and wind exposure were

also defined as no sun and no wind for all the building surfaces except outdoor walls and windows.
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4.8 Model evaluation

4.8.1 Model calibration

For BES models to be used with any degree of confidence, it is necessary that the existing model closely
represent the actual behavior of the building under study. This can be achieved through model calibration,
where the goal is to reduce the discrepancies between BES prediction and measured building
performance. During the calibration two main sets of data are needed: the simulation dataset, from the

building model created, and the measured dataset, from the paths profiles.

As is showed in Figure 64, after performing the building energy simulation with the schedules determined
by the mathematical model, the total consumption profiles from BES will be compared with the measured
paths consumption profiles. Further, different energy systems and distinct setpoints will be tested until

there is an agreement between the simulated and the measured consumptions.

Path's
Consumption
Profiles

Mathematical Occupancy Profile

Model Disaggregated
Consumption Profiles

Building
Typology

Building Energy

Consumption by End Use (

Simulation
[ £
Temperature Set Point
Heating/Cooling System
Manual
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NO. Matching?

Final Results
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Figure 64 - Process for model validation

The validation of building energy simulation models is presently built on a model’s compliance with
standard criteria for Mean Bias Error (MBE) and the Coefficient of variation of the Root Mean Square Error
(Cv(RMSE)). Commonly the Cv(RMSE) and MBE are the two statistical indices used. The consideration of
both indices allows preventing any calibration error due to errors compensation. The MBE measures how
closely simulated data is from the measured data. Due to a compensation effect (positive and negative
values contribute to reduce the MBE final value), the MBE usually is not a “stand-alone” index, but it is
assessed together with the Cv(RMSE). The Root Mean Squared Error (RMSE) is a measure of the sample
deviation of the differences between the measured values and the values predicted by the model. The
CV(RMSE) (in %) allows one to determine how well a model fits the data by capturing offsetting errors
between measured and simulated data. It does not suffer from the cancellation effect. Lower Cv(RMSE)

values bring to better calibration [88]. These criteria vary dependent on whether models are calibrated to
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monthly or hourly measured data, and are based on standard statistical indices. Currently, building energy
simulation models are generally considered ‘calibrated’ if they meet the criteria set out by ASHRAE
Guideline 14 [89]. These criteria propose the use of two statistical indices previously described, and are
used to represent how well a mathematical model describes the variability in measured data. These

indicators are calculated as follows:

Coefficient of variation of the root mean square error (CV(RMSE)):

Zjivzplcmi - Si)z 1

CVRMSE = 100 x Ny =D X — (4.64)
Normalized mean bias error (NMBE):
Np . — .
NMBE=100><M><§ (4.65)

(Np—-1) m
Where m is the average of the measured data points, m;and s; are the respective measured and simulated

data points for each model instance and Np is the number of data points at interval p, and m is the average

of the measured data points.

Depending on the time interval for the calibration (monthly or hourly) and in compliance with the
requirements of the protocol considered, the limit threshold is subjected to slight differences, as reported

in Table 6.

Table 6- Acceptance criteria for calibration of BES models [89]

Standard/guideline NMBE CV(RMSE)
Monthly criteria (%) 5 15
Hourly criteria (%) 10 30

This means that once there is reasonable agreement between measured and simulated data, the model
may be considered ‘calibrated’ according to present acceptance criteria for BES models. However, the
model that meets these criteria is not unique and thus there are numerous models of the same building

that can be ‘calibrated’ [67].

The manual calibration was performed by assuming as a first instance for each path the SCOP, SEER and
constant temperature setpoints presented in 4.7.5. Then, if the simulated profile is slightly higher or
smaller than the measured in some periods, the heating and cooling setpoint is assumed to be different
from the initial assumption and that the setpoint could vary throughout the day, having as minimum
heating setpoint equal to 18.5°C and the maximum cooling setpoint equal to 25.5 °C. If there is still no a
good match, improved systems efficiencies are tested until SCOP and SEER equal to 3.5. If after performing
these sequence, the simulated profile is still higher than the measured profile, then it is assumed that

there is no use of electrical equipment even though there is cooling or heating needs.

