INTERNATIONAL
BUILDING

| PERFORMANCE

| SIMULATION
ASSOCIATION

Development of Synthetic Ageing Profiling for Occupant Behaviour

Yuezhong Liu!, Yin-Leng Theng!
1Ageing Research Institute for Society and Education (ARISE), Nanyang Technological University,
Singapore

Abstract

Occupant behaviour is one major factor influencing
energy use in residential buildings, which is also impacted
by sociodemographic such as age. A better understanding
of age-behaviour-building interactions enables to describe
with higher accuracy the energy consumption as the
ageing population increase rapidly. However, the
collection of real occupant behaviour faces difficulties in
privacy issues and various sensors with relatively high
costs. This pilot study proposed to develop synthetic
ageing profiling for occupant behaviour through the
Generative Adversarial Network (GAN), which is capable
of predicting electricity consumption by simulation tool
(EnergyPlus) during the design process. We validated the
results with 600 household profiles with two-generational
cohorts (40-64 years and 65 years and above) in
Singapore. The Kullback—Leibler divergence of the
synthetic and real profiling are within 0.46 for a majority
of parameters and clusters. The synthetic results will help
the building energy performance research for an ageing
population.

Key Innovations

e Synthetic Profiling for Ageing Population

e Realistic comparison by Personas’ Attributes

e Relationship between sociodemographic (Age)
and Energy

Practical Implications

This synthetic ageing profiling will be useful for
occupancy behaviour modelling through Markov chain
approach, which will help to generate the occupancy
schedule as input for energy simulation tools
(EnergyPlus).

Introduction

Residential energy demand is highly influenced by
occupant behaviour (Yoshino, Hong, & Nord, 2017),
which refers to occupants’ presence and movement, and
interactions with building systems (Hong et al., 2017).
Over the years, energy-related occupant behaviour has
been one of the most important key aspects for building
design optimization, energy diagnosis, performance
evaluation, and building energy simulation (Balvedi,
Ghisi, & Lamberts, 2018; Delzendeh et al.,, 2017
Mavrogianni et al., 2014; Yan et al., 2017). With the
expectations of the desired comfort, including economic,

physiological, and psychological needs, the indoor
activities from occupant behaviour include opening or
closing windows, turning on/off lights, switching on or
off plug loads, air condition and domestic hot water
(Hong et al., 2017). Hence, understanding occupants’
behaviour within the built environment is a crucial aspect
to predict and simulate the energy used for building
performance analysis.

Worldwide and in Singapore, the population is
ageing. Until now, Singapore’s older adults (aged 65
years and above) constitute 15.2% of the total population
(Department of Statistics, 2020), this is expected to be
53.4% in 2050 (Yap & Gee, 2014). In the meantime, the
Singapore household sectors consumed the third large
(16%) electricity consumption (Energy Market Authority,
2020). Therefore, it is essential to focus on energy
reduction in the building sector via design or engineering
technologies that can significantly improve the energy
efficiency of buildings, while ensuring livability and
sustainability for the ageing population. The previous
research also concluded that residential energy
consumption increases over the life course (Costa &
Kahn, 2011; Estiri & Zagheni, 2019). And the building
performance simulation is playing an important role
during the energy-efficient building design process, hence
the development of age-specific occupant behaviour
(especially for older adults) becomes more important.
However, the collection and distribution of real data face
difficulties in privacy issues and relatively high costs.
Hence this pilot study aims to develop synthetic ageing
profiling for occupant behaviour.

