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• Models of plug loads in office buildings are transferable between countries
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Abstract
Significant reduction in energy demand from non-domestic buildings is required if greenhouse emission reduction targets are to be met worldwide. Increasing monitoring of electricity consumption generates a real opportunity
for gaining an in-depth understanding of the nature of occupant-related internal loads and the connection between activity and demand. The stochastic
nature of the demand is well-known but as yet there is no accepted methodology for generating stochastic loads for building energy simulation. This
paper presents evidence that it is feasible to generate stochastic models of
activity-related electricity demand based on monitored data. Two machine
learning approaches are used to develop stochastic models of plug loads; an
autoencoder (AE) and a functional data analysis (FDA) model. Using data
from two office buildings located in different countries, the transferability of
models is explored by training the models on data from one building and
using the trained models to predict demand for the other building. The results show that both models predict plug loads satisfactorily, with a good
agreement with the mean demand and quantification of the uncertainty.
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1. Introduction
Across the world, buildings are responsible for almost 40% of energy- and
process- related greenhouse gas emissions and this is currently increasing
[1]. To reverse the trend, the IEA Global Status Report for Buildings and
Construction calls for prioritisation of actions that will result in a reduction
of emissions at a rate of 3% per year going forwards. While decarbonisation
of the electricity supply will have a significant impact, reduction in demand
is also essential if the targets are to be met.
Different countries have made their own commitments to reducing the
energy demand attributable to buildings. In the EU, a target of 27% energy
improvement by 2030 is in place [2]. In alignment with this, the UK has
a challenging net-zero goal by 2050 [3]. Similar targets are in place across
Asia; Singapore is committed to reducing the emission index by 36% from
2005 levels and having 80% green buildings by 2030 [4]. These targets will
require significant reduction in demand from non-domestic buildings which
currently account for 37% of the total electricity consumption in Singapore
[5] and 63% in the UK [6].
To reduce demand, it will be necessary to reverse current trends. Electricity demand is dependent on the internal loads in the space, with contributions
from the occupants, lighting and plug loads. Occupancy and occupant behaviour are key, as lighting, plug loads, ventilation and internal heat gains
are all dependent to some extent on occupancy levels [7, 8]. Specifically, occupant behavior has been shown to have an impact on a building’s lighting
and plug loads [9], and indeed occupancy has been shown to be able to be
simulated from proxy data such as monitored lighting or plug load electricity consumption [10, 11]. Appliance consumption data mining has also been
widely used to learn individual occupant behaviour - enabling targeted demand reduction strategies - and to develop occupant group schedule models,
facilitating improved HVAC system design [12]. A significant body of work
has been carried out by the IEA (Annex 66) in order to understand and
find ways of quantifying and simulating occupant behaviour as it impacts on
building energy demand, concluding that data collection is of fundamental
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importance for modelling [13]. As a consequence, the subsequent IEA Annex
79 features data-driven methods and highlights as a key challenge the need to
develop new techniques, to use new data sources and advanced data analytic
methodologies from different fields to inform building design and operation
[14].
Building energy simulation (BES) has an important part to play in improving design and quantifying retrofit options - and also for fault identification, where comparison of anticipated and actual performance can identify
system failings [15, 16]. Yet incorrect estimation of occupant-based internal loads is one of the principal contributing factors for the poor agreement
between observed energy demand and the demand simulated using building
energy simulation tools - the so-called ’performance gap’ [17, 18]. Diversity
schedules or profiles from standardised libraries and national standards are
most often used to represent occupancy, lighting, and plug loads in BES tools.
A comprehensive review of these national standards [19] makes recommendations for updating of these outdated and simplistic schedules, and to explore
mechanisms for including local contextual factors that reflect and update
societal trends such as homeworking. As an example, Figure 1 shows the
schedules assumed for plug loads in office buildings in 5 countries worldwide
according to their national standards. The schedules are prescribed, deterministic and make no attempt to quantify the associated stochasticity in the
demand or to reflect the individuality of activities within the buildings: the
differences arising from offices that have activities that need power hungry
devices over others, for example. As a result, they may not be truly representative. In an example using occupancy data from a large multi-tenanted
office building, Duarte et al. [20] showed that diversity factors could differ
by as much as 46% from those used in standardized schedules. Similarly,
Lamano et al. [21] observed plug load intensities for the Nanyang Technological University in Singapore of 11W/m2 , which are significantly lower than
the standard value of 16W/m2 . There is a real need to learn from observed
demand and to develop models for use in design and retrofit that more accurately quantify the uncertainty in the expected demand.
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Figure 1: National standard schedules for plug loads to be used in building energy simulation for office buildings

To date there has been no consensus or collective attempt to replace
the national standard schedules with stochastic data models that can enable
the use of transient and stochastic schedules for energy predictions. Whilst
it is true that no two buildings will have exactly the same characteristics
and occupants [17], one can find standard sets of activities and operations
that occur in different types of building (eg. open plan office space, class
room, IT office, cafeteria, etc.). In fact, even the national standard schedules
are typically based on average estimated consumption pattern per dominant
activity in a building. One can take the argument further and even claim
that in this global world, the energy demand per activity would be consistent
insofar it is not influenced by local climate (i.e. daylighting and HVAC).
As buildings become more information intensive, there is a real opportunity for borrowing strength across different studies and building up stochastic
data models of energy demand in buildings that can be representative of underlying activities they represent. Such models could not only be used to
generate reference values of occupant related electricity demand, but also
help understand the range of variability in the demand. Indeed, this variability is likely the reason behind the difference in amplitude of plug loads
in offices seen in Figure 1. An important distinction to be made here is that
our proposition is not to build a data repository of demand and apply it directly to other buildings. Indeed, it is not appropriate to take data directly
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from one building and apply it to another building. Our proposition is to
develop appropriate data models of activities and test their applicability to
correctly generate occupant-related demand for zones in other buildings that
have similar activities. Whereas regular machine learning and data mining
techniques study the training data under the major assumption that the test
data are collocated or have the same distribution as the training data, in this
study we aim to test whether we can train a model on data from a building in
one location to generate sample demand for a building in a different location.
We are not performing transfer learning, in which a model is trained on data
then the model is adapted before application to a different scenario; instead
we seek to take the trained model and apply it directly to the new scenario
- this is termed model transferability.
This paper tests two data models that can facilitate transferability of
models of occupant-related electricity demand in office buildings. Specifically,
we consider the plug loads of two buildings in different parts of the world with
similar functions - both in a broad sense are university buildings - with the
aim of transferring representations of energy demand for activities from one
building to another. We consider the buildings to be similar as they house
the same type of activity, a university office. Yet the first building is located
in Cambridge, UK and the second in Singapore. Having two buildings in
very different locations allows us to test if the nature of standard activities,
and demand for energy thereof, across buildings is consistent i.e. whether
the assumption of ’similarity’ is valid. It is convenient therefore to consider
plug loads for three reasons: (a) they are, in most cases, directly controlled
by occupants and thus a good indicator of occupant influence on demand,
(b) they are entirely activity driven, and (c) they are less influenced by local
climate or micro-climate, which would be the case for lighting or HVAC
demand.
We develop and test two different modelling approaches; an autoencoder
(AE) and a functional data analysis (FDA) model. The AE model is a good
choice for correlated input data and creates a compressed representation of
the data that retains the correlation structure. The FDA model, by comparison, deconstructs the data into an expanded representation that allows
interpretation of the significance of different features of the data. For each
approach, a model has been trained using a training dataset from certain
zones (hereafter called training zones). The AE and the FDA models are
then applied to predict stochastic samples of the demand for the test zones.
The model predictions are compared against the test data to ascertain the
5