4.8.2 Model uncertainty

To address the topic of the model calibration it is important also to consider the issue of the model

uncertainty, particularly for indeterminate models of complex systems. Models of complex systems are
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notoriously difficult to validate and have been the subject of much scientific discussion and debate in
terms of quality and uncertainty, essentially due to simplifications, assumptions and simulation
constraints. This is particularly true when the purpose of the model is to deliver some insight into the non-

observable parts of the system, as the study taken under this thesis.

The built environment presents a complex challenge in terms of energy modelling and accurate
prediction. Any given building is characterized by a multiplicity of parameters including materials
properties, occupancy levels, equipment schedules, HVAC and other heating systems, and climate and
weather. These represent diverse sources of model parameters uncertainty. However, this does not

illustrate the entire range of potential uncertainty encapsulated by any given building model [89].

From the specific proposed method in this thesis, the major factors of uncertainty are due to the
measured data from the paths, since these are determined from the cluster centroids. From this first
factor, the peaks of consumption and some specific information could be lost, as cluster centroids are a
representation of average daily consumption profile. From here the uncertainty increases, as the paths
are used as the major input for the mathematical model, creating occupancy profiles which don not have
actual measured information to validate the model. From having the occupancy profile, a light profile,

fridge and standby profile, activity profiles, heating and cooling profiles are assumed.

Moreover, from the path analysis, another source of uncertainty identified is related to the summer
month, since it is a vacation period and it is possible that in some scenarios the household was not
occupied (part or the full month). Also, some occupants can be in ‘inhouse’ vacations which was not also
considered by the mathematical model when it compares activity related consumption with the free-float

month.

Other sources of uncertainty are related to the light units and the fridge power since this data was not

available for the case study and therefore had to be based on assumptions from literature review.
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5 Results and discussion

The profiles developed in the mathematical model presented in section 4.6 are used as input for the
building energy simulation described in section 4.7, for the three reference months determined in section
4.5.1. The model evaluation and calibration is taken considering the indexes described in section 4.8 and

the results are presented and discussed hereafter, for each of the five paths identified in section 4.5.4.

Two variables were used in the calibration; the type of system used for cooling and heating; and the
temperature setpoint. The procedure starts with the information available in section 4.7.5 and it is
calibrated in accordance with the measured data. Nonetheless, as stated before, the compliance with the
thresholds can be attained with different models, as the solution is not exclusive and may not guarantee

that the system assumed and temperatures setpoints are the ones actually used.

5.1 Path111

Path 111 represents 19.75% out of the total households analyzed. The fixed inputs were presented in
section 4.7.3 and end-use profiles in section 4.6.6. The calibrated results were achieved for the following
inputs:
- the heating setpoint of 19.5°C for the bedroom and for the living room 19°C from 0 h to 9 h and
20°C for the remaining day;
- the cooling setpoint of 24 °C for the bedroom and for the living room 24 °C from 0h00 to 14h00
and 25°C from then on;

- ASCOP of 2.6 and SEER of 2.5.

Path 111 evaluation results, after performing the calibration, are presented in Table 7. It can be observed
that the model is in compliance with the reference indexes from section 4.8.1. The free-float results
reported very low values of both indexes most likely due to not having cooling or heating consumption.
The winter has the highest value of CV(RMSE) but is still below the limit threshold, that can be explained
by the heating consumption not having the same periods of occurrence as it was recognized in the model.
The summer results have lower values of CV(RMSE) then the winter, which indicates that the deviation
between the measured values and the simulated values in the summer is smaller than in the winter. The
summer NMBE results reported a lower value than the winter value, since it NMBE has a compensation
effect that reduces its final value due to sum of the positive and negative differences between measured
and simulated values.

