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ABSTRACT

Internal loads in a building are difficult to quantify
efficiently in a way which envelopes existing demand
yet permits estimation of the impact of changes in
building operation. The standard characterisation by
energy-use intensity and diversity profile is well
established; while quantification of energy-use
intensity is achievable using monitored data, there is
no standard approach for quantification of diversity
profiles. This paper investigates an efficient method
for the representation of the shape of the diversity
profile using a functional data analysis approach
together with electricity consumption data monitored
at a spatial resolution that permits correlation of
consumption with space use type. The approach has
been applied to a case study building and has been
shown to give a good agreement with monitored
electricity consumption data.

INTRODUCTION

In a typical dynamic building energy model internal
loads are characterized by user-defined energy use
intensity and diversity profiles per end-use (e.g.
lighting, plug loads, large appliances); these inputs
form the basis of a simple linear estimation of energy
use per time-step. It is well acknowledged that this
simple approach leads to large differences between
simulated and actual energy use (de Wilde, 2014) and
a recent study has explored the available alternative
methods for modelling internal loads, concentrating
specifically on small power demand or ‘plug loads’
(Ward et al, 2016). The defining feature of these
studies 1is the corroboration that a bottom-up
stochastic approach is necessary for the prediction of
certain key performance indicators such as the timing
of the daily peak and variation in daily electricity
demand.

A Dbroad difference across the recent modelling
methods proposed in the literature lies in their being
bottom-up or derived from aggregated top-down
electricity data. A bottom-up approach is the most
relevant if one wants to identify the sources and
timing of large and/or inefficient energy consumers
(Rysanek and Choudhary, 2015, Menezes et al,
2014). Yet, due to the large numbers and diversity of
devices used in buildings, such a model is time-
consuming, and may be potentially intractable and

difficult to verify. In contrast, a top-down data-
driven approach can be used to predict aggregated
internal load profiles of an entire building (Sun,
2014, Wang et al, 2015). This approach is more
efficient from a modelling perspective, but it cannot
be used to attribute energy use to particular devices
or areas of buildings (Ward et al, 2016).

In this paper, we propose an alternative method. An
in-depth  study of sub-metered electricity
consumption reveals that different functions within a
building not only have different energy use intensity
associated with them — a fact utilised in the National
Calculation Methodology (BRE, 2010) — but also
have different diversity profiles, reflecting the way in
which the space is used. Hence, it is possible to use
this data to categorize distinct spaces within a
building by their use, and assign to each distinct
space a functional ‘signature’, comprising its base
load, daily electricity peak demand and diversity
profile. This method is top-down in the sense of
being derived from sub-metered electricity
consumption data of a building, but facilitates
bottom-up stochastic simulation of the internal loads
in a more efficient manner (with fewer parameters
than a bottom-up model that assigns properties per
device). The novelty of the proposed model lies in
the definition of functional ‘signature’ per space. In
future versions, it may be possible to further reduce
the number of parameters needed in the model by
investigating potential spatio-temporal correlations
across different spaces in a building. The method
could also be used to disaggregate total metered
electricity consumption data by space or use within
other similar building.

The proposed methodology uses a Functional Data
Analysis technique. We illustrate it by using a
building that is sub-metered at a reasonably high
spatial resolution for electricity consumption, namely
the William Gates Building at Cambridge University,
UK (Rice et al, 2010, University of Cambridge,
2013). The following section describes the building,
its data, and shows how the data justifies the choice
of using Functional Data Analysis techniques.
Subsequent sections describe the methodology and
the model. Model outputs have been assessed against
its ability to predict a range of standard Key
Performance Indicators (KPIs): the peak hourly, daily
total and the timing of the peak hourly electricity



consumption. The discussion and conclusions
provide a critique of the approach in the light of its
potential use.