extent to which the AE and FDA models are able to replicate important
features of the test data. In this way we explore the transferability of the activity models for plug loads across buildings and even across an international
context.
In the following section, the literature relating to transferability of models
relevant to the context of this study is briefly described. Section 3 outlines the
modelling methodologies and the approach used for this study. The results of
application of the approach to the real world data are then described and the
implications discussed in Sections 4 to 6, with detailed discussion of the data
model structures provided in Appendix A. Finally conclusions are drawn
and recommendations made for further work.
2. Related Works
The use of machine learning techniques in the building energy simulation
field is relatively new. While there have been recent studies exploring transfer learning i.e. the use of models trained on one problem as the starting
point of a related problem, such as learning for HVAC control [22] and urban
building energy modelling [23], to date we are not aware of any research into
the direct transferability of models from one building to another. However,
studies have been conducted across several other domains towards exploring
transferability of machine learning models across geographical locations, notably species distribution, aspects of climate science and land use including
contamination. For example, Duque-Lazo et al. [24] explored the probability
of occurrence of species in different geographies by modeling their statistical
relationships with environmental variables. The study involved comparison
of 10 regression models, of which the Gaussian Linear Model and Generalized
Additive Model performed better. However, it was reported that the MaxEnt
statistical model provided robust transferability in predicting occurrence of
species between Spain and Australia. A study on the temporal transferability of species distribution models in the marine environment [25] showed that
machine learning models are more sensitive than regression-based models.
In the climate science domain, although research in assessing wind resources using machine learning approaches is still emerging, geographical
transferability of wind estimation has been studied by Veronesi et al. [26]
using linear regression and decision tree models. The transferability of local
climate zone mapping to regional and global scales through random forest
algorithms has been explored by Tong et al. [27]. The study noted that
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transferability of climate zones can be successful with a good representative
training set. However, a study on transferability of spectroscopic diagnosis
models towards estimation of arsenic contamination in soil [28] showed that
transfer component analysis provides better estimation over a large area at
low cost.
Deep neural networks have also been explored as potential candidates for
transferability of representations across geographical locations. Specifically,
it has been shown that convolutional neural networks are capable of better
transferability for land cover classification [27], which can help to resolve the
challenges due to increased complex information and the data disturbances
caused by increased spatial resolution and different image acquisition conditions. The latent representation of a Deep Belief network has been exploited
towards transferability of ocean characteristics to predict wave height across
varied geographical regions by Kumar et al. [29]. The challenges in transferability of models across geography and time have been well summarized by
L.Yates et al. [30].
As transfer component analysis and deep neural networks have shown
some success in transferability of natural phenomena (climate, land cover,
soil contamination etc), in this study we endeavour to explore the application
of a functional data analysis model and a deep learning autoencoder model to
spatial and temporal transferability of plug load distribution across distinct
geographical regions.
3. Modelling methodologies
As aforementioned, we have selected two different data model approaches,
namely Autoencoder and Functional Data Analysis. The two approaches differ in the way that the data are used and in their interpretability. The AE
model produces a compressed representation of the data in the latent dimension. This is an efficient representation of the data and the model is quick
to train. Test data are encoded using the weights learned from the training
data, and the encoded representations are used to generate predictions. As
an unsupervised machine learning tool, it is necessary to learn from a training
dataset and predict from a test dataset as otherwise the model will simply
replicate the data used for training; but prediction is even quicker than the
training. Provided the features of the test dataset exist in the training data,
the AE model gives a faithful representation of the test dataset and predictions agree closely with the test data.
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The FDA model, by comparison, deconstructs the data into an expanded
representation that aims to uncover the underlying functions from which the
data are composed. The initial training of the model is time consuming and
computer intensive; alignment of the data and extraction of the phase relationships between data samples is a lengthy process. However, having aligned
the data, extraction of the functional principal components and scores is
quick. Given the time-consuming nature of the initial data alignment process, it is not ideal to generate a new model for each new building considered.
Instead, it is more efficient to map new data to an existing set of PCs, such
as those generated from the training data. This is quick to do and facilitates
direct comparison between datasets.
The two models are outlined in more detail below.
3.1. Autoencoder (AE)
An autoencoder [31] is a type of artificial neural network for unsupervised
representational learning. Figure 2 provides an overview of the autoencoder
used in this problem. It generally consists of an encoder and a decoder. The
encoder compresses the data into an encoded representation in the latent
dimensions and the decoder reconstructs the original data. This network
can be trained by minimizing the reconstruction error with a loss function,
which measures the differences between the original input and the consequent
reconstruction. Therefore, the objective of the autoencoder is to optimize its
representation of the input through its low dimensional latent dimension.
Let us assume the input is given by x ∈ <m , where m is the dimension of
the input. Let the encoder be given by f (x) and the decoder be given by
g(f (x)), the autoencoder then minimizes the loss function (in this case the
root mean square error):
L (x, g(f (x)))

(1)

In the context of this study, the weights in the autoencoder (encoder and
decoder) are learnt during the training phase and remain unchanged in the
testing phase. In the testing phase, the encoder is first used to encode the
testing data for a particular activity. These encoded latent representations
are then utilized to build a multivariate Gaussian distribution, from which
a total of 1000 samples are drawn. The new samples are then put into the
decoder to reconstruct the predicted plug load profiles.
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Figure 2: Schematic of the autoencoder process. Thicker lines here indicate that the scaling
function, encoder weights and decoder weights that are used/trained in the training phase
are brought over for inference in the testing phase
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3.2. Functional Data Analysis (FDA)
An alternative methodology that offers insight into patterns in the data
is Functional Data Analysis (FDA), a set of techniques for analysing data
that represent an underlying continuous function [32]. Hourly data points
are assumed to be indicative of an underlying continuous function of time,
and for this study each set of 24 hourly values representing one day constitutes a data sample. Given a set of data samples, functional Principal
Component Analysis (fPCA) is used to derive a set of functional Principal
Components (PCs) - each one a function of time - and a set of coefficients or
scores on the PCs that control how much each PC contributes to each data
sample. The PCs are same across all data samples, so it is the PC scores
that distinguish one data sample from another. Each data sample, φ(t) can
therefore be expressed simply as a sum of a mean function, µ(t) and the
weighted summation over i functional PCs, νi (t), with scores αi , i.e.
φ(t) = µ(t) + Σi αi νi (t)

(2)

It is useful in the analysis of transient energy demand to separate the data
into its phase and amplitude, i.e. the timing component and the magnitude
of the demand, as both are quantities of interest. In order to do this, the
data are aligned to a common mean using a standard dynamic programming
algorithm [33], giving a set of warping functions that align each data sample
to the mean and a set of aligned amplitude functions. fPCA is then performed
on the warping and amplitude functions separately, yielding separate PCs
for phase and amplitude that are the same across all data samples. This
procedure also yields a unique set of scores on the PCs for each data sample.
The fPCA methodology ensures that the order of the PCs corresponds to the
amount of variation in the data that is explained by each PC, in the same
way as standard PCA for multivariate data.
The FDA model thus comprises the phase and amplitude PCs together
with the scores that can be used in conjunction with the PCs to regenerate
the original data - the training zones. If we want to generate new sample
data for the training zones, it suffices to take a random sample of the scores
and use the sampled scores with the PCs to generate sample data. It is
necessary to fit a multivariate probability distribution to the scores to ensure
correlations are captured - here we use a copula as the scores are not normally
distributed. If we wish to generate sample data for new building zones we
have two options - in the absence of any data we would have to assume that
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the demand of the new zones is sufficiently similar to the training zones that
we can use the scores for the training zones directly. However if we have
data, as here - even a small quantity - we project the data onto the PCs
and extract the scores; we then take a random sample of the new scores and
generate new samples with the sampled scores and the PCs. This facilitates
direct comparison between the test data and the training data. This process
is illustrated schematically in Figure 3. Full details of the model rationale
and development are given in Ward et al. [34].
3.3. Approach
Monitored plug-load data, in particular plug loads sub-monitored for individual building zones representing different activities within university buildings are studied in this paper. A subset of the data is used to train the AE
and FDA models. Then, taking new data - a test dataset, which in this study
is data for a new zone - the models are used in conjunction with the test data
to predict energy demand for plug loads of the new zone. The procedure for
training the data is slightly different for the two models. In the FDA model,
the data are normalised prior to training by subtracting the median base
load and dividing by the median load range on a zone-by-zone basis. The
training dataset is aligned and PCs extracted following the methodology described in Section 3.2, then the test data are mapped to these PCs and scores
extracted. To predict sample plug loads for the new zones, random samples
are drawn from a probability distribution fitted to these scores and are combined with the PCs to generate the sample data. In the AE model, the AE
builds a latent dimension representation of the training data as described in
Section 3.1, together with an encoder and decoder. Various architectures of
autoencoder have been tested and the AE with only one layer of 8 hidden
nodes, which also represents the latent dimension, was found to be the best
in modelling the data. For hyperparameter tuning, it is found that using
batch sizes of 16,32,64,128 with learning rates of 0.1, 0.01, 0.001 yielded similar results. The AE model is trained in batches of 32 with the mean square
error (MSE) cost function using the Adam optimizer with a learning rate
of 0.001. Normalisation of the data occurs within the AE and not prior to
the training process. The test data are then encoded using the encoder and
the encoded latent representations are used to build a multivariate Gaussian
distribution from which sample data are drawn. These samples are then put
through the decoder to reconstruct sample load profiles.
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Figure 3: Schematic diagram of FDA process. The thicker lines indicate how the outputs
of the training phase are used in conjunction with the test data
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The predicted data are then compared against the test dataset using three
comparison tools to identify to what extent the predicted data are comparable
to the test data. First, a visual comparison is performed in order to identify
whether the AE and FDA models are generating good predictions. Second,
it is illuminating to compare certain key performance indicators (KPIs) to
identify to what extent the models are providing a faithful representation of
the data. The KPIs considered here are the mean and standard deviation of
the parameters which describe the aspects of the demand that are important
for building energy simulation and energy management, i.e.
• base load, i.e. the minimum hourly demand per day, typically the
demand at night,
• peak load, i.e. the maximum hourly demand per day, important for
sizing of the HVAC system,
• total daily demand, important for cost and total demand estimation,
and
• the timing of the daily peak, important for load scheduling and demand
response management.
Finally, another measure of how well the generated samples represent the
observed data is given by the Kullback-Leibler (K-L) divergence value, calculated using the approach given in Duchi [35] for two multivariate Gaussian
distributions. The KL divergence between two multivariate Gaussians can
be calculated as follows:
|Σ2 |
1
T −1
− T r{Σ−1
KL = [log
2 Σ1 } + (µ2 − µ1 ) Σ2 (µ2 − µ1 ) − d]
2
|Σ1 |