Table 7- Validation results for free-float, winter and summer for path 111

CV(RMSE)(%) NMBE(%)
Hourly limit threshold [89] 30 10
Free-float 0.8 0.1
Winter 11.7 0.8
Summer 8.3 0.1
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When comparing the simulated and measured daily profiles (Figure 65) the profiles match. There is only
0,08% of difference when comparing the total daily consumption from measured and simulated, which
indicates a good approximation. Since the simulation did not identified cooling or heating consumption in
the month of May, the two profiles match because the consumption is a direct output of light, fridge,

standby and electric equipment consumption.
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Figure 65 - Comparison between simulated (May) and measured (free-float) average daily consumption profile
for path 111

Regarding the winter month, the results are presented in Figure 66. Even though the validation criteria
were met, the curves do not exactly fit (35% of difference in the worst case, which occurs at 7h, being the
simulated value 0.047 kW higher than the measured value). It is also important to state that the total daily
consumptions from measured and simulated only differ by 0.79%. However, it is possible to observe that
some difference exists, during the night period (from 19h to 22h), where the measured consumption is
higher than the simulated values, the opposite occurs between 2h to 8h. Further, from the end-use
disaggregation (Figure 67) it is possible to infer that this difference is most influenced by the heating
consumption. As it was stated in section 4.8.1 there are numerous systems and temperature setpoints
that can meet the calibration criteria. A further breakdown of the heating setpoint could improve the fit
between both curves. Other variables may also be introducing uncertainty in the model, as for example
building construction characteristics such as materials, infiltration, etc.), affecting the heating
consumption predictions. In a future improvement of the model evaluation, a calibration model

considering a wider range of variables can be considered.
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Figure 66 - comparison between simulated average daily consumption for January with winter daily consumption
profile from path 111
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Figure 67 —End-use consumption results from simulation for January for path 111

The criteria were also met for the summer month. From Figure 68, it is possible to observe that the fitting
between the simulated and the measured curve presents some diversity (26,06% of difference in the
worst case, which occurs at 18h, being the simulated value 0.03 kWh higher than the measured value).
From the end-use disaggregation (Figure 69) it is possible to infer that this difference is most influenced
by the cooling consumption. In fact, when comparing this simulation result with the winter month, during
the night period, an opposite effect is observed: for the winter month, the model underestimates the
heating consumption while for the summer month it is overestimating. This opposite effect could be
explained by a building insulation value assumption (in walls, windows or infiltration, for example) higher
than the real one. This reinforces that, besides the comfort setpoints and systems efficiencies, the
calibration should also consider other uncertain parameters related to the construction characteristics.
Nonetheless, one cannot exclude the possibility that this occupant chooses to not to use the cooling or

heating system, even if he/she was in a discomfort situation for a certain period.
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Figure 68 - Comparison between simulated average daily consumption for July with summer daily consumption
profile from path 111
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Figure 69 — End-use consumption from simulation for July for path 111

A fragility in the mathematical model related to the occupancy profile identification recognized, since

‘other activities’ refer to consumption that is not related to the household occupancy but is also not
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identified as fridge or standby consumption. An example using the free-float month is presented in
Figure 70 where the ‘other activities’ consumption was not included in the total equipment consumption
simulation, a difference is identified when comparing the fit with the fit obtained in Figure 65. This
difference is caused since the model did not identify any active occupancy during these periods, and
therefore it only considered the fridge and standby electrical consumption. Although the error is small
enough to also consider the simulation valid, this highlights two improvements that must be studied in
a future model:
e The active occupancy model sensitivity should be improved to identify smaller values of the
threshold of turning on event and high consumption period. The current limit threshold is
0,25 for both scenarios and the daily consumption profile used as input is based on the
average of all weekdays of each month. Therefore, an event that occurs once a week or even
once a month would not be identified. For example, having a housekeeper coming once a
week which would increase the consumption, due to the use of equipment, but when making
an average of the 5 days of the week that information would be lost and that occupancy will
not be identified by the mathematical model;
e The existence of equipment consumption (rather than the fridge and standby) in unoccupied
periods. For example, the washing machine or dishwasher is left on while the household is

not occupied.
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Figure 70 - Comparison between simulated (May) and measured (free-float) average daily consumption profile
for path 111 (without the ‘other activities’ simulation)