THE CASE STUDY

The William Gates Building, completed in 2001,
houses the Cambridge University Computing
Laboratory (Figure 1). It is constructed on 3 floors,
all having a similar layout as shown in Figure 2. The
building is sub-metered for plug loads and lighting
separately, with meters on each floor located in the
zones shown in figure 2. Different zones within the
building house different types of occupants (Table 1).
For example on the 2™ floor, the East zone houses
primarily graduate students, whereas on the ground
floor the same area houses primarily administrative
staff. This facilitates analysis of the correlation
between plug loads and the type of user for these
zones.
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Figure 2: William Gates Building floor plan

Table 1: William Gates building, zone use types

Floor
Zone Ground First Second
East Admin Student Student
South-East Mixed Use Mixed Use Mixed Use
South-West Canteen Classroom Classroom
West Classroom - -
(Lecture Theatre)
North-West Admin Meeting Classroom
Space
North-East Admin Student Student

Figure 3 illustrates the mean hourly electricity
consumption for a selection of zones of different
type, taken over all days in the academic year 2013-
2014. It is clear that each zone is not only different
in terms of the mean base load and mean peak load,
but also in the profile shape.
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Figure 3: Mean hourly electricity consumption profiles of

selected zones

Figure 4 shows the diversity profiles extracted from
these mean curves; in calculating the diversity, the
base load has been subtracted from the consumption
before calculation, emphasizing the independence of
the base load from the peak load. Note this is
different from the traditional definition of diversity,
typically calculated as the measured energy density at
a certain time step divided by the peak measured
energy (Wilkins and Hosni, 2011).
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Figure 4: Diversity profiles of electricity use per space type

Note in figure 4 that the Student and Administrative
zones both have a distinct shape. On the other hand,
the shape of the diversity profile is highly variable
from one Classroom to another, and is strongly
linked to the classroom timetable.

THE METHODOLOGY

The nature of the data lends itself to Functional Data
Analysis (FDA), and in particular Functional
Principal Component Analysis (FPCA). FDA is a
collection of statistical techniques for investigation of
the sources of variation between curves; FPCA is a
means to explore the features characterising typical
functions. The theory is detailed in depth in the
seminal work by Ramsay and Silverman (2005), and
MATLAB and R code tools for FDA are provided on
the FDA website (Ramsay, 2013). In this method, a
finite set of measurement data for i samples, yi;, yi

. are converted to a continuous function, x;(z) that
may be calculated for any value of the argument, ¢,
using an appropriate series summation and
smoothing approach for the data under consideration.




Having derived the functions, FPCA proceeds along
similar lines to principal component analysis of
multivariate data, in which eigenvalues of the
bivariate variance-covariance function indicate the
importance of each principal component.

By using FDA and FPCA, the diversity profile for
each use type may be expressed as a linear
combination of the mean diversity profile and the
functional principal components which represent the
dominant modes of variation from the mean, in the
following manner:

N
D; =ﬂ+zai,j”i,j (1)
=

i.e. the diversity profile, D;, for use type i, is a sum of
the mean diversity profile, #, and the N principal
components, v;;, multiplied by the coefficients or
‘scores’, a;;. It is possible therefore to explore the
contribution of each dominant mode to different
diversity profiles.

In the analysis described here, the aim was to explore
whether a single set of functional principal
components (hereafter simply termed principal
components) could be extracted that describe all the
spaces within a building. The scores of principal
components would be then used to generate
stochastic diversity profiles per zone type. The
analysis of the William Gates building data is
described in detail below, and follows these steps:

1. Daily diversity profiles are extracted from the
monitored electricity consumption data

2. A series of basis functions to be used to fit
curves to the diversity data are defined. Given
the periodicity of the data, a Fourier series is
appropriate

3. Curves are fitted to the daily diversity profiles
and the optimum number of basis functions, i.e.
the number of terms in the Fourier series that
provide the best fit over the range of data, is
identified

4. Principal components, eigenvectors v;; that
describe the variation from the mean, x, are
extracted

5. The orthogonal axis system 1is rotated if
necessary and the principal components under
the new axis system are identified

6. ‘Scores’, a;; i.e. the coefficients of the N
principal components under the new axis system,
are extracted, for each zone for each day.