(3)

where Σ1 and Σ2 represent the determinants of the diagonal covariances
of the two distributions respectively. µ1 and µ2 are the mean of the two multivariate Gaussian and d is number of variables in the Gaussian distribution.
This is a measure of how well one probability distribution represents another;
it is non-negative and values closer to zero imply better agreement. We use
the K-L divergence to assess how well the predicted plug loads match the
test datasets.

13

4. Data Description
Monitored plug loads from two university buildings in two distinct locations, namely the University of Cambridge in the United Kingdom (UK) and
the National University of Singapore (SG), have been used for this study, as
detailed in Table 1.
Table 1: Building Data

Location
Climate
Number of floors
Number of sub-metered zones
Floor Area m2
Use
Date of construction

UK
Cambridge
Temperate
3
15
10,241
Research office
2001

SG
Singapore
Tropical
3
4
5445
Research office
2014

The UK and SG data comprise hourly recorded plug loads from 15 and
4 spatial zones, respectively. The terminology used to identify the zones
throughout this paper uses the location - UK or SG for UK and Singapore
- together with an indication of the activity within the zone. For example,
UK:O1 is an office in the UK building. Space-use or activity abbreviations
are as follows: O - office, M - meeting room, C - classroom, LT - lecture
theatre, IT - IT lab, L - Library and K - canteen kitchen.
4.1. UK Data
The UK building is a 3-storey research office at the University of Cambridge. The building is sub-metered for plug loads and lighting for 15 spatial
zones, each of which is designated by activity e.g. office, meeting room,
canteen, or user e.g. student office, administrative staff office. As aforementioned, we first use plug loads from 10 of these spatial zones for training
the model. These data are illustrated in Figure 4. As there are differences
in the plug load patterns between weekdays and weekends, we indicate the
mean and 90% confidence limits for the weekday (red) and weekend (blue)
for each zone. It can be observed from the figure that the plug loads vary
quite diversely despite similarity in use types or activities. The plug loads in
most of the zones peaks during the middle section of the day on weekdays.
It is advantageous to have a wide range of demand profiles in the training
14

dataset so that the models can learn possible different variations of demand.
It is for this reason that we include both the weekend and weekday data in
training dataset 1.

Figure 4: UK training data (dataset 1): daily monitored plug loads for 1 year for 10
different spatial zones showing the 90% confidence limits for weekdays (red) and weekends
(blue)

For the validation of the models, we use a smaller subset of the data, comprising term-time weekday data from the 5 remaining spatial zones (dataset
2). A consistent subset of the data is used, rather than all of the data as the
consistency makes it more straightforward to assess the quality of the predictions using the K-L divergence as a metric. The hourly plug loads data for
these zones are shown in Figure 5. It can be observed from these patterns
that they exhibit some similarities to the training dataset. For example, the
weekday data for UK:O5 and UK:O1 are quite similar. Similarly, weekday
data of UK:IT1 and UK:IT2 are also quite similar, albeit with a slightly
higher base load in UK:IT2.
4.2. SG Data
The SG building is a research office located on the campus of the National
University of Singapore. The building consists of 3 blocks, each of which is 3
storeys high. There is no heating but the HVAC system operates year round
to provide cooling. Sub-metered data for 4 zones have been used for this
15
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Figure 5: UK validation data (dataset 2): term-time weekday daily monitored plug loads
for 5 different spatial zones showing the 90% confidence limits (red)
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analysis. Unlike the UK building, the sub-metering is at the distribution
board and hence each zone is a mixture of different activities.
Similar to the UK validation dataset, the SG test dataset comprises termtime weekday data as illustrated in Figure 6. The data are fairly consistent,
particularly zone SG: O2 which exhibits only a small degree of daily variation
from the mean.
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Figure 6: SG test data (dataset 3): term-time weekday daily monitored plug loads for 4
different spatial zones showing the 90% confidence limits (red)

4.3. Model Setup
As the UK data is the larger dataset, comprising sub-metered data from
15 different zones, we first train the models using data from 10 of the UK
building zones (dataset 1). Three cases are then examined:
1. we perform a validation study in which the applicability of the models
to new data from the same building is assessed using a subset of data
from the 5 remaining spatial zones of the UK building (dataset 2). This
provides a benchmark against which to compare subsequent analyses.
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2. the models are then used to predict plug loads for a test dataset comprising the 4 SG zones (dataset 3).
3. finally we reverse the analysis and use dataset 3 as training data to train
new models thus exploring the ability of the new models to predict the
plug loads of UK validation zones (dataset 2).
A visual comparison of the data presented in Figures 4 - 6 suggests there
are similarities, but it is not clear which zones are the most similar. The
strength of the AE and FDA models is that they both provide a means to
explore the similarities in more detail. This is discussed further in the following sections and in detail in Appendix A, but as an example consider the
projection of the latent dimensions from the AE model to a 2D t-Distributed
Stochastic Neighbor Embedding (t-SNE) plot [36] shown in Figure 7. In the
figure, the red points represent the training data from all zones. The data
points in various zones are clustered together, indicating that the plug load
profiles in the given zones possess similar characteristics. For the UK validation zones, the UK:IT2 data (turquoise - on the far right of the plot) do
not overlap with the training data at all. This suggests that the plug loads
in this zone are quite dissimilar to the training data (dataset 1). For the
SG test data, all 4 zones do not really overlap with the training data, but
are quite centrally located in the plot, and zone SG:O3 overlaps with zone
UK:O7. The implications of this comparison are discussed further in Section
6 and Appendix A.
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Figure 7: t-SNE: Training Data (red) compared against the UK Validation Zones and the
SG Test Zones

5. Modelling Results
As discussed above, the prime output of the models is predicted plug load
profiles for each zone of the building. These are presented in this section,
first for the validation study, then for the test case. The K-L divergence and
the KPIs described in Section 3.3 are also calculated and discussed for both
the validation study and the test case.
5.1. Profiles
Considering first the validation study, Figure 8 shows the the validation
data in red (dataset 2), the predicted plug loads generated using the AE
model in blue and the predicted plug loads generated using the FDA model
in green. In these plots, the solid line is the sample mean and the shaded
area is the 90% confidence limit.
It is clear that the predicted plug loads from the AE model fit dataset
2 well in terms of the mean profile shape, with the exception of UK:O7. In
this zone, the predicted mean profile shape seems to increase early, around
5am and plateaus for a couple of hours before increasing again, but in the
actual data the profile increases steadily starting from around 7am. If we
examine the training data (Figure 4), it is clear that the only zone which
18

exhibits a similar start time to that observed for zone UK:O7 is zone UK:L,
which has the early start followed by a plateau in the load before rising again.
This suggests that the AE model is associating the early start time with the
following plateau and hence the predictions follow this pattern. The mean
demand of the FDA predicted samples is also in good agreement with the
test data, but the rise at the start of the day is smoother in the predicted
load profiles than the test data. For example, in zone UK:O6 at around 8am
a sharp rise can be seen in the red solid line which is somewhat more shallow
in the green line. This is due to the hourly discretisation of the FDA model;
a more refined model would be able to match sudden changes in demand
better, but with a corresponding increase in computational time.