5.2 Path 212

Path 212 represents 16.05% of the analyzed users. This household was assumed to be occupied by 4
persons, with an equipment design level of 190.8 W (1.28 W/m?), a maximum standby power of 74.48 W
(0.50 W/m?), a fridge of 58.1 W (3.93 W/m?) and a light level of 102.9 W (0.69 W/ m?). The occupancy
schedule and the input profiles from mathematical model are present in annex E.1. The calibrated results
were achieved for the following inputs:

- Gas system for heating or no system;

- No cooling system is used.
The evaluation results after performing the calibration are presented in Table 8. It can be observed that
the model is in compliance with the reference indexes presented in section 4.8.1. Similar values as the

ones obtained in path 111 were achieved for the free-float month, while the winter month values of

69



CV(RMSE) are much lower (less 9.5%), due to not having electrical consumption related to heating.
CV(RMSE) for the summer has the same value as path 111 but has higher values in terms of NMBE (2.5%).

Table 8- Validation results for free-float, winter and summer for path 212

CV(RMSE) (%) NMBE (%)
Hourly limit threshold [89] 30 10
Free-float 0.8 0.2
Winter 2.2 0.5
Summer 8.3 2.6

From Figure 71, it is also visible that the free-float and winter month have almost a perfect fit. For the
worst case, for free-float the difference between measured and simulated is 1.64% which occurs at 7h
while for the winter that difference increases to 6.20% which occurs at 20h. In the summer some
differences are visible (between 10h to 12 h), having the biggest difference occurring at 11 h (23.44%),
where the simulated value is 0.06 kWh less than the measured. These differences can be explained by the
mathematical model having assumed 0.8% of the summer consumption for cooling (annex E.1) while no
consumption for cooling was identified in the simulation after performing calibration, since the only
match occurred for no use of cooling equipment (annex F.1). This overestimation can be also explained
by uncertainties in the mathematical model related to uncommon or temporary occupancy patterns. For
example, when comparing the measured free-float consumption profile with the measured summer
profile there is a shift in the morning peak for later hours and longer period in the summer month. This
can be an indicator of “inhouse” holidays, where the activity consumption shifts in that period. However,
the mathematical model does not take that into consideration and assumes the increase is due to cooling

use.
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Figure 71 - Average daily consumption comparison between simulated and free-float profile (upper), winter
profile (center) and summer profile (lower) for path 212

5.3 Path 222

The Path 222 represents 9.88% of the analyzed users. This household was assumed to be occupied by 4
persons, with an equipment design level of 205.13 W (1.4 W/m?), a maximum standby power of 104.4 W
(0.7 W/m?), a fridge of 60 W (4.05 W/m?) and light level of 106.13 W (0.71 W/m?). The occupancy

schedule and the input profiles from the mathematical model are present in annex E.2. The calibrated

results were achieved for the following inputs:

the heating setpoint of 19°C for the bedroom and for the living room 19.5°C from Oh to 10h and
20.5°C for the remaining day;

the cooling setpoint of 24°C for the bedroom and for the living room 24°C from Oh to 14h and
25°C from then on;
- ASCOP of 1 and SEER of 2.5.

The evaluation results after performing the calibration are presented in Table 9. It can be observed that
the model values are below the reference indexes presented section 4.8.1. Similar values as path 111 and
path 212 were achieved for the free-float month, while in the winter month values for Cv(RMSE) are
slightly when compared with path 111 (less 3,3%). Cv(RMSE) for the summer is also lower but the
difference is not so significant as in the winter (only 0,1%), when comparing to the values obtained in path

212 for the summer similar values are achieved, except for NMBE where a smaller is here reported (less
2,4%).

