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Abstract

Data mining techniques are a great ally for obtaining
profiles to represent occupant's behaviour in buildings.
Self-Organising Map (SOM) is an efficient tool that can
be used for that purpose. This study aimed to find
occupant reference profiles using SOM for building
performance simulations purposes. The method consists
of using SOM, computer simulations and data analysis.
SOM best performance was obtained with an 8x15
hexagonal mesh, reaching 100% accuracy. Three
profiles were obtained. The systematic procedure
proposed proved to be suitable for clusters formation and
may be replicated by other researchers using other data
samples.

Key Innovations

e A systematic procedure suitable for identifying
clusters in a sample is presented.

e SOM, an unsupervised learning algorithm, is
successfully applied for that purpose.

e Occupancy and openings operation schedules
for three occupant reference profiles are
provided.

e  Other researches may use both method and
profiles shown herein.

Practical Implications

Since SOM is an exploratory and unsupervised learning
algorithm, the study variables should be selected with
caution. Besides, it is important to combine SOM with
inferential tests to prove the statistical significance of the
results obtained from the simulations and different net
configurations.

Introduction

Buildings significantly impact the environment, with
energy consumption being one of the most influential
factors (EC, 2016, IEA, 2020). Thus, studies worldwide
have been developed to obtain data from indicators that
show which measures are the most efficient to reduce
energy consumption. Due to the complexity of such
studies' development, computer simulations have been
applied more frequently, allowing the researcher to
assess the impact of such strategies even before adopting
them. In order to carry out such simulations, it is
necessary to input into the programme the characteristics
of several factors that affect the performance of the

building, such as climate, geometry, construction
systems and how it is operated.

How the building is occupied and operated is among the
factors with the greatest influence on its energy
consumption and thermal performance (Causone et al.,
2019). Therefore, researchers have explored this topic to
understand the occupant's behaviour pattern (Aerts et al.,
2014, Mitra et al., 2020). According to Chen et al.
(2015), the lack of knowledge about the behaviour of the
occupant in buildings is a major obstacle in the search
for greater energy efficiency, given the high degree of
uncertainty regarding the simulations’ outputs resulting
from the lack of reliable data on the subject (Silva and
Ghisi, 2014). Accurate modelling of occupant behaviour
can provide great support for building performance
simulation, obtaining more reliable designs through
computer simulations (Mo et al., 2019).

When applied in computer simulations, the
determination of occupant reference profiles from real
data leads to results closer to reality (Andersen at al.,
2016). Besides, the variability of human behaviour is
another factor that must be considered; Andersen et al.
(2013) found differences of up to 300% in energy
consumption in identical buildings, due to the great
variation in different individuals' behaviour. Thus, data
mining methods should be applied to databases built
from field surveys to find suitable occupant reference
profiles.

One efficient data mining technique applied to this
context is the Self-Organising Map (SOM), also known
as Kohonen Networks. It is an exploratory data analysis
which applies a neural network algorithm based on
competitive and unsupervised learning, capable of
segregating a sample into groups of similar individuals.
One of the greatest benefits of this network is its ability
to represent multidimensional vectors in 2D maps,
facilitating the visualisation of complex multivariate data
(Jain and Mao, 1996). The input data's topology is
retained in the mapping process, which reveals possible
and unknown correlations between parameters in the
input layer, providing important insights into the data
(Kind, 2015).

SOM has been applied in several studies to facilitate the
analysis of a sample with multivariate data. The
algorithm was used by Granzow et al. (2001) and
Martin-Guerrero et al. (2006) to segregate a sample of
data into groups with similar individuals. The two
surveys compared applying this algorithm with other
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clustering techniques and pointed out the SOM network
as the most appropriate approach. Ballabio et al. (2013)
applied ANOVA to evaluate the effects of different
network parameters configurations. When comparing the
results, they observed that different configurations
respond better or worse to different databases. The
researchers, therefore, suggest that, when applying
SOM, different configurations should be tested. The
SOM network was combined with Fuzzy C-Means in a
study by Qiu et al. (2015). With the combination of these
algorithms, the researchers were able to reduce the
multi-design space and optimise the meta-model.