Figure 8: UK validation dataset: comparison of samples generated using the autoencoder
(blue) and FDA (green) models against the validation dataset 2 (red)

The variability of the AE predictions as indicated by the 90% confidence
limits - the blue shaded areas in Figure 8 - for zones UK:O5 and UK:C2
match the data very well, with hardly any of the red shaded area visible. For
the remaining three zones there are areas where the AE model variability is
lower than the data, particularly for zone UK:O6 for which the red shaded
area is visible at the top of the range across all hours. This is due to the
distribution of the test data for zone UK:O6 being more asymmetric about
the mean than the majority of the data on which the AE model is trained.
By comparison, and as is typical, the 90% confidence limits of the FDA
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predictions (shown in green) cover a wider range than dataset 2. It is particularly noticeable for zone UK:O7, where the predictions show a wide variance
at the end of the day, in strong contrast to the test data that are tightly
defined at the start and end of the day. The FDA model depends on a
weighted summation of the PCs, and features such as the drop at the end
of the day arise due to complex correlations of the PC weightings for opposing PC contributions. These correlations are taken into account in sampling
from the PC scores, but as one might expect there are samples for which
opposing contributions do not fully cancel. Furthermore, in fitting a probability distribution to empirical data there are inevitably sparsely populated
areas within the probability distribution. Sampling from these areas of the
distribution gives rise to combinations of PC not seen in the data and a wider
distribution of predictions.
The predictions by both models visually indicate that both machine learning approaches work for the validation zones in the same building. Do they
work for prediction of plug loads in the Singapore building?
Figure 9 shows the plug load profiles (90% confidence limit) of the SG
test dataset (dataset 3) in red and the predicted data generated using the AE
model in blue and the FDA model in green. In general, it can be observed
that the samples predicted from the AE model do still fit the original data,
however, the agreement is not as good as for the validation dataset. Similar
to zone UK:O7 the predicted profiles for all four SG zones do not capture
the gradual increase at the start of the day but rise earlier than the data and
plateau before rising again. Again, this is due to the lack of profiles that have
an early start time in training dataset 1. The variability of the AE predictions
is a similar order to the data with the exception of zone SG:O3 for which the
AE model predicts a much lower variability in base load. Considering the
FDA predictions shown in green in Figure 9, the sharp rise at the start of
day is smoother in the predictions than in the test data. When comparing
Figures 8 and 9 it appears that the start of day, i.e. the time at which
demand starts to rise, is earlier in the SG building than the UK building.
This is particularly noticeable for zones SG:O3 and SG:O4 where the start of
the working day appears to occur just after 6am on average. Despite being
based on data for the UK building, the FDA model can mimic this, albeit
somewhat smoothed. The variability of the FDA model predictions is again
greater than the data, with a wide variance at the end of the day, particularly
for zone SG:O4.
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Figure 9: SG test dataset: comparison of samples predicted using the autoencoder (blue)
and FDA (green) models against test dataset 3 (red)

The difference between the observed and predicted datasets can be quantified statistically using the K-L divergence. Table 2 shows the K-L divergence
values for the samples predicted by each of the models compared against the
data for the validation/test zones.
For the UK validation data, the lowest values of KL divergence for the
AE model are zone UK:C2, closely followed by zone UK:O5. As observable
in the profiles in Figure 8, the mean and area of overlap between the data
and the model predictions are more closely matched for these two zones than
zones UK:O7 and UK:IT2 which have higher K-L divergence values. Similarly, in Figure 9, comparing zones SG:O1 and SG:O2, which have lower K-L
divergence values against zones SG:O3 and SG:O4 which have higher K-L
divergence values, the lower values correspond to a visually better match
between the data and predictions. This gives confidence that the K-L divergence values do reflect the similarities and differences between the data and
predicted plug load profiles.
For the UK validation data, the FDA model also generates the lowest
K-L value for zone UK:C2 but with a value of 1.02, higher than the AE value
of 0.07, reflecting the higher variance of the FDA model results compared
against the AE model. However, for the FDA model the K-L divergence
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Table 2: K-L divergence (the maximum values are highlighted in bold font, whereas the
minimum values are in italics)

Zone
UK:O5
UK:IT2
UK:C2
UK:O6
UK:O7
SG:O1
SG:O2
SG:O3
SG:O4

Autoencoder
0.09
3.04
0.07
0.25
1.47
1.33
1.17
3.97
3.26

FDA
1.82
1.74
1.02
1.50
3.42
2.84
2.86
3.23
3.90

suggests a better fit for zone UK:IT2 than zone UK:O7 (1.74 for zone UK:IT2
compared against 3.42 for zone UK:O7) in direct contrast to the results
for the AE model. Considering Figure 8, it is clear that the FDA model
predictions for zone UK:IT2 are closer to the original data than for zone
UK:O7, whereas the opposite is true for the AE model. This is due to
differences in normalisation of the data; whereas for the FDA model the data
are normalised relative to the zone median base load and load range prior
to model development, in the AE model the normalisation occurs within the
AE training process. This means that the AE model is less able to predict
for zones that lie outside the training data, giving a higher K-L value for
zone UK:IT2 which has a base load higher than any of the training data.
The predicted data show good agreement with the validation dataset for
both models, and this is reflected in the low values of the K-L divergence.
For the SG test data the agreement is slightly less good, with correspondingly higher K-L divergence values. In particular the FDA model does not
represent the dip in demand around hour 13 which is clearly observable in
the data for all four zones. But the highest K-L divergence value is observed
for the AE model for zone SG:O3 which has a value of 3.97. This is due
to the inability of the AE model to accurately capture the early morning
demand - again, owing to the absence of these features in the training data.
5.2. KPIs
As described in Section 3.3, while a visual comparison of the predicted
demand profiles and the monitored data can give good insight into the applicability of the models, it is the KPIs that give quantifiable measures that
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Figure 10: KPIs for the UK validation dataset compared against samples generated using
the autoencoder (AE) and functional data analysis (FDA) models

are most relevant to the building energy simulator.
Tables 3(a) and (b) and Figure 10 show a comparison of KPIs derived
from the UK validation dataset 2 and from the predictions generated from
each model. In Table 3(a), the mean values of each of the KPIs are given for
both models, together with the percentage difference between the mean of the
models and the data. This is equivalent to the Normalised Mean Bias Error
(NMBE), which is one of the metrics recommended in ASHRAE Guideline
14 for comparison of simulated and monitored building energy demand. In
this instance, we are not making predictions in the same sense, but instead
are generating demand that is typical of the building zone in question. Hence
the acceptability criteria of ASHRAE Guideline 14 are not strictly applicable
here [37]. Nonetheless, we can use the guideline as an indication - if we
consider a 10% difference between the mean of the models and the data to
be an acceptable limit, both models give good results; the only KPI for which
this threshold is exceeded is the base load for zone UK:O7 predicted by the
FDA model which has a % difference of -15.48%. This is due to the wide
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Table 3: KPIs for UK validation data (dataset 2): a) mean, and b) standard deviation (the
maximum absolute difference is highlighted in bold font, whereas the minimum absolute
difference is in italics)
a) Mean

Base Load

Peak Load

Time of Peak
Demand

Total Daily
Demand

Zone

Data

UK:O5
UK:IT2
UK:C2
UK:O6
UK:O7
UK:O5
UK:IT2
UK:C2
UK:O6
UK:O7
UK:O5
UK:IT2
UK:C2
UK:O6
UK:O7
UK:O5
UK:IT2
UK:C2
UK:O6
UK:O7

3.80
13.14
1.79
1.78
1.54
7.61
17.45
3.93
4.53
5.51
15.24
15.92
15.24
12.76
12.64
120.51
352.99
59.15
66.16
64.84

Autoencoder
Model
%
Difference
3.83
0.71
12.85
-2.23
1.69
-5.88
1.73
-2.75
1.46
-5.28
7.41
-2.62
16.95
-2.88
3.84
-2.33
4.52
-0.16
5.17
-6.31
15.34
0.69
15.99
0.43
15.64
2.57
13.33
4.43
12.27
-2.89
121.36
0.71
344.57
-2.39
59.36
0.35
66.22
0.09
64.67
-0.25

Model
3.51
12.97
1.75
1.81
1.30
7.35
17.33
3.79
4.45
4.98
14.94
15.98
14.55
12.42
11.83
122.34
354.47
62.60
71.82
67.67

FDA
%
Difference
-7.76
-1.29
-2.70
1.27
-15.48
-3.31
-0.69
-3.61
-1.67
-9.65
-1.94
0.38
-4.56
-2.66
-6.39
1.52
0.42
5.83
8.54
4.37

b) Standard Deviation

Base Load

Peak Load

Time of Peak
Demand

Total Daily
Demand

Zone

Data

UK:O5
UK:IT2
UK:C2
UK:O6
UK:O7
UK:O5
UK:IT2
UK:C2
UK:O6
UK:O7
UK:O5
UK:IT2
UK:C2
UK:O6
UK:O7
UK:O5
UK:IT2
UK:C2
UK:O6
UK:O7

0.43
0.44
0.73
0.87
0.24
1.06
0.82
1.31
1.44
0.95
1.70
1.40
3.23
3.12
2.28
12.25
10.56
20.32
23.49
9.04