71



Table 9- Validation results for free-float, winter and summer for path 222

CV(RMSE)(%) NMBE(%)
Hourly limit threshold [89] 30 10
Free-float 0.7 0.0
Winter 8.4 0.9
Summer 8.4 0.2

From Figure 72, it is also visible that the free-float, for the worst case the difference between measured

and simulated is 1.67% which occurs at 0 h. From Figure 72, the overall fit between the measured and

the simulated for the winter and summer months is satisfactory but not in all periods. For winter, the

biggest difference occurs at 10h (27.75% of difference) where the simulated value is 0.1 kWh smaller than

the measured, while for summer it occurs at 19h (26.49% of difference) where the simulated is 0.06 kWh

higher than the measured.
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For winter, the major difference occurs at 10h (27,75% of difference) where the simulated value is 0,1

kWh smaller than the measured, while for summer it occurs at 19 h (26,49% of difference) where the

simulated is 0,06 kWh higher than the measured. This difference may be explained by the heating or
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cooling consumption identified by the mathematical model that did not match the simulation values for
this building characteristics (as developed previously in Section 5.1), visible when comparing end-use
profile from model present in annex E.2 and end-use profile from simulation present in annex F.2. This
equipment combination is not common, but it could be explained in two ways:
e this household could be equipped with air conditioner system with only cooling function which
represents 7.2% of Portuguese households, value presented in [56].
e this household could in fact be equipped with a heat pump but choses to use other equipment
for heating, in [8] it was presented that existent systems for space heating such as heat pumps,

are not necessarily the most commonly used system;

5.4 Path 422

The Path 422 represents 7.4 % of the residential users. This household was assumed to be occupied by 5
persons, with an equipment design level of 351.2 W (2.36 W/m?), a maximum standby power of 110.2 W
(0.742 W/m?), a fridge power of 93W (6.3 W/m?) and a light level of 146.25 W (0.98 W/m?). The occupancy
schedule and the consumption profiles used to create this input are presented in annex E.3.The calibrated
results were achieved for the following inputs:

- the heating setpoint of 19°C for the bedroom and for the living room 19°C from Oh to 12h and

20.5°C for the remaining day;

- ASCOP of 2.6;

- No cooling system used.
The evaluation results after performing the calibration are presented in Table 10. It can be observed that
the model values are below the reference indexes presented in section 4.8.1. For the free-float, the
Cv(RMSE) and NMBE are similar to the values obtained in path 111. The winter month CV(RMSE) is lower
in this path than path 111 by 7.8%. CV(RMSE) for the summer is the lowest value from all the paths (6.7%
less than path 111), due to no use cooling equipment and the mathematical model not identifying cooling
consumption as well.

Table 10 — validation results for free-float, winter and summer for 422

CV(RMSE)(%) NMBE(%)
Hourly limit threshold [89] 30 10
Free-float 1.0 0.1
Winter 3.9 0.9
Summer 1.6 0.4

From Figure 73, the free-float and summer month have a good fit, due to not having cooling consumption
identified in the model. The winter has an overall good fit except for the early morning and between 19h
to 21h, having the worst case occurring at 8h with 9% difference. The reasons behind these differences
were already developed in 5.1. From the end-use consumption presented in annex F.3, it is possible to

verify that coincides with the heating consumption periods.
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Figure 73 - Average daily consumption comparison between simulated and free-float profile (upper), winter
profile (center) and summer profile (lower) path 422

In this path another fragility of the model was identified. As it was discussed in 4.5.4.4 it is likely that this
household was empty at least some part of month since the summer daily consumption is 5.17 kWh/day
and the free-float daily consumption is 8.93 kWh/day, and from 4h to 6h the total consumption is 0.13
kWh when the total assumed fridge consumption is 0.093 kWh, leaving just 0.04 kWh as maximum value
of standby, when in the free-float month the maximum value of standby is 0.11, more than the double.
The model did not identify this situation, and assumed occupied household and model the lighting
consumption as it was a typically occupied household (also visible in the end-use consumption from the

simulation profile in annex F.3.)