In studies focused on buildings, a method proposed by
McLoughlin et al. (2015) implemented three
unsupervised clustering methods: k-means, k-medoid
and SOM. The aim was to find which algorithm had a
better performance in detecting electricity use patterns in
data. They found a series of Profile Classes to represent
common electricity use patterns, which helped to
characterise each pattern based on individual customer
attributes. SOM was applied by Komatsu and Kimura
(2019) to estimate the operating time of air-conditioning
(AC) in Japan. Hourly data were classified into three
categories: operating, non-operating and half-operating.
The results were used for simplified disaggregation to
estimate AC demand. Causone et al. (2019) proposed a
data-driven procedure to improve the reliability of
energy simulation outputs regarding occupancy and
electric load profiles in a residential building. SOM was
applied, together with a k-means algorithm, to detect
representative occupant-related electric load profiles.
The authors found that the method applied was suitable
for its purpose. In all studies mentioned above, it was
possible to find patterns within a sample and segregate it
in distinct clusters, each one of them composed of
similar profiles.

Thus, the objective of this study was to find occupant
reference profiles within a sample according to their
occupancy and operation schedule employing Self-
Organising Maps (SOM), for further application on
building performance simulations.

Method

This study was divided into four main steps: data
acquisition, sample segregation into groups using SOM,
building performance using computer simulations and
checking the suitability of the clusters by means of data
analysis.

Data acquisition

Data regarding occupancy and openings operation
routines were obtained from an existing database, built
within the scope of the project “Rational Use of Water
and Energy Efficiency in Housing of Social Interest”
(Ghisi et al., 2015). In this project, on-site data surveys
were conducted in low-income single-family housing, in
Floriandpolis, southern Brazil, over one year. Data were
collected for long-stay rooms only (living room and
bedrooms). It was recorded for each room if the room
was occupied or not and if the windows were opened or
closed over weekdays and weekends. Data were

recorded in a binary data basis and organised in a
spreadsheet according to the following code: "0" for
unoccupied, "1" for occupied, "0" for closed windows,
"1" for open, resulting in a 96 intervals database for each
room.

SOM network

The SOM network was applied to segregate the data
sample into smaller groups to identify different patterns
of occupant behaviour. This network uses an algorithm
capable of representing the sample data in a 2D space,
producing topographic maps. This type of graph allows
identifying visually important relationships in the
database.

Figure 1 shows a graphical representation of how this
network works. The network comprises a two-layer
network: the Input Layer (first layer) and the
Competitive Layer (second layer). The Input Layer is
composed of the input data. Each object of the sample is
represented in this layer by an input vector “x”, which
describes the variables that characterise each object. The
Competitive Layer is composed of a layer of “k”
neurons, distributed in a two-dimensional mesh
(usually). These neurons are represented by a weight
vector "w", n-dimensional, of the same dimension "n" as
the input space. Each of the neurons is connected with
all the neurons in its neighbourhood (represented by the
dashed lines in Figure 1). The distribution of neurons in
this mesh can be rectangular (as in Figure 1) or
hexagonal. The first and second layers are completely
connected; that is, all neurons in the first layer are
connected to all neurons in the second layer (solid lines
in Figure 1). When starting a training (to perform a
network), a given input vector "x" is selected and its
distance to each of the neurons in the second layer is
calculated, applying a distance function, such as the
Euclidean distance. The neuron whose distance to the
input vector was the shortest is considered the ‘'winner'
and called Best Matching Unit (BMU). When a BMU s
identified, its vector and that of its entire neighbourhood
are updated and oriented to the input vector. This
process is repeated until each input vector is assigned to
a BMU. Thus, BMUs with similar characteristics are
approximated in the grid (Vesanto, 1999).

Conections between neurons Q Q @ Q O Competitive
5x5 mesh ) a ' Layer
Neuron “k” OO (A

Weight “w” !

Input vector “x” O/ 7 ’ v

} Input
' Layer
Figure 1: Scheme of a Self-Organising Maps network.