Autoencoder
Model
%
Difference
0.47
9.20
0.42
-5.20
0.84
15.40
0.95
8.80
0.29
20.66
0.81
-23.40
0.71
-12.81
1.16
-10.87
1.21
-16.28
0.90
-5.94
1.58
-7.14
1.33
-4.71
2.32
-28.15
2.57
-17.65
1.94
-14.54
12.58
2.72
9.69
-8.21
21.27
4.66
23.75
1.12
8.94
-1.12
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Model
0.93
0.87
1.08
1.33
0.60
1.36
1.34
1.54
1.67
1.10
2.00
1.50
3.73
2.73
2.43
21.38
20.22
28.77
33.97
16.78

FDA
%
Difference
115.76
93.99
48.40
51.63
147.87
27.82
62.66
17.55
15.23
14.73
17.52
7.07
15.34
-12.44
6.81
73.88
90.73
41.03
44.08
84.84

variation exhibited by the FDA model predictions at the end of the day for
this zone, as also observed in Figure 10(a). The good match in the prediction
of the peak load is particularly encouraging as it is an important feature for
the design of HVAC systems as well for the management of demand-side
response. In addition, the timing of the peak demand is significant as it
can have cost implications arising from real-time energy pricing. The mean
timing for both models is in good agreement with the data, with a maximum
difference of 4.43 % for the AE model (zone UK:O6) and 6.39% for the FDA
model (zone UK:O7). To put this in context, the decrease of 6.39% is a
change from 12.38pm to 11.50am to, i.e. a difference of just over 45 minutes.
Timing of the peak is generally very difficult to simulate precisely. Indeed, as
the data illustrate (Figure 4), daytime demand is highly variable and peaks
may not be consistent or identifiable.
The FDA model in general has a tendency to give a higher variability in
the KPIs, as detailed in Table 3(b), which shows the standard deviation of
each KPI, together with the % difference between the standard deviation of
the simulations and the data. This can also be observed in Figure 10. In
terms of the magnitude of the demand, i.e. KPIs Base Load, Peak load and
Total Daily Demand, the FDA model gives a higher standard deviation for
the KPI than the AE model. The increase in standard deviation is particularly high for the base load of zones UK:O5 and UK:O7, a consequence of
the variability observable in Figure 8 at the end of the day for these zones.
As explained previously, the tendency for the FDA model to overestimate
the variability is due to samples being drawn from a probability distribution
fitted to the PC scores which may encompass space for which there are no
data. This leads to the relatively high number of outlying values as observed
in Figure 10; as an example, considering the peak load for zone UK:O6 shown
in Figure 10(b) it seems clear that the higher standard deviation calculated
for the FDA approach is due to the higher number of outlying points. The
AE and FDA models exhibit opposite tendencies in the prediction of the
variability of the peak load - the FDA model overestimates while the AE underestimates the standard deviation of the peak load for all zones. While we
expect the FDA model to overestimate the variability, the way in which the
AE model learns from the training data means that the samples predicted by
the AE model necessarily lie within the model’s experience i.e. it is less likely
to predict outlying values than the FDA model, and hence is more likely to
underestimate the variability.
Tables 4(a) and (b) show the corresponding results for the SG test zones,
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Table 4: KPIs for SG test zones (dataset 3): a) mean, and b) standard deviation (the
maximum absolute difference is highlighted in bold font, whereas the minimum absolute
difference is in italics)
a) Mean

Base Load

Peak Load

Time of Peak
Demand

Total Daily
Demand

Zone

Data

SG:O1
SG:O2
SG:O3
SG:O4
SG:O1
SG:O2
SG:O3
SG:O4
SG:O1
SG:O2
SG:O3
SG:O4
SG:O1
SG:O2
SG:O3
SG:O4

0.93
1.00
1.28
2.31
3.61
2.27
4.28
5.89
14.05
12.98
13.25
12.76
48.61
36.05
61.00
91.34

Autoencoder
Model
%
Difference
0.88
-4.65
0.95
-5.05
1.56
21.59
2.53
9.70
3.64
0.90
2.27
0.34
4.10
-4.11
5.82
-1.27
14.40
2.51
13.63
5.08
13.06
-1.42
12.01
-5.87
48.07
-1.09
35.42
-1.75
60.55
-0.73
91.34
-0.01

Model
0.79
0.91
1.22
2.01
3.47
2.22
4.10
5.59
13.25
12.42
12.61
12.29
48.89
36.12
63.63
91.61

FDA
%
Difference
-14.98
-8.83
-4.52
-12.63
-3.96
-1.98
-4.27
-5.12
-5.72
-4.26
-4.80
-3.71
0.59
0.20
4.30
0.29

b) Standard Deviation

Base Load

Peak Load

Time of Peak

Total Daily

Zone

Data

SG:O1
SG:O2
SG:O3
SG:O4
SG:O1
SG:O2
SG:O3
SG:O4
SG:O1
SG:O2
SG:O3
SG:O4
SG:O1
SG:O2
SG:O3
SG:O4

0.10
0.08
0.15
0.22
0.34
0.16
0.45
0.41
2.84
2.53
2.82
2.79
3.85
2.19
3.69
4.42

Autoencoder
Sample
%
Difference
0.12
19.37
0.08
1.17
0.13
-11.58
0.23
6.12
0.30
-10.93
0.15
-7.11
0.39
-14.59
0.39
-3.24
3.03
6.82
3.15
24.61
2.82
0.02
2.74
-1.76
3.70
-3.92
2.09
-4.53
3.76
1.77
4.50
1.85
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Sample
0.31
0.22
0.57
0.76
0.48
0.30
0.91
0.95
2.69
2.42
3.21
2.76
7.30
4.87
14.65
16.21

FDA
%
Difference
196.44
175.72
278.52
253.00
43.39
85.54
99.82
133.25
-5.14
-4.23
13.89
-1.18
89.16
121.51
295.51
265.87
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Figure 11: KPIs for the SG test dataset compared against samples generated using the
autoencoder (AE) and functional data analysis (FDA) models
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with the results illustrated in Figure 11. Again using a difference of 10% as
an acceptable limit, there are instances where the error in the mean results
for the base load fall above this value. Specifically, the AE model predictions
generate a mean base load higher than the data by 21.59% for zone SG:O3
and the FDA models generates mean base loads lower than the data by
14.98% and 12.63% respectively for zones SG:O1 and SG:O4. As described
above for the validation dataset, the mean base loads generated by the FDA
model are affected by the propensity for the model to generate a wider range
of demand at the end of the day than observed, reducing the mean base load.
For the AE model, it is clear from Figure 9 that the predicted data for zone
SG:O3 are much less variable at the start and end of day i.e. in the base
load, than the data. This is corroborated in Table 4(b) which indicates a
reduction in standard deviation of the base load when compared against the
data for this zone.
The differences in base load prediction are not reflected in the mean total
daily demand which shows good agreement for both models (<5% difference),
and good agreement is also observed for both models for the timing of the
peak demand which as discussed previously, is difficult to predict.
Similar to the results for the UK validation dataset, the standard deviation of the model predictions of the SG test data KPIs given in Table
4(b) is much greater for the FDA model than the AE model. This is supported by the visual comparison of Figure 9, in which the wider variability
of the FDA model is clearly visible, and Figure 11 which clearly indicates
the increased variability of the FDA sample demand. Looking at the SG test
data, the standard deviation values are lower than for the UK validation data
implying more consistency in the monitored data. Whereas the percentage
difference in the results for the AE model predictions of standard deviation
are a similar order of magnitude for both datasets, for the FDA model, the
standard deviation for all of the magnitude-related KPIs is greater for the
SG test data predictions than for the UK validation data predictions (Table
3(b)). This is again due to the sampling of scores from probability distributions fitted to the empirical data - because the data are more consistent, the
effect of outlying scores is more significant and sampling from sparsely populated areas of the fitted probability distribution leads to a higher variability
in predicted data.
The fundamental differences between the AE and FDA techniques are
further investigated by examining the latent dimensions and the functional
principal components and scores in more detail. These are discussed in Sec28

tion 6, but for brevity the details are provided in Appendix A.
5.3. Reverse direction study
The results discussed in the previous sections indicate that there is sufficient similarity between the plug loads for the two buildings studied that it
is acceptable to use the training dataset from the UK building to develop a
model for demand for the Singapore building. If this is the case, it should
be equally feasible to build a model based on the Singapore data and apply
the model to generate sample demand for the UK building. To test this hypothesis, the test dataset from the Singapore building (dataset 3) has been
used to build new AE and FDA models and these models have been used to
predict plug load data for the validation zones from the UK building (dataset
2).
Given the purely data-driven characteristics of the autoencoder, a drop
in performance is expected when it is trained with a lesser quantity of more
uniform data but tested on a diverse range of data. As seen in the spread of
data in the t-SNE plots in Figure 7, it can be observed that the range of the
SG data is narrower than the range of zones in dataset 2, spread over [-50, 10]
on the first axis and [-60, 10] on the second axis. Therefore, we would expect
a drop in performance particularly in regions that fall outside of this area
- in particular zones UK:O5 and UK:IT2. Figure 12 provides the predicted
plug load profiles generated from the sampled data in the latent dimensions.
It can be observed that the autoencoder does a poor job reconstructing the
profiles of zones UK:O5 and UK:IT2, UK:IT2 in particular. This is because
the UK:IT2 data is very different from the data that the autoencoder is
trained on. The autoencoder would be able to provide a better generated
profile given a more diverse range of training data.
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Figure 12: Profile for Reverse Study: Model generated using SG data as training dataset
for UK test zones (dataset 2)