Related Work

Synthetic data refers to "any production data applicable to
a given situation that are not obtained by direct
measurement™ according to the McGraw-Hill Dictionary
of Scientific and Technical Terms (Parker, 1994). There
are a variety of synthetic data generation methods that
have developed and compared across a wide range of
domains (Armstrong et al., 2009; Chen & Jiang, 2018;
Choi, Malin, & Duke, 2017; McLachlan, 2016;
Walonoski et al., 2017). In summary, there are two broad
categories of synthetic generation methods: 1) Traditional
statistical method (Domingo-Ferrer, 2012; Winkler,
2004), including data masking, signal and noise, etc. 2).
Machine learning & neural network, including Generative
Adversarial Network (GAN) (Srivastava et al., 2017),
table-GAN (Park et al., 2018), Conditional Tabular GAN
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(Xuetal., 2019). Based on the proposed GAN framework
by Goodfellow et al. (2014), there consists of two
adversarial parts; a generating part that captures the data
distribution, and a discriminating part that estimates the
probability that results came from the training data rather
than generating part. The second approach with GAN
shows greater flexibility in modelling distributions than
their statistical counterparts. In the meantime, occupant
behaviour profiling is considered as time-series data,
which is one type of tabular data. In time-series data, the
distribution of a row is conditioned on previous rows.
Modelling time series data requires the model to be
capable of modelling conditional distribution. And many
GAN methods of training a generator does not account for
the imbalance in the categorical columns. If the training
data are randomly sampled during training, the rows that
fall into the minor category will not be sufficiently
represented, and the generator may not be trained
correctly. Hence this pilot study will adopt the CTGAN
(Xu et al., 2019) for this synthetic transformation.

In the meantime, occupant behaviour modelling is to
model occupancy dynamics. It is developed to equip
designers with the tools to better predict the energy
performance of buildings. And they should be capable of
accurately predicting the energy-related behaviour in
buildings other than the data have been obtained.
Occupant behaviour can be considered as adaptive
behaviours and non-adaptive behaviours (Yan et al.,
2017). In general, there three stochastic occupant
behaviour models: 1) Bernoulli process, 2) discrete-time
Markov chain, and 3) survival analysis (Yan et al., 2015).
Markov chains are used in a wide range of applications in
occupant behaviour modelling (Dong & Lam, 2011;

Liisberg et al., 2016; Yan et al., 2017). It includes models
of presence, window opening and blind usage, lighting,
and occupant behaviour. Base on the defining assumption
of a Markov chain, the future states are dependent only on
the current state together with the probabilities of the state
changing. Yan et al. (2017) summarised that the quantities
modelled using Markov chains in the field of occupant
behaviour are i) occupancy (presence, absence, number of
people present); ii) window states over time (open,
closed); iii) blind usage (open, closed, the fraction of
opening); and iv) occupant behaviour (sleeping, resting,
laundry, cooking, absent, computer, etc). Hence, to keep
consistent, we collect the data focus on the four
aforementioned aspects. The survey-based data allows for
synthetic profiling of the energy-related behaviour which
can be used for further implementation in occupant
behaviour modelling by Markov chains in the Singapore
context.

Methodology
Data Collection: Demographics

The study was administered from April 2019 to December
2019. In total 600 participates from 156 Senior Activity
Centres (SACs) / Voluntary Welfare Organizations
(VWOs) were contacted, out of which 24 centres agreed
to take part in the study. The exclusion criteria are as
follows: (i) Age 39 and below; (ii) Those participants
with poor/ critical physical and mental health conditions;
(iii) Foreigners. After the survey, participants were asked
to use the mobile app to record their daily exercise activity
for three days (2 weekdays and 1 weekend). Each
participant was asked to record their daily activities (type
and intensity).

Table 1: The characteristics of participants from the two cohorts.

All 40-64 >65
(N =600) (n =300) (n =300) b
M (SD) or % M (SD) or % M (SD) or
%
Age (years) 64.98 (11.76) 55.31 (6.57) 74.65 < 001
(6.80)
Education
No education 11.00% 1.00% 21.00%
Primary school 27.30% 17.70% 37.00%
Some high school 14.70% 15.30% 14.00% <.001
Completed high school 25.80% 28.70% 23.00%
Junior college/polytechnic 10.70% 18.00% 3.30%
University and above 10.50% 19.30% 1.70%
Chinese (yes) 92.20% 90.70% 93.70% A71
Female (yes) 75.00% 70.00% 80.00% .005
Live alone (yes) 17.80% 6.30% 29.30% <.001
Chronic conditions (0-6) .27 (.56) .21 (.52) .33 (.60) .009
Fair to poor self-rate health (ref: good to excellent health) 29.00% 27.70% 30.30% 472
Values are n (%), * standard deviation.