5.5 Path444

The Path 444 represents 6.2 % of the residential users. The household was assumed to be occupied by 5
persons, with an equipment design level of 392.55 W (2.64 W/m?2), a maximum standby power of 136.07
(W/ m?), a fridge of 93W (6.3 W/ m?) and a light level of 152.6 W (1.03 W/m?), the occupancy schedule

and the reaming input profiles are visible in Annex E.4.
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The calibrated results were achieved for the following inputs:

- the heating setpoint of 19°C for the bedroom and for the living room 20°C from Oh to 15h, 20.5°C

until 19h and 21.5°C the remaining day;

- ASCOPof1;

- No cooling system used.
The evaluation results after performing the calibration are presented in Table 11. It can be observed that
the model results are below the reference indexes presented section 4.8.1 The Cv(RMSE) and NMBE
values are quite similar in the three months when compared with path 111. This winter Cv(RMSE) is the
highest from all the paths but NMBE was the lowest indicating that the positive differences are balanced
by the negative differences between the simulated and measured values. The summer Cv(RMSE) is also
the highest of all the paths (2.9% higher than path 111) and NMBE as well (3.9% higher than the value
obtained in path 111).

Table 11- validation results for free-float, winter and summer for 444

CV(RMSE)(%) NMBE(%)
Hourly limit threshold [89] 30 10
Free-float 1.0 0.2
Winter 13.1 0.0
Summer 11.2 4.0

From Figure 74, it is possible to verify an overall good fit in the free-float month. For winter there is only
a good match between 7h to 16h, when there is no heating consumption (visible in the end-use profile in
annex F.4), between 1h and 7 h the simulation identified heating while the model did not, while the
opposite occurs at Oh, having the worst case at Oh were the difference is 49%. Even though this hourly
difference occurred the total consumption difference is below 1%. An even less efficient heating
equipment with a more variable heating set point could improve the fit between both curves. For the
summer, only three hours present some difference, having at Oh and 16h 33% of difference, that
difference can be explained by comparing the end-use from mathematical model (annex E.4) and from
the simulation (annex F.4), where at those periods the mathematical model identifies cooling the best fit

occurs for no use of cooling equipment, even if there is cooling needs.
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Figure 74 - Average daily consumption comparison between simulated and free-float profile (upper), winter

profile (center) and summer profile (lower) for path 444
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5.6 Overall end-use consumption

By comparing the simulated overall end-use consumption (Figure 75), the biggest percentage is associated
with electric equipment having on average 31% of the total consumption, followed by the fridge
consumption with the average of 28% and standby average value of 20% while the lighting only represents
13% and heating (average value of 6%) and cooling (average value of 1%) the remaining. When it comes
to the total yearly fridge consumption, it reaches the 800 kWh/year which shows that if it was renewed
by a more efficient model the percentage attributed to the fridge could be reduced. Since standby is the

third responsible for the total consumption it is necessary to address measures to reduce it.

It is also possible to observe that path 111 represents a low consumption household and that the fridge,

standby and electric equipment have almost the same percentage of the total consumption.
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Figure 75 — end-use consumption per path for free-float (upper), winter (middle) and summer (lower)

Path 212 has in the free-float and summer month as the highest share, the consumption coming from
electric equipment (39% and 33% as electric equipment) while in the winter the equipment consumption
reduces to 31,5% and standby reduced 7% when compared to the free-float value while the opposite
occurs to the fridge consumption (representing 27% e 28% while in the winter it rises to 37%), which could
indicate that the household had some empty days that decreased the electric equipment consumption.
From path 422 in the summer, it is possible to identify that the fridge consumption increases 19% when

compared with free-float, and that standby decreased 7% and electric equipment 15%, which indicates
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that the household was empty, and when compared with winter from path 212 it is possible to conclude
that in this case it was empty for a longer period. From here a fragility in the model is identified since if
the household is empty the light consumption cannot be based on the values obtained from free-float, a
fully occupied household. From path 111 where both systems have similar efficiency for cooling and
heatingitis possible to identify that in Portugal there is more consumption related to heating than cooling.
As well when looking at the middle figure there are 4 paths using a kind of heating equipment while from
the lower figure only 2 use cooling equipment. From path 222 with 24% and path 444 with 19% of heating
consumption, both with inefficient heating systems, it is possible to test other equipment’s that could
reduce this consumption. For instance, when comparing path 422, which has internal loads similar to path