A new FDA model has also been generated using the SG data as the
training dataset, and a new set of phase and amplitude PCs have been derived. The UK test data are then projected onto the new PCs to extract the
scores, and these scores have been sampled from in order to predict new plug
loads as before. The predicted plug load profiles are given in Figure 12 in
green. Comparing this figure against Figure 8, it is clear that visually there
is very little difference in the range of demand generated; this is despite the
much smaller quantity of data used as a training dataset.
Table 5 shows the K-L divergence values calculated for the reverse approach. The K-L divergence values again reflect how similar is the simulated
profile when compared to the actual profile as seen in Figure 12. For the AE
model, the K-L divergence value is exceptionally high for UK:IT2, reflecting
the dissimilarity in actual and simulated profiles. The K-L divergence is also
high for the UK:O5 zone as it falls outside of the range of the training data
used here. For the other zones (UK:C2, UK:O6, UK:O7), the K-L divergence
values seem reasonable. For the FDA model values for zones UK:O5, UK:C2
and UK:O6 are slightly higher than before, but for zones UK:IT2 and UK:O7
the values are lower.
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Table 5: Model generated using SG data: K-L divergence (the maximum values are highlighted in bold font, whereas the minimum values are in italics)

Zone
UK:O5
UK:IT2
UK:C2
UK:O6
UK:O7

Autoencoder
5.47
175.28
0.92
0.43
1.64

FDA
2.37
1.47
1.14
1.59
2.50

6. Discussion
This study enables us to explore the ease and suitability of transferring
machine learning models of plug load data from one zone to another zone
comprising similar activities, even across different buildings in different climatic zones.
Both the AE and FDA models used here are able to reconstruct the
plug load profiles of the SG buildings relatively well (measured by the key
performance indicators) when trained on data from the UK building zones.
The models both succeed particularly well in predicting the mean magnitude
and timing of the peak demand and the mean total daily demand for all four
SG zones. The base load is seemingly harder to predict for both models; for
the AE model, zone SG:O3 predictions suggest a base load 22% higher than
observed, whereas for the FDA model zones SG:O1 and SG:O4 predictions
are 13 and 15% lower than observed respectively.
The ability to predict depends to some extent on the similarity between
datasets. As explained in detail in Appendix A, the latent dimensions of the
AE model and the fPCA scores from the FDA model give separate indications
of the similarity of the plug loads across the different zones. Projection of
the AE model latent representation onto a 2D t-SNE plot helps to visualise
how the different zones relate to each other (Figure 7 and Figures A.14A.15). In the plots, plug loads from the same zone generally cluster together
indicating that the plug load profiles in the zone are similar throughout the
dataset. While there are some overlaps - notably zones SG:O3 and UK:O7 on the whole the clusters remain distinct from each other implying differences
in the plug loads between zones. The differences are related more to base
load and load range than the shape however. In the FDA model the data
are normalised prior to training by subtracting the base load and dividing
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by the load range on a zone-by-zone basis. A comparison of the resulting
datasets is thus a comparison of the relative changes in hourly demand, i.e.
the shape of the demand, rather than the absolute magnitude. A detailed
exploration of the scores given in Appendix A reveals the similarity between
scores for zones with similar activity, for example between zones SG:O1 and
SG:O2 and zones UK:O1-O4. This suggests that the shape of the demand is
similar for these zones.
This difference in the way the data are processed has implications for
the prediction capability of the models. Given similarity in plug loads data
from the two buildings despite their different locations, it should be possible
to train a model using a training dataset from either building for use in
prediction. The study shows success for training the models on data from the
UK building, but the reverse process (Section 5.3) highlights the difference
between the two approaches. Whereas the FDA approach is able to build a
reasonable model using the SG data, the range of data in the SG dataset is
insufficient for the AE model to be able to predict zone UK:IT2 accurately,
primarily because the base load for this zone is so far outside the range of the
training data. The FDA model benefits here from the normalisation of the
data as described above which facilitates comparison of shape rather than
magnitude, resulting in a more accurate prediction for zone UK:IT2.
The AE model relates the test data to the predicted data via the encoded latent dimensions of the model. Data that are similar in the original
dimension tend to be similar in the latent dimension, however as explored
in Appendix A, it is difficult to assign physical meaning to the latent dimensions. Each latent dimension contributes to the plug load profile over
the entire day, so it is not possible to specifically relate a latent dimension
to a distinct feature such as a higher peak load or an earlier start time. As
an example, consider the results for the SG test data described in Section 5.
In the latent representation, an early start time is clearly associated with a
plateau in demand around 7am. This is because there are insufficient samples
in the training data with an early start without this plateau, but it means
that the predictions for the SG data cannot accurately match the early start
and subsequent rise. By comparison, the functional PCs generated by the
FDA approach relate directly to features of the data and have a direct interpretation. For example the phase PCs relate directly to the start time and
length of the working day. This enables more flexibility to fit features that
are not observed in the training data. Interpretation is not always straightforward, however, as different combinations of PCs can give similar results,
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exacerbated to some extent by the separation of the plug loads into phase
and amplitude which gives even more combination options.
As is clear in the study, while both models give predictions which are
in good agreement with the test data, there are differences in the nature
of the predictions. The most obvious difference is in the variability of the
results. Predicted data are generated from both models by sampling from a
probability distribution fitted to the trained model. In the case of the AE
model, the latent representations are used to build a multivariate Gaussian
distribution from which the samples are drawn, generating accurate predictions closely aligned with the test data with few outlying values. In the
FDA approach, the score distributions are fitted to a copula which preserves
the non-Gaussian shape of the score distributions and retains correlations
between the scores. Sampling from the copula gives scores which are used
in conjunction with the PCs to generate the predicted data. This approach
gives predicted data with a mean demand in good agreement with the test
data. The spread of the results is substantially higher and outlying results
are not uncommon, however, owing to samples being drawn from regions of
the copula that are sparsely populated. As described above, this is primarily due to different score combinations potentially yielding similar plug load
profiles; this is discussed in more detail in conjunction with Figure A.25.
The choice of model for use in building energy simulation is likely dependent on the nature of the simulation being performed and also the level
of confidence in the data. For example, in a study of retrofit measures for
an existing building it may be essential to have predicted loads as close as
possible to those observed - there is a high level of confidence in the demand, and the AE model may be a natural choice. By comparison, where
there is more uncertainty - at the design stage for example - the FDA model
gives predictions which typically encompass the actual demand and may be
a better choice. Given the sample demand profiles it is straightforward to
generate a stochastic time history of plug loads for input into a BES. Having
demonstrated here the similarity between plug loads in offices, despite their
different locations, it is not unreasonable to foresee the development of a set
of stochastic schedules based on data for inclusion in national standards and
indeed standardisation across the globe. This may be true for other activities
- further work is required to assess the transferability of models in this way
for different types of common activity and end-use.
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7. Conclusions
In summary, we have explored the transferability of models for plug loads
in buildings across climatic zones by using data from two case study buildings
from Singapore and the UK. Both buildings have similar use type, being
research offices located on a university campus, and both are sub-monitored
for plug loads.
Two modelling approaches have been explored; an autoencoder and a
functional data analysis model. Both models were able to predict plug loads
satisfactorily for the SG building when trained on data from the UK building. The study also facilitated an in-depth comparison of the strengths and
weaknesses of the two models used in this context. The stand-out differences
between the two approaches are as follows:
• the AE model is fast to train and generates predicted plug loads quickly.
Initial training of the FDA model is computationally intensive and can
take several hours depending on the quantity of data. Once trained,
however, mapping new data to the PCs and generating predicted data
is quick,
• the latent dimensions of the AE model cannot easily be interpreted
in terms of features in the data. By comparison the functional PCs
generated for the FDA model relate directly to features such as base
load, load range and timing,
• the plug loads predicted by the AE model are very close to the test
data in terms of mean and standard deviation provided features of the
test data exist in the training data. The FDA model predictions match
the mean test data well and typically predict a wider variability than
observed in the test data,
• the FDA model does not rely on features of the test data being explicitly
present in the training data as the features of the data are constructed
from a summation of component functions - this means that fewer
data samples are required in order to generate a model adequate for
prediction purposes
We have demonstrated that given a sufficient breadth of training data,
either model can be used to predict plug loads for these two buildings. Hence
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the assumption that the buildings are similar is valid in this respect. The
choice of model is likely dependent on the purpose of the simulation; we
have considered two possible approaches here, both of which predict plug
loads in good agreement with the test data. The feasibility of using plug
loads from one location to build a model for prediction of plug loads in other
locations opens up the possibility that deterministic schedules defined by
location could be replaced by a stochastic modelling approach. This would
improve efficiency in generation of models for building energy simulation and
ensure greater comparability between simulations. Specifically, a stochastic
approach could help to understand the range in variability of the demand
and its relation to the activity performed in the building zone in question.
This study has considered plug loads as they are indicative of occupancy,
are activity-driven and are not highly influenced by local climate. The results suggest, however, that the machine-learning approach may offer useful insights for transferability of models for other loads such as HVAC and
lighting loads. Future studies will consider the wider applicability of the approach, taking into consideration the dependency of such loads on external
parameters such as local climate.
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Appendix A. Interpretation of simulation results
This appendix contains further details of the two models and explores
how the models may be interpreted in the light of the simulation results.
Appendix A.1. Autoencoder
The AE model is further examined to understand the underlying reasons
for its propensity to correctly predict demand for some test zones better
than others. First, the reconstructed profile and the latent dimensions of
zones UK:O1 (training data), UK:O5 (test data), UK:IT1 (training data)
and UK:IT2 (test data) is illustrated on the left and right of Figure A.13
respectively. It can be observed that similar profiles of zones UK:O5 (red)
and UK:O1 (green) (on the left) are also very similar in the latent dimensions.
On the other hand, it can also be seen that the dissimilar profile of UK:IT2
(in blue) zone has a much different latent representation as compared to the
UK:O5 (red) and UK:O1 (green) zones. Therefore, it can be said that the
data that are similar in the original dimensions would tend to be similar in
the latent dimensions.
The AE compresses significant characteristics into a small dimension representation. The previous paragraph illustrated that similarities in energy
profiles would still be present in the latent dimensions of the autoencoder.