The SOM network is configured from different
parameters, and the combination between them can lead
to very different results (as pointed out by Ballabio et al.,
2013). The “dimensions” parameter represents the
number of neurons specified in the Competitive Layer
mesh. They can configure a 2D mesh with two
dimensions of the same size (with the same number of
neurons) or assume a more rectangular design, with one
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of the dimensions larger than the other. The “coversteps”
parameter represents the number of training steps for
initial covering of the input space. The “inineighbor”
parameters define the distance a BMU affects its
neighbourhood in the mesh. The "topology" function
determines how the neurons are arranged in the mesh
(usually arranged in parallel or diagonally). Finally, the
"distance™ function concerns the mathematical measure
used to calculate the distances between the input vectors
and the Competitive Layer's neurons.

Table 1 shows the configuration for each parameter for
the initial training. The first column lists the parameters
that have been configured on the network. The middle
column shows the codes that were used to indicate the
configuration of each parameter. The last column shows
the values assigned to each parameter in the initial
configuration.

Table 1: Initial configuration for the network.

Parameters | Corresponding code | Initial configuration
Dimensions mesh 6x6
Coversteps steps 1000
Inineighbor iniN 3
Topology topo Hextop
Distance dist Linkdist

The general code used to configure the initial network is
shown in Table 2. First, the data matrix, defined as “x”,
is imported. The mesh code sets the number of neurons
in the mesh. The codes “steps”, “iniN”, “topo” and
“dist” configure the number of interactions, the
neighbourhood distance, the topology and the distance
calculation measure, respectively. Then, the network is
configured, visualised and, finally, the network training
begins.
Table 2: General code used to set the SOM network as
the initial configuration parameters.

>> x=csvread(‘userdata.csv’);

>> mesh = [10 10];

>> steps = 1000;

>>iniN =5;

>> topo = ‘hextop’;

>> dist = ‘linkdist’;

>> net=selforgmap(mesh,steps,iniN,topo,dist);
>> view(net);

>> net=train(net,x);

Following SOM performance with the initial
configuration, different net configurations were
performed to check which net configuration shows a
better capability to identify clusters. Table 3 shows all
parametric configurations adopted in this study.

Table 3: Parametric configuration for the network.

Parameters Parametric configuration
Dimensions 8x8; 12x12; 15x15

6x10; 6x12; 8x15; 10x20
Coversteps 100; 250; 400; 500; 2000
Inineighbor 5; 8; 15; 20
Topology Gridtop
Distance Dist

Two types of graphics were obtained for each of the
configurations: SOM Neighbour Distances and SOM

Sample Hits. SOM Neighbour Distances is a type of plot
in which the colour intensity represents the distances
between neighbour neurons. The darker the colour
between two neurons, the farther they are (i.e., "more
different”). Thus, it is possible to distinguish clusters
visually, where a dark boundary delimits clusters. Figure
2a shows an example of a SOM Neighbour Distance plot
for an 8x15 mesh, hexagonal topology. The blue dots
represent the Competitive Layer neurons and small red
lines, the connections between them.

SOM Sample Hits plot works like a histogram referring
to the number of times a neuron won the competition
(i.e., it was chosen as the BMU for a given “x”). The
area bounded by zero-hit units can represent a boundary
between two distinct clusters, as do the dark shades in
SOM Neighbour Distances plot. Figure 2b shows an
example of a SOM Sample Hits plot for the same
network as Figure 2a.

SOM Neighbor Weight Distances

(b)

Figure 2: Example of a SOM Neighbour Distance plot
(a) and SOM Sample Hits plot (b).

The analysis of the plots obtained for each configuration
made it possible to identify the network configuration
whose graphs showed better sample separation (that is,
they made it easier to identify the separation visually). In
addition to the graphs, the network's performance can
also be verified from additional analyses, such as the
inclusion of a classification step. In this analysis, the
ability of a network to “get it right” to which cluster each
object was assigned is verified. A new variable, called
“x-Target”, was created and added to the database. This
variable identifies which cluster each input vector
belongs to. This was made possible by identifying the
location of each BMU in the Competitive Layer. Figure
3 shows this process.

Figure 3: Identifying each BMU's cluster with SOM
Sample Hits Plot.
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To verify the accuracy of the clustering process using
SOM, a classification network was performed. The aim
was to find out if the net was able to correctly assign
each occupant profile (represented by the input vectors)
according to their Target (cluster). A Confusion Matrix
was obtained to verify the network's ability to "guess”
the cluster to which each input vector was assigned. The
sample was divided into 70%, 15% and 15% for training,
validation and testing, respectively.