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

3499

https://doi.org/10.26868/25222708.2021.30383



INTERNATIONAL
BUILDING

| PERFORMANCE

| SIMULATION
ASSOCIATION

We included 600 (40-64 cohort: 300; 65+ cohort; 300)
participants who were eligible in the analysis (Table 1).
For the young cohort, the average age was (M =55.31, SD
=6.57) and 210 were males. 19.33% of the young cohort
has University or tertiary qualification. 88% of these are
living in a public house developed by the Housing &
Development Board (HDB). There are 6.33% of
participants who are living alone. For the older cohort, the
average age was (M =74.65, SD =6.80) and 240 were
males. Only 1.67% of them has a University or tertiary
qualification. 95.33% of this cohort are living in a public
house and 29.33% are living alone. Approximately
27.70% and 30.30% are poor self-rated health for the
young and older cohort. And we integrated the
demographics information with average monthly
household electricity consumption by postal code from
Energy Market Authority (EMA) (Energy Market
Authority, 2016).

Synthetic Data Generation Process

The objective of this pilot study is to develop synthetic
ageing profiling for occupant behaviour by using
CTAGN. And we also need to make sure the generated
synthetic ageing profiling is realistic enough compare to
the real data. To access the realistic, we evaluate the
energy performance by comparing the simulation results
through EnergyPlus 8.9.0 with the real energy
consumption by postcode from EMA in 2016. Hence,
there are three major steps: 1) Conditional Tabular GAN
(CTGAN), 2) Homogeneity analysis and 3) Simulation
(EnergyPlus 8.9.0). Figure 1 shows the overall workflow
of the synthetic data generation process.

Step 1: Conditional Tabular GAN

Following (Xu et al., 2019), CTGAN is different
comparing the traditional GAN on the fed vector from a
standard multivariate normal distribution N(O, 1). The
traditional GAN of training a generator does not account
for the imbalance in the categorical columns (Arjovsky,
Chintala, & Bottou, 2017). If the training data are
randomly sampled during training, the rows that fall into
the minor category will not be sufficiently represented,
and the generator may not be trained correctly. Here we
use this CTGAN in Python to generate the synthetic data
on the first step. The source code and user manual of
CTGAN could be found from this link:
https://pypi.org/project/ctgan/.

The input data are the selected columns from survey data.
The output columns are the same as the input columns:
Demographic data (age, education, gender, living
condition), usage time of AC, Fan, Lighting, Kettle,
Electric Iron, Washing machine, Refrigerator, TV,
Computer, Rice cooker.

Step 2: Homogeneity Analysis

Homogeneity analysis was applied to both the input
column (Real survey data) and output column (Synthetic
data). To eliminate the redundancies in the real and
generated synthetic data from step 1, three-dimensional
homogeneity analysis and k-means clustering algorithm
(Macqueen, 1967) were applied to the age of every person
as calculated. The number of clusters, k, was varied from

4 to 6. All calculations were done in R 1.1.456 using the
package ‘homals’ (Leeuw & Mair, 2009). For defining the
homogeneity criterion, the ‘homals’ use the Principal
Component Analysis (PCA). PCA is a multivariate
statistical technique used to reduce the number of
variables in a data set into a smaller number of
‘dimensions’. In mathematical terms, from an initial set
of n correlated variables, PCA creates uncorrelated
indices or components, where each component is a linear
weighted combination of the initial variables. For
example, from a set of variables X; through to X,, from
(PCl =zan X1 +apXo+ ... ainXn ) to (PCm: aAm1 X1+ am2 X2
+ ... amnXn). And the am, represents the weight for the mt
principal component and the n'" variable.
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600 Participants
|

v
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electricity consumption)

Demographic (age, education,

AC usage time

Fan usage time

Lighting usage time
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electricity consumption)

AC usage time

Fan usage time

Lighting usage time

Kettle usage time

Kettle usage time

L 2

Electric Iron usage time Electric Iron usage time

Washing machine usage time ‘Washing machine usage time

1
?(‘r(mx
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|
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Refrigerator usage time Refrigerator usage time
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Computer usage time Computer usage time
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Persona | ‘ Persona 1