444 but uses a heating equipment with SCOP of 2.6, heating consumption is only has 3%.
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6 Conclusions and future work

Due to the present awareness of building electrical consumption, especially in residential buildings, it is
mandatory to address efficiency measures to reduce the energy consumption. To do so, these measures
need to be tested through accurate models of energy consumption in buildings. However, the lack of input
information necessary to create these models has been contributing to hinder this goal. The deployment
of smart meters made available hourly electrical consumption information creating a fantastic

opportunity to use this that data in improving the building energy model’s accuracy.

The present work proposed the development of a model able to disaggregate hourly values of electrical
consumption into lighting, equipment, cooling and heating consumption schedules and occupancy
profiles for different households, using smart metered data. This information coupled with data on

buildings geometry and construction was further used as input data in an energy simulation model.

The electrical consumption dataset included missing-value users, zero-use users and outliers which
requires to perform a

Data cleaning and preprocessing procedure to improve the quality of the dataset. Only 33% of the entries
of the initial dataset were compliant with the minimum requirements to perform a good analysis,
corresponding to a final sample of 90 users. Nonetheless, it was still necessary to fill in missing values
which increased from 1% to 3% the total final consumption in 70 users, in the remaining 20 the impact
was higher than 3%. This highlights the importance of improving the accuracy of data recovery in the
future since only 33% percent of the initial dataset met the minimum requirements and every user had

some missing values inputted which can bring some uncertainty and reduce the accuracy of the analysis.

In order to distinguish residential from nonresidential profiles, a clustering analysis using the k-means
algorithm was performed. After carrying out an analysis on the more suitable normalization method and
adequacy measures, 5 cluster centroids were identified with 2 representing nonresidential profiles,

corresponding to 10% of the sample.

Since the focus was on the residential consumers, a second stage of clustering analysis was performed for
three reference months: free-float month (May); winter month (January) and summer month (July). For
each month, a clustering analysis is performed and four cluster centroids are obtained and paths are
created. Five paths are analyzed: path 111 (representing 20% of residential users), path 212 (16%), path
222 (10%), path 422(7%) and path 444(6%).

A mathematical model is applied to each path consumption to create input profiles (occupancy, lighting,
equipment, standby and fridge) for an energy simulation suing the building characteristics presented in
the case study. After performing model calibration, the best fit obtained was:

e Path 111: heating system with SCOP of 2.6 and cooling system with SEER of 2.5;

e Path 212: no use of electric system for cooling or heating;

e  Path 222: heating system with SCOP equal to 1 and cooling system with SEER of 2.5;
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e  Path 422: heating system with SCOP of 2.6 and no use of cooling system;

e  Path 444: heating system with SCOP equal to 1 and no use of cooling system.

Overall, the model proved to be effective when applied to the free-float since every path met the
reference criteria and having in the worst fitting path an hour where the difference was equal to 4% (path
444), and Cv(RMSE) was always below 1% and NMBE below 0.2% (while the limit threshold values are 30%
and 10%, respectably). When it comes to the winter month, all the paths met the criteria and path 212
had the best fitting results with Cv(RMSE) of 2.2% and NMBE of 0.5%, while the worst fitting path was
path 444 with Cv(RMSE) of 13,1% and NMBE 0% (meaning the negative and positive differences between
simulated and measured are balanced). When it comes to summer the lowest values of Cv(RMSE) were
obtained for path 422 (equal to 3.9%), while path 444 obtained the highest value (equal to 11.2%) and

the highest value for NMBE (equal to 4%) but still below limit values.

Path 444 was the worst fitting path for each month but the difference between total daily consumption
from measured and simulated are:

e For free-float the difference was 0.22%;

e  For winter the difference was below 0.01%;

e  For summer the difference was below 4%.