Computer simulation

Three reference models (one for each cluster) were
configured as the occupant reference profile and applied
in computer simulations. The reference model was
defined as the closest object to the centroid of its cluster.
In simulations, they were described according to an
hourly schedule for occupancy and openings operation,
weekdays and weekends, and the number of occupants
for each room.

Computer simulations were performed using EnergyPlus
(version 9.3). Floriandpolis climatic reference year file
was selected to represent weather conditions in
simulations. The geometry (floor plan) of the house is
shown in Figure 4. It is a 36.00m? single-family low-
income house, with two bedrooms and a combined living
room and kitchen. Solar orientation and openings are
indicated in Figure 4 and detailed in Table 4.
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Figure 4: Floor plan of the house used in the
simulations. Source: Schaefer and Ghisi (2016)

Table 4: Front door and windows description.

Table 5: Construction systems of the envelope.

Construction system (layers) Thermal Properties

Wall

Mortar on the external layer (2.5cm),
Ceramic brick (9x14x24cm), Mortar
on the internal layer (2.5cm)

U = 2.39 W/(m?K)
T, = 152.00 kJ/(m*K)
a=0.5

Roof U = 2.05 W/(m°K)
Ceramic tile (1cm), Concrete slab T, = 238.00 kJ/(m?K)
(10cm), Wooden lining (2cm) a=0.6

Floor 2
U = 3.40 W/(m?K)
Concrete slab (10cm), Subfloor T, = 293.80 KJ/(m?K)

(2cm), Ceramic tile
Windows U = 2.39 W/(m%K)
SF=0.87

Clear single glazing (3mm)

Note: U means thermal transmittance, T, means thermal
capacity, a means absorptance, SF means solar factor.

Table 6 shows the values adopted for the configuration
of internal loads. They are also representative of this
type of building and obtained by Schaefer and Ghisi
(2016).

Table 6: Configuration of internal loads.

Thermal Metabolic Lighting Equipment
zone rate (W/m?)  power(W) power (W)
Living room

+ Kitchen 153 100 1644
Bedroom #1 81 60 120
Bedroom #2 81 60 120

Dimension Solar
Name Type Room (m) Orientation
D1 Door Living-— 4 505010 East
room
Wi window VN9 20x1.00 East
room
W2 Window Kitchen 130.00x0.60 South
W3 Window . MVain 1.20x1.00 North
bedroom
W4 Window S8%OMAY 5001 00 West
bedroom

Table 5 shows the construction systems of the envelope
and their thermal properties. It is not common in Brazil
to have insulation in walls and roofs, especially in low-
income housing. Internal and external walls are built
with the same materials. These construction systems are
representative of this type of building (Schaefer and
Ghisi, 2016).

The Airflow Network object was configured in the
programme to control natural ventilation to allow it only
when the operation schedule indicated, as long as the
internal and external climatic conditions met minimum
requirements. Air-conditioning equipment was not
configured as its presence was not identified in the field
in most homes; therefore, it is not representative of this
sample.

A new simulation was performed for each occupant
reference profile. Schedules of occupancy and opening
operation were configured according to the number of
residents and the occupancy and operation frequency in
each room. The occupancy and operation of openings is
the only parameter that differed between the simulation
files. The other simulation parameters were kept
constant, ensuring that the differences in the building's
thermal performance are only due to the different
behaviour patterns.

Finally, each room's internal thermal loads were
obtained as outputs to analyse the combined impact of
occupancy and operation of windows on the house's
thermal performance. Additionally, hypothesis tests were
conducted to verify if the thermal performance clusters
differ from each other.

Results

The data survey resulted in a sample of 98 completed
questionnaires, each of them corresponding to the
occupancy and operation routines of the openings of
each long-stay room in that house. This database was
computed in an "m" x "n" matrix, where "n" represents
the set of responses for a family house and "m"
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represents the variables that describe the behaviour of
the occupants of that house.