Figure A.13: Reconstructed profile and latent dimensions
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Figure 7 shows the similarities and differences between the training and
testing datasets. The red points represent the training data from all zones.
The data points in various zones are clustered together, indicating the profiles
in the given zones possess similar characteristics. For the UK test zones, the
UK:O7 and UK:IT2 do not overlap with the training data at all. This in turn
suggests that the plug loads in these zones are quite dissimilar to the zones
used in the training set. Given that the autoencoder is purely data-driven,
this could suggest that the lack of similar data has contributed to the higher
K-L divergence values (UK:07 - 1.47, UK:IT2 - 3.04) given in Table 2 and
the sampled profiles with greater variation from the actual profiles (shown
in Figure 8). For the SG zones, all 4 zones do not really overlap with the
training data. This is the reason for the higher K-L divergence values (Table
2) and the greater variation in profiles (shown in Figure 9).
Figure A.14 illustrates the projection of the latent dimensions on a t-SNE
plot over all the zones. The latent dimensions of test zone UK:O5 overlaps
with the plug loads of the mixed zones, UK:O3 and UK:O4 (training zones).
Referring back to the data illustrated in Figure 4 and Figure 5, we can see
the similarities in range and shape of the UK:O5 test zone and the UK:O3
and UK:O4 training zones. Furthermore, the plug loads in UK:C2 classroom
zone overlaps the plug loads of the UK:C1 Classroom and part of the UK:L
zone. Similar plug loads can be seen in these profiles when we refer to Figure
4 and 5. Moreover, it is worth noting that the UK:L zone with large variation
of plug load profiles (refer to Figure 4) is also represented with small clusters
all over the t-SNE plots.
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Figure A.14: TSNE: Latent dimensions for all the zones

Last but not least, the projection of the latent dimensions on a t-SNE
plot, differentiated by weekday and weekend is illustrated in Figure A.15. It
is interesting to see the differences in the weekday and weekend plug loads
as weekend plug loads are typically flatter. In the t-SNE plot, with the
exception of the UK:L plug loads, the weekend data are clustered together,
indicating that that the plug loads over all but one zone are similar over the
weekends.
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Figure A.15: TSNE: Latent dimensions for all the zones by weekday vs weekends

Next, a sensitivity analysis on the various latent dimensions was performed to explore the possibility of identifying the contribution of each latent
dimension i.e. if any particular latent dimension specifically contributes to
the base or peak load, or affects the rise and fall of the profile. If this is
possible, it would enable the regeneration of profiles by varying the latent
dimension values.
For the sensitivity analysis, two random samples are picked from the
UK:K and UK:O1. These zones are chosen because their profiles are dissimilar to each other. In each of the 8 latent dimensions, one latent dimension
i is varied by a value of +/ − 0.2 at once, while the other latent dimensions
are kept constant. The resulting variations of profiles is illustrated in Figure
A.16. In each subplot, the chosen sample energy profile is given in black,
profile generated when increasing or decreasing latent dimension i is given
in green and red respectively. The top row shows the changes in latent dimensions 1 to 4 from left to right and the second row shows the changes in
latent dimensions 5 to 8.
Figure A.16 importantly shows that each latent dimension contributes to
the plug load profile over the whole day. For example, it can be observed in
both samples that varying the value of latent dimension 3 creates a greater
variation in amplitude on the profile towards the end of the day, the changes
made would also affect the shape of the overall profile and the amplitude in
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the earlier part of the day. Hence, it is not possible to specifically relate a
latent dimension to a distinct feature such as a higher peak load or an earlier
rise of profile.

UK:K sample

UK:O1 sample
Figure A.16: Sensitivity of latent dimensions - Top row (left to right): Varying latent
dimensions 1 to 4, Bottom row (left to right): Varying latent dimensions 5 to 8, + in
green and - in red

Appendix A.2. Functional Data Analysis
As outlined in Section 3.2, the FDA model consists of a set of functional
principal components for phase and amplitude which are combined with PC
scores to generate each data sample. As aforementioned, this study uses
normalised UK training data as a basis for extraction of the PCs. Figures
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A.17 and A.18 illustrate the first 6 PCs for phase and amplitude respectively.
Shown in the figures are the mean function (in black) together with the
impact of adding each PC separately with a score of α = +1 (dashed red
line) or α = −1 (dotted blue line). The first phase PC, X1, represents a shift
in time of the data, with a positive score (dashed red line) giving an earlier
start/finish time and a negative score a later start/finish time. PC X2 has
the impact of moving just the start time of the day, so a ’stretch’ in time; and
PC X3 stretches the time of the peak, with a negative score equating to a
much narrower peak. Included in each plot is the proportion of the variance
of the data that is attributable to that PC. So the first phase PC accounts
for 26% of the variance in the data and the first 6 PCs account for 79%.
The first amplitude PC, Y1 in Figure A.18, relates almost directly to the
load range, with a positive score of α = +1 giving a high load range (dashed
red line) and a negative score giving a low range (dotted blue line). The
second amplitude PC governs the base load, but it must be remembered that
these are for the normalised data, so the comparison is with the mean of the
entire normalised dataset. The higher PCs equate to more localised effects
and are responsible for less of the variance in the data. PC Y3 for example has
an impact on the timing of the peak demand with a positive score indicating
a later peak. Conversely, a positive score for PC Y5 contributes to an earlier
peak in the demand. The amplitude PCs account for similar proportions of
the variance in the data, with 26% attributable to PC Y1 and 74% to the
first 6 Y PCs.