From the worst fitting path, it is possible to concluded that even if the measured and the simulated profile
consumption does not have a perfect hourly match, the total consumption does have a good
approximation specially for free-float and winter. So, it is possible to conclude that the method proposed
toinfer the input profiles per end-use can describe the actual consumption and can be used to test energy

efficiency measures in the future.

Future work includes the model optimization, especially the improvement of the occupancy profile by
testing 3 different new models of combining the information from high consumption periods and on event
by using the average, the maximum value or the sum of both values. Moreover, the improvement on the
identification of high consumption periods and on events as a continuous evaluation proportional to the
correspondent threshold instead of the actual model that is based on discrete evaluation. Future work on
the mathematical model should also focus on the summer month to identify periods of inhouse vacations
and unoccupied household and make appropriate changes on the end-uses consumption. Further
developments on the model calibration by including an uncertainty analysis considering more variables

can also improve the model predictions.
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Annex A - Building geometry

Figure 76 — 1st floor plan

Figure 77- Cut A-B and Cut C-D

Al



Figure 78- Building elevation

Figure 79 - Block
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Annex B - Cluster centroids
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Figure 80 - Clusters for typification analysis
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Annex C - Weekend paths

Table 12 -Week paths combined with weekend paths

week _paths| % | weekend_paths % | week paths % | weekend_paths| %
111 9.9% 222 6.2%
121 3.7% 222 9.9% 221 2.5%
222 1.2% 141 1.2%
111 19.8% 122 1.2% 444 2.5%
141 1.2% 222 1.2%
112 1.2% 422 7.4% 441 1.2%
241 1.2% 221 1.2%
222 4.9% 242 1.2%
211 3.7% 444 2.5%
121 2.5% 144 1.2%
212 16.0% 444 6.2%
212 2.5% 443 1.2%
442 1.2% 343 1.2%
224 1.2%
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Figure 81- weekend path 222
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Figure 82- weekend path 444




Annex D - Light Profile
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Figure 83- light needs versus lux values in winter
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Figure 84 — light needs versus lux values in summer
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Annex E - Occupancy and end-use profiles from
mathematical model
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Figure 85 - Occupancy Profile (upper) and end-use profiles(lower) for free-float month of path 212
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E.3

E.2 Path 222
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Figure 88 - Occupancy Profile (upper) and end-use profiles(lower) for free-float month of path 222
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Figure 89 - Occupancy Profile (upper) and end-use profiles(lower) for summer month of path 222
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Figure 90 - Occupancy Profile (upper) and end-use profiles(lower) for summer month of path 222
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E.3 Path 422
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Figure 91 - Occupancy Profile (upper) and end-use profiles(lower) for free-float month of path 422
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Figure 92 - Occupancy Profile (upper) and end-use profiles(lower) for winter month of path 422

0.4
= I occupaney prof e summer profile
=
— =
©
2 5 02
S8
o E I
Z
S 0
012 3 456 7 89 1(?1&&r121314151617181920212223
. fridge . standby lighting
- N |easer cooking mmmm domestic activities
o 0.4 s watching tv s cooling I others
= .
€
S
(%]
c
o
o
©
2
S
(8]
Q
()

0123 456 789

10 11 12 13 14 15 16 17 18 19 20 21 22 23
hour

Figure 93 - Occupancy Profile (upper) and end-use profiles(lower) for summer month of path 422
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Figure 94 - Occupancy Profile (upper) and end-use profiles(lower) for free-float month of path 444
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Figure 95 - Occupancy Profile (upper) and end-use profiles(lower) for winter month of path 444
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Figure 96 - Occupancy Profile (upper) and end-use profiles(lower) for summer month of path 444
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Annex F - End-use consumption profiles from simulation
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Figure 97 -End-use consumption in May (upper), January(middle) and July (lower) for path 212
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Figure 98 -End-use consumption in May (upper), January(middle) and July (lower) for path 222
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Figure 100 -End-use consumption in May (upper), January(middle) and July (lower) for path 444