Figures 5-7 show the results obtained with the
application of the SOM network. Figure 5 shows the
SOM Neighbour Distance (a), and SOM Hits plots (b)
obtained with the initial configuration parameters. In the
SOM Neighbour Distance plot, the small blue hexagons
represent the Competitive Layer mesh's neurons. The
lines between them show how they are connected to each
other. The coloured shades around these lines indicate
how close or how far the neighbour neurons are from
each other. Darker shades indicate the border of the
clusters, while a region of lighter shades indicates
clusters. In Figure 5(a), it is possible to observe that the
net could not provide a clear division of the sample,
since neither clear light region nor dark shades indicate a
cluster border. The same happens for the SOM Hits plot
(Figure 5b). Clusters borders in this type of graph can be
identified as regions with very low frequency (or none)
of BMUs hits. In Figure 5(b), a suggestion of the
existence of three or four clusters can be observed,
although no clear division can be seen. Figure 6 shows
SOM Neighbour Distance (a) and SOM Hits plot (b) for
some parametric configuration. A division of the sample
starts to get clearer, but yet it is not possible to identify
clusters properly.

SOM Neighber Waight Distances

(b)
Figure 5: SOM Neighbour Distance (a) and Hits (b)
plots obtained with the initial configuration.

SOM heighbor WWeight Distances Hits

()

Figure 6: SOM Neighbour Distance (a) and SOM Hits
plots (b) obtained with some parametric configurations.

Table 7 shows the net parameters, which resulted in the
best configuration and Figure 7 shows SOM Neighbour
Distance (a) and SOM Hits plot (b) obtained for this
network. Figure 7 (a) shows a clear division between
neurons, forming three clusters: one on the left, one on
the right above and one on the right below. In Figure 7
(b) it is also possible to identify this division, thus
defining the sample's separation into three clusters.

SOM Neighbor Weight Distances

(b)

Figure 7: SOM Neighbour Distance (a) and SOM Hits
plots (b) obtained with the best configuration.

Table 7: Initial configuration for the network.

Parameters | Initial configuration | Best configuration
Dimensions 6x6 8x15
Coversteps 1000 500
Inineighbor 3 15
Topology Hextop Hextop
Distance Linkdist Linkdist

After the separation of the clusters, the classification
network was performed to verify the cluster formation's
accuracy. This network tries to predict which group a
given object would belong to and compare to the real
classification of the object (xTarget). The greater the
number of correct answers, the greater the accuracy of
the formation of the clusters. Table 8 shows the accuracy
obtained for each cluster and all subsets. For this sample,
the classification procedure was able to achieve 100%
accuracy.

Table 8: Accuracy obtained with the clusters’ formation.

Cluster Number ] Predicted Group Membership
of Case 1 2 3
1]136(100%) 0 (0%) O (0%)36(100%)

Total

<
o
5 C(‘;:;t 2| o (%) 8(00%) 0 (0%) 8(100%)
(@]

0 (0%) 0 (0%)47 (100%)]47(100%)
Note: 100.0% of original grouped cases correctly classified.
For each cluster, a reference occupant profile was
determined. Each profile was described in the form of
schedules for inclusion in the EnergyPlus (Tables 9-
14).The schedules describe the occupant's behaviour
regarding each long-stay room occupancy pattern and
the pattern of windows operation for weekdays and
weekends. Other researchers may use these routines in
similar studies, as long as applied to study objects with
similar characteristics (low-income single-family houses,
Floriandpolis climatic conditions, for example). In
occupancy routines, the values that follow the hour
represent the number of occupants in the room at that
time. In operation routines, the value indicates an open

(1) or closed (0) window.

It is possible to observe that, in general, there is a
tendency to keep windows open throughout the day and
closed at night, which may be uncommon in other
comunities. The main reasons why such behaviour can
be observed are: (1) neighbourhood relations, i.e.
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neighbours are expected to visit each other throughout
the day, even without a formal invitation, and (2) for
social reasons, in which at least one of the members of
the house remain in the house throughout the day (for
not performing formal work, etc.). Additionally, due to
the mild climate and the predominant use of natural
ventilation, people tend to tolerate a greater temperature
fluctuation, having the habit of keeping the windows
open when they wake up and closing them when they go
to sleep.