4 Persona2 - Persona2

Persona 3 Persona 3

Simulation
(EnergyPlus)

Figure 1: Overall Synthetic Data Generation Process
Step 3: Simulation (EnergyPlus 8.9.0)

The general specifications of HDB buildings for external
and internal wall constructions are used to define the
construction properties in the energy model. The material
database within EnergyPlus is used to obtain specific
material thermal properties according to the specified
constructions. In general, the windows link with Clear 6
mm; Exterior wall, Floor and Ceiling are using M15
200mm Heavyweight Concrete; Interior wall is M12
150mm Heavyweight Concrete. An infiltration rate of 0.5
ACH (Air Changes per Hour) is applied to all of the
models. Occupancy schedules are taken from the
generated data profiling. The hypothetical model is
simulated for a year in EnergyPlus, and the output hourly
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electricity consumption (due to lighting and electrical
equipment) and cooling loads. The cooling loads are
translated into cooling energy using the nominal 4.7
coefficients of performance (COP) and then added to the
plug loads to yield energy consumption for the apartment.
Hence, the electricity consumption from EnergyPlus is
calculated as follows: E= (Cooling Load/ COP) + Plug
Loads + Lighting Loads.

Results

Following the workflow in Figure 1, the first step
(CTGAN) has successfully generated 600 synthetic
records based on the original 600 survey records. The
second step conduct homogeneity analysis on the
synthetic records to identify possible personas.

Homogeneity Analysis

As there are 287 variables inside the original real and
synthetic data. To avoid any context loss, we use principal
component analysis (PCA) to reduce the number of
variables in a data set into a smaller number of
‘dimensions’. Figure 2 displays the scree plot and the
location of the persons in the analysis in a three-
dimensional space. The percentage of variance explained
by the first three principal components (PC) is 17.09%,
9.64% and 6.43%, respectively.

Scree plot

Eigenvalue
00036 00038
L

0.0034

00032
L

1 2 3

Dimension

Figure 2: Scree plot of the 3-dimensional Multiple
Correspondence Analysis (HOMALS) solution, plus
scatterplots of the respondents in three different planes.

Three Personas

Base on the PCA results, we derive three personas both
from the original survey data and the synthetic data. As
the analysis process is the same for real and synthetic data.
For privacy issue, here we only listed out the results from
the synthetic data.

Base on the age, education level and electricity
consumption inside each component, we can obtain the
following three personas from the survey population
(Figure 3-5): i) Persona 1 on the left-top corner - (Belong
to age group 65+; High Education, High Electricity
Consumption); ii). Persona 2 on the left-bottom corner -
(Belong to age group 65+; Low Education; Low
Electricity Consumption); iii). Persona 3 on the right-

bottom corner - (Belong to age group 65+; Low
Education; High Electricity Consumption).
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Figure 3: Clustering analysis for between component 1

and 2.
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Figure 4: Clustering analysis between component 1 and
3.

Persona

AgeGroup

40-64
OB85 & above

Component3

Component 2

Figure 5: Clustering analysis between component 2 and
3.

Base on the personas from real and synthetic data, we

evaluate the difference between real and synthetic by the

Kullback-Leibler divergence. Comparing the real and

synthetic personas, the differences are within 0.23, 0.46

and 0.13. Figure 6, 7 and 8 show the distribution plot
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comparison between real and synthetic personas. The X-
axis refers to the 24-hour and The Y-axis represents the
probability of occupant behaviour value on the certain
hour of the X-axis, which is y=P(x).

Persona 1 — Occupant Behaviour

006 —— Original
—— Generated

005

001

000

[) 5 10 5 F) 3

Hour

Figure 6: Distribution plot of Persona 1 between real and
synthetic data.

Persona 2 — Occupant Behaviour

006 { —— Original
—— Generated

0.01

0.00 T T T T T T
0 5 10 15 20 5

Hour

Figure 7: Distribution plot of Persona 2 between real and
synthetic data.