Figure A.17: First 6 Principal Components - Phase

Figure A.18: First 6 Principal Components - Amplitude

45

Using this approach each data sample reduces to a set of PC scores.
Similar data samples typically have similar scores which means it is possible
to identify similarities and differences between demand for different zones by
comparing the sets of scores.
Figure A.19 shows a t-SNE plot for 4 different zones from the UK training
dataset, in which the 48 scores per data sample are compressed to 2D. Clusters of data are observable for the different zones, for example the kitchen
zone UK: K is shown in blue and the Lecture Theatre, zone UK: LT in green.
These are reasonably distinct - there are some scattered points that don’t
fall into the clusters, but the majority of points are closer to others from the
same zone than to points from the different zone. However, zones UK: O1
and UK: O3 overlap to a much greater extent. These are both office zones,
and this plot illustrates the similarity in normalised demand for the zones
with similar space use-type.
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Figure A.19: t-SNE plot for zones UK:O1, UK:K, UK:LT and UK:O3

The scores can used to explore similarities between types of use, be that
days of the week, or types of space-use. Consider Figure A.20, in which the
scores for the first 10 PCs are plotted for the four office zones UK: O1 - O4.
These are quite similar to each other; for the phase PCs, shown in the top
plot, the median score for the first PC is negative, around -0.4 - -0.9. Using
this information in conjunction with the PC plots in Figure A.17 suggests
that the office zones typically have a working day which starts and ends
later than the mean of the training data. The scores for the amplitude PCs
indicated in the lower figure exhibit a similar level of consistency, with the
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first PC again being dominant with a positive score indicating a high load
range. Compare these against two different zones in Figure A.21. Zone UK: K
is the canteen kitchen, while zone UK: LT is a lecture theatre. These exhibit
very different patterns of scores, different from each other and different from
the office zones. Indeed the scores for UK: LT, are almost opposite those of
the offices for the first 2 phase PCs, with a positive value for PC X1 and a
negative value for PC X2, indicating a day shifted earlier than the mean, but
with a later start. The negative score for the amplitude PC Y3 reinforces
this trend, with an early peak.
2
1

UK:O1
UK:O2
UK:O3
UK:O4

0
-1
-2

1

2

3

4

5

6

7

8

9

10

Principal Component (Phase)
2

1

UK:O1
UK:O2
UK:O3
UK:O4

0

-1

1

2

3

4

5

6

7

8

9

10

Principal Component (Amplitude)

Figure A.20: Comparison of PC scores for similar space use types, UK: O1 - UK: O4
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Figure A.21: Comparison of PC scores for different space use-types, UK: K and UK: LT
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The KPIs and the K-L divergence discussed in section 5.2 illustrated the
level of agreement between the samples derived from the model and the test
data. Comparing the PC scores derived for the test data against the training
data and also against each other can help understand if similarities in the
scores can be related to similarities in use-type.
Figure A.22 illustrates the scores for the first 10 PCs for the UK validation
dataset. The top row shows boxplots of the scores for the Phase PCs and the
bottom row gives the scores for the amplitude PCs. The first three zones are
office zones, and the remaining two are the IT lab, UK:IT2 and a classroom,
UK:C2. The median scores for each zone, taken in consideration with the
PC plots of Figures A.17 and A.18 give an indication of the impact of each
PC on the shape of the demand, while the interquartile range gives an idea
of the degree of variability in the data. Considering the phase PCs first, the
median scores for PC X1 are very similar for zones UK:O6 and UK:O7. By
comparison, zones UK:O5 and UK:IT2 have much more negative scores for
this PC, implying a shift in working day to a later start/finish time for these
zones. Figure 5 confirms this interpretation; the median start time for zones
UK:05 and UK:IT2 is around 10am, whereas it is earlier, around 8am for zone
UK: O6 and UK: O7. The range for PC X2 is similar for all zones, suggesting
all have a similar degree of overall variability around the timing of the start
of day, with zone UK:O6 having the most negative median score and smallest
interquartile range, implying a tendency to have a shorter day. Zone UK:O6
also has the most positive median score for PC X3, stretching the extent of
the peak demand; again the broad peak is clearly visible in Figure 5. The
breadth of the peak is also indicated by the scores for the amplitude PCs,
shown in the lower plot. In this case it is a negative score for PC Y4 which
has this effect, as seen for zone UK:O6. The first amplitude PC relates to the
load range of the normalised data. Zones UK:O5, UK:IT2 and UK:C2 have
the most positive median scores for this PC, suggesting a higher load range
than the mean across the normalised training dataset. The second amplitude
PC relates to the base load, with a negative score implying a higher base load
than the mean of the training dataset. A negative median score is seen for
zone UK:C2. Given that the data are normalised by subtracting the median
demand and dividing by the load range, a score different from zero suggests
a degree of skew in the data i.e where the median base load is different from
the mean. This is indeed the case for zone UK:C2 for which the median base
load is 1.7 and the mean is 1.3W h/m2 .
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Figure A.22: PC scores for UK validation data

Figure A.23 shows corresponding results for the SG test data. Again,
the plots show the scores for the first 10 PCs for phase (top) and amplitude
(bottom). Here there are some very clear differences between zones. Typically, zones SG:O1 and SG:O2 are quite similar, but different from zones
SG:O3 and SG:O4. For example in the phase PCs, zones SG:O1 and SG:O2
have negative median scores for PC X1 and positive median scores for PC
X3 with small interquartile ranges. As we have seen, the negative score for
PC X1 reults in a shift in time of the day to a later start and end, but here
the positive score for PC X3 counterbalances this with a stretch at the start
of the day; the result is a longer working day. By comparison zone SG:O3
has a much wider interquartile range for PCs X1 and X3, giving a greater
degree of variability in start and end time, as observed in the data (Figure
6). Zone SG:O4 also shows a wider interquartile range for the phase PCs
than the first two zones, reflecting the greater variability in demand.
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Figure A.23: PC scores for SG test data

For a more detailed example, consider Figure A.24. This shows the normalised data for the test zone UK:C2 (blue) compared against training data
zone UK:C1 (red), with the mean demand shown as a line and the 90% confidence limit shown as the shaded area. These zones are both classrooms,
located next to each other in the building, and it might be expected that
the demand profiles could be similar; certainly in a building energy simulation they would typically be assigned the same demand schedule. The
figure shows a comparison of the normalised data on the left, and on the
right there are plots illustrating the comparison between the scores for the
first 10 phase and amplitude PCs. There are clear differences in the data zone UK:C2 shows a much greater variability and the median peak is late in
the working day, around 6pm. By comparison zone UK:C1, included in the
training dataset, has much less variability in the data, a lower base load and
a noticeable drop in demand in the early afternoon. Considering the scores
on the right of the figure, the top plot shows the scores for the phase PCs
and immediately differences between the two zones are obvious. Whereas
the training zone UK:C1 has a large negative median score for PC X3, the
validation zone UK:C2 has a median score of around zero; conversely zone
UK:C1 has a positive median score for PC X6 whereas the value for UK:C2
is again close to zero. These scores for UK:C1 contribute significantly to the
dual peak observed for this zone: a negative score for PC X3 gives a late
peak whereas a positive score for PC 6 gives an early peak. In contrast, the
maximum PC contributions to the zone UK:C2 data are for PCs X1, X2
and X5; a positive score for PC X2 stretches the day, and on its own would
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bring the start of day earlier. However, the negative scores for PC X1 and
PC X5 shift the whole day later and give rise to the later day start and late
peak. There are also clear differences in the scores for the amplitude PCs.
The test zone UK:C2 has a high positive median score for PC Y1 - whereas
zone UK:C1 has a negative median score. This gives rise to the higher load
range for zone UK:C2 compared against zone UK:C1 observed in the data.
Similarly, the negative score for PC Y2 for the test data gives rise to a higher
median base load as observed. It is interesting to consider how these zones
are used. Zone UK:C1 is a larger space used for teaching classes, whereas
zone UK:C2 is used more as a study space; students typically attend classes
in UK:C1 and move into UK:C2 for individual study once the classes are
finished. This is also reflected in the demand (Figures 4 and 5).
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Figure A.24: Relation of PC scores to normalised data - comparison of zone UK:C1 against
zone UK:C2

Figure A.25 shows a comparison of the data and PC scores for test zones
SG:O1 and SG:O3. As mentioned above, zones SG:O1, SG:O2 and SG:O4
show quite similar scores, suggesting similar demand profiles, but the scores
for SG:O3 are a bit different. Looking first at the amplitude scores in the
bottom right plot of Figure A.25, SG:O3 has a near zero score for PC Y1
and a negative score for PC Y2, giving rise to a lower load range and a
higher base load than zone SG:O1; clearly observable in the data shown on
the right side of the figure. There is also a strongly negative score for PC
Y3, giving an early peak, and for PC Y8, which tends to give rise to higher
demand later in the day and is reinforced by the negative scores for PCs Y6
and Y7. By comparison, the median scores for SG:O1 are positive for the
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first 3 Y PCs, giving rise to a higher load range, lower base load and later
peaks. Considering the scores for the phase PCs in the top right plot, again
clear differences between the two zones are visible. The negative median
score for PC X1 for SG:O1 and positive for SG:O3 should give rise to a later
start time for SG:O1 and earlier for SG:O3. However, the positive median
score for SG:O1 for PC X3 brings the start time earlier again, resulting in
an overall stretching of the day relative to the mean. This is also achieved
by zone SG:O3 but in a different way: the negative median score for PC
X5 has the opposite effect to a positive score for PC X1, again resulting in
an overall stretching of the day. The net results are similar for both zones,
albeit achieved with a different combination of PC scores. This supports the
assertion that it is beneficial to include all PCs in the analysis rather than
using the fPCA to reduce the dimensionality.
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Figure A.25: Relation of PC scores to normalised data - comparison of SG zones SG:O1
and SG:O3
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