Table 9: Occupancy schedules for the Living room

INTERNATIONAL

Profile 1 Profile 2 Profile 3
OPER_ Bedl OPER_Bed1 OPER_Bed1
Fraction Fraction Fraction
Through: 12/31 Through: 12/31 Through: 12/31
For: AllDays For: AllDays For: AllDays
Until: 07:00, 0 Until: 09:00, 0 Until: 08:00, 0
Until: 21:00, 1 Until: 20:00, 1 Until: 17:00, 1
Until: 24:00, 0 Until: 24:00, 0 Until: 24:00, 0

Table 13: Occupancy schedules for the Secondary
Bedroom

Profile 1 Profile 2 Profile 3
OCCUP_Bed2 OCCUP_Bed2 OCCUP_Bed2
Fraction Fraction Fraction
Through: 12/31 Through: 12/31 Through: 12/31
For: WeekDays For: Weekdays For: Weekdays
Until: 10:00, 1 Until: 06:00, 2 Until: 09:00, 2
Until: 24:00, 0 Until: 7:00, 1 Until: 21:00, 0
For: Weekends Until: 24:00, 0 Until: 24:00, 2
Until: 10:00, 1 For: Weekends For: Weekends
Until: 24:00,0 Until: 06:00, 2 Until: 09:00, 2

Until: 10:00, 1 Until: 21:00, 0
Until: 13:00, 0 Until: 24:00, 2
Until: 17:00, 1
Until: 22:00, 0
Until: 23:00, 1
Until: 24:00, 2

Table 14: Windows operation schedules for the
Secondary Bedroom

Profile 1 Profile 2 Profile 3
OPER_ Bed2 OPER_Bed?2 OPER_Bed2
Fraction Fraction Fraction
Through: 12/31 Through: 12/31 Through: 12/31
For: AllDays For: AllDays For: AllDays
200 | U090 | oot

. ntil: 20:00, ntil: 17:00,
until: 18:00, 1| il 24:00, 0 Until: 24:00, 0
Until: 24:00, 0

Profile 1 Profile 2 Profile 3
OCCUP_LIV OCCUP_LIV OCCUP_LIV
Fraction Fraction Fraction
Through: 12/31 Through: 12/31 Through: 12/31
For: Weekdays For: Weekdays For: Weekdays
Until: 08:00, 0 Until: 09:00, 0 Until: 08:00, 0
Until: 9:00, 2 Until: 12:00, 3 Until: 12:00, 3
Until: 12:00, 0 Until: 16:00, 0 Until: 21:00, 4
Until: 13:00, 2 Until: 17:00, 2 Until: 24:00, 0
Until: 24:00, 0 Until: 18:00, 4 For: Weekends
For: Weekends Until: 23:00, 5 Until: 08:00, 0
Until: 08:00, 0 Until: 24:00, 0 Until: 12:00, 3
Until: 9:00, 2 For: Weekends Until: 21:00, 4
Until: 24:00, 0 Until: 09:00, 0 Until: 24:00, 0

Until: 12:00, 3
Until: 16:00, 0
Until: 17:00, 2
Until: 18:00, 4
Until: 23:00, 5
Until: 24:00, 0
Table 10: Windows operation schedules for the Living
room

Profile 1 Profile 2 Profile 3
OPER_ LIV OPER_LIV OPER_LIV
Fraction Fraction Fraction
Through: 12/31 Through: 12/31 Through: 12/31
For: AllDays For: AllDays For: AllDays
Until: 07:00, 0 Until: 09:00, 0 Until: 09:00, 0
Until: 18:00, 1 Until: 20:00, 1 Until: 17:00, 1
Until: 24:00, 0 Until: 24:00, 0 Until: 24:00, 0

Table 11: Occupancy schedules for the Main Bedroom

Profile 1 Profile 2 Profile 3
OCCUP_Bed1 OCCUP_Bed1 OCCUP_Bed1
Fraction Fraction Fraction
Through: 12/31 Through: 12/31 Through: 12/31
For: Weekdays For: Weekdays For: Weekdays
Until: 07:00, 2 Until: 09:00, 3 Until: 08:00, 2
Until: 21:00, 0 Until: 12:00, 0 Until: 11:00, 1
Until: 24:00, 2 Until: 13:00, 3 Until: 21:00, 0
For: Weekends Until: 22:00, 0 Until: 24:00, 2
Until: 09:00, 1 Until: 24:00, 3 For: Weekends
Until: 24:00, 0 For: Weekends Until: 08:00, 2