Persona 3 — Occupant Behaviour

— Original
—— Generated

0 H Ity 5 2 3
Hour

Figure 8: Distribution plot of Persona 3 between real and
synthetic data.

Evaluation and Discussion

With the synthetic ageing profiling, we extracted the
occupant behaviour of persona to perform energy
simulation by Engylpus. Figure 9 show the related energy
model linked with the three personas. The hypothetical
model is simulated for a year in EnergyPlus, and the
simulations output hourly electricity consumption (due to
lighting and electrical equipment) and cooling loads.

Persona 1 Persona 2 Persona 3

Room Layout

Architecture Design

Energy Model

Figure 9: From architecture plan to EnergyPlus model.

The assumption for behaviour like “sleep” &
“sitting/rest”, we take the average number for all three
personas, which is 72 W for “sleeping” and 108 W for
“sitting/rest”. The schedule of “sleeping” is from 11:30
PM to 06:00 AM for the Master room and Common room.
The schedule of “sitting/rest” is from 06:30 PM to 08:00
PM for Living Room and from 08:30 PM to 11:00 PM for
Common Room.

Base on the three synthetic personas from the
homogeneity analysis, we use EnergyPlus to simulate the
annual electricity assumption. Figure 10 shows the results
of the annual electricity consumption among the three
synthetic personas. From Figure 10, the real energy
consumption is higher than the simulation result
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processed by the synthetic personas. The difference
across the personas are varying from 4,178.36 (kwWh) to
10,501.52 (kwh), which is more than a 100% increment.
Hence, the more specific age group personas setting are
important and required for energy prediction. The
differences with respect to the synthetic and real for the
electricity consumption are a) 0.80% for Persona 1; b)
2.5% for Persona 2 and c) 8.1% for Persona 3. This also
matches with the results from homogeneity analysis: i)
Persona 1 (High Electricity Consumption); ii). Persona 2
(Low Electricity Consumption); iii). Persona 3 (High
Electricity Consumption).

12,000 S 1138365

10,000 w8515 9.513.91

6,000

502.5:
417836 4.502.54

4,000
2,000

0
Persona 1 Persona 2 Persona 3

Simulation Annual Electricity Consumption (kWh) Real Annual Electricity Consumption (kWh)

Figure 10: Annual Electricity Consumption (kWh) from
simulation (EnergyPlus) and real among three personas.

Furthermore, The energy use intensity (EUI) from the
average simulation results across the three personas is
48.21 kWh/m2*yr. This result is in line with other
research, which identified the residential EUI are between
30 kW h/m2*yr and 52 kW h/m2*yr. From the
comparison between simulation and real (electricity
consumption and energy use intensity), this developed
synthetic ageing profiling is realistic enough for
occupancy behaviour development during the building
performance process. Figure 11 show the general average
usage time of AC, Fan, Lighting, Kettle, Electric Iron,
Washing machine, Refrigerator, TV, Computer, Rice
cooker across the three synthetic personas.
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Power (W) COP=1.99 39 40 2525 328 84 108 176 115 724
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To To
20:00 pm. |23:30 pm

Figure 11: Daily occupant behaviour for the Ageing
population from the synthetic data.

Conclusion

We applied Conditional Tabular GAN to synthesize
ageing profiling from integrated real survey data. The
initial real raw occupant behaviour data contains 600
participants with two-generational cohorts (40-64 years
and 65 years and above) in Singapore. We validated the
synthetic ageing profilings by comparing the mean,

standard deviation, and distribution of daily activities of
the generated three personas with those of the real ones.
The Kullback-Leibler divergence of the generated and
real ageing occupant behaviour are within 0.46 for the
majority of parameters and clusters. The distribution plots
of synthetic data are very close to the real data.

Additionally, results showed the ageing profiling
generated by CTGAN can capture not only the general
trend but also the sociodemographic variations of the
actual electrical loads in buildings. The proposed CTGAN
approach can be used to generate synthetic ageing
profiling for occupant behaviour, anonymize real
residents’ information for sharing, to support research and
design of energy-efficient buildings for an ageing
population.
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