Until: 09:00, 3 Until: 11:00, 1
Until: 21:00, 0 Until: 21:00, 0
Until: 24:00, 3 Until: 24:00, 2

Table 12: Windows operation schedules for the Main

Bedroom

Figures 8-9 show the values of Cooling Ideal Loads and
Heating Ideal Loads, respectively, for each of the
models, throughout the year. The numerical values
presented next to the bars represent the sum of the living
room and bedrooms' Ideal Loads. It is possible to verify
that the thermal performance of the building obtained
from the simulations differs, which confirms the
hypothesis that the different behaviour patterns of the
occupant regarding their occupation and operation of
openings impact the thermal performance of buildings.
In this sense, it is also possible to conclude that the SOM
network was able to segregate the sample properly, that
is, identifying groups of individuals whose behaviour
patterns differ. As for performance, it is noticed that the
values of the thermal load for cooling reach higher
values than for thermal heating load. However, the
relative differences between the profiles seem to be
greater for the thermal heating load.
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Clusters' formation adequacy was verified using the
hypothesis test. Results are shown in Table 15. The
second and fourth columns show the pyq.. Obtained for
each variable (Cooling and Heating Ideal Loads) and
every month (first column). Third and Fifth columns
show the decision to retain or reject the null hypothesis
(i.e., if the samples differ statistically). The hypothesis
tests have shown that most variables rejected the null
hypothesis, especially during winter for Heating Ideal
Loads.

Table 15: Hypothesis tests results (Jonckheere—Terpstra

test)
Variables/ | Cooling Ideal Loads Heating Ideal Loads
Month Pvalue Decision Pualue Decision
Jan 0.043 Reject 0.311 Retain
Feb 0.114 Retain 0.111 Retain
Mar 0.340 Retain 0.066 Retain
Apr 0.029 Reject 0.040 Reject
May 0.021 Reject 0.011 Reject
Jun 0.029 Reject 0.010 Reject
Jul 0.404 Retain 0.083 Reject
Aug 0.102 Retain 0.067 Reject
Sep 0.210 Retain 0.083 Reject
Oct 0.003 Reject 0.053 Reject
Nov 0.061 Reject 0.835 Retain
Dec 0.211 Retain 0.835 Retain
Note: Significance level is 0.1
Conclusion

This study relies on occupant reference profiles obtained
from actual data and self-organising maps (SOM).
Occupants strongly influence buildings' performance
and, given the variability of occupant behaviour, to
identify different types of occupants may result in more
reliable building performance simulation outputs.

Concerning SOM procedures, it was found that the 8x15
hexagonal mesh was the network parameter which has
provided the best clustering solution. They have
performed better in dividing the sample into more
distinct clusters and, accordingly, more distinct occupant
reference profiles. The Classification step has indicated
the clustering's adequacy, performed using the SOM
network, reaching 100% accuracy. The descriptive
analysis and the hypothesis tests showed that the clusters
and occupant reference profiles obtained have different
thermal performance most of the year. Regarding
computer simulation outputs, in general, the thermal
performance indicators were much more significant for
cooling than for heating, which is expected for the
Florianépolis climate. Additionally, reference profiles
showed quite different results for these two indicators,
some of them being more wvulnerable to external
conditions (winter or summer). It is important to note
that all models are meant to be applied in simulations
and that the efficiency strategies for a building meet the
most critical situations considering the possibility that
any one of these profiles may come to live in this
building.

As for this study's contributions, the occupant profiles
were presented as hourly schedules, which can be useful
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for other research or professionals on developing new
buildings or retrofitting them. As for the object of study
(single-family low-income housing), there is a lack of
data regarding this type of occupant behaviour in the
literature, contributing to the relevance of this study.
Besides, the systematic procedure used to obtain those
profiles is new and may be replicated by other
researchers using other data samples.
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