As detailed in the next section, each daily diversity
profile corresponds to a different set of principal
component scores; however, the range of observed
scores is similar for a particular zone type. Hence, it
is possible to define a probability distribution for
each principal component score per zone. By
sampling from each score according to the assigned

probability distribution, the range of probable daily
profiles can be extracted. The probability
distributions have then been used in conjunction with
probability distributions of peak daily power demand
and base load derived from the monitored data in a
Monte Carlo simulation to generate a series of
possible daily power demand profiles for each use

type.
MODEL DEVELOPMENT

Data Analysis

As an initial study, term-time weekday data for the
academic year 2013-2014 were extracted for 4 zones
of differing types as follows:

E2 Student office

EG Administrative office

SW2 Classroom

SE2 Mixed administrative/student office

Four zones only were selected as the training data set
in order to facilitate examination of the applicability
of results from one zone to other zones of the same
type within the same building. Term-time weekday
data were used as the weekend profile is significantly
different from weekday and potentially requires a
separate analysis; vacation weekday data has been
excluded for similar reasons.

Figure 5 shows the daily diversity profiles extracted
for each weekday in this set. The data are quite
‘spiky’, particularly the classroom data which exhibit
the highest variability.
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Figure 5: Diversity profiles for term-time weekdays

A Fourier basis has been used to fit functions to the
data sample. The Generalised Cross Validation
(GCV) score — a measure of the goodness of fit
(Craven and Wahba, 1979) - indicates that an
expansion of 8 terms gives optimum fit i.e. lowest
mean GCV score over the range of the data. Figure 6
shows the GCV score for the 4 zones for the 8-term
Fourier expansion; note that the mean GCV score is
lowest for the Student zone, E2, and highest for the
Classroom, SW2. This reflects the higher variation
in the Classroom daily diversity.
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Figure 6: Generalised cross-validation score

Figure 7 illustrates the curves fitted to the diversity
profile data using an 8-term Fourier series. As can be
seen, the salient features of each curve are captured
reasonably well, and the ‘spikiness’ has been
smoothed. For the data that exhibits a higher degree
of hourly variation, particularly the Classroom zone,
SW2, the smoothing process means that some peaks
are not captured well. This is illustrated for a sample
day in Figure 8; while the trend is represented by the
fitted curve, the peaks, particularly the early peak at
midday, are not captured as well.
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Figure 7: Fitted diversity profiles (basis 8 Fourier Series)
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Figure 8: Fitted diversity profile, SW2 (Classroom)

Extraction of Principal Components

The next question is whether all 8 terms in the
Fourier series expansion are required to capture fully
the important features of the variability of the data
between days and zones. To explore this, the mean
and functional principal components of the data have
been extracted.  Figure 9 shows in blue the
proportion of variation in the data attributable to each
of the 8 principal components. The first 3 principal
components account for 84% of the variation.
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Figure 9: Fraction of variability attributable to each
principal component

At this point it is useful to rotate the orthogonal axes
of the basis system and to derive a new set of
principal components under the new axis system.
The primary reason for doing this is to ensure that the
fundamental modes of variation from the mean
diversity profile are indeed being identified (see
equation 1 for the definition of ‘modes of variation”).
If modes of variation exist with similar eigenvalues,
the principal components derived under the initial,
unrotated, analysis are likely to be ‘mixed modes’ - a
combination of the fundamental modes — which may
not provide an intuitively meaningful description of
the original data (Richman, 1985). Additionally, if
the modes are mixed, separate analyses of different
subsets of the data may lead to different sets of
principal components, and in our case this may
obscure the underlying variation between different
use types. Rotating the axis system is helpful as it
maximises the separation between fundamental
modes of variation; here a VARIMAX rotation
(Kaiser, 1958) has been used.

Figure 9 shows in red the impact of rotating the axis
system on the first 6 principal components,
accounting for 98% of the variation in the data; now
the first 4 principal components are more similar in
impact to each other and account for 84% of the
variation.

Figure 10 illustrates the mean diversity profile over
all zones together with the first 3 rotated principal
components. The plots show the impact of adding
(+) or subtracting (-) a small amount of each
principal component from the mean (solid line). This
explains the impact of the different principal
components on the shape of the diversity profile, as
follows:

PC1 Associated with a difference at the end of the
working day; a high score (+) indicates that
the power demand drops earlier than the
mean. A low score (-) indicates that the main
peak and drop in power demand are later in
the day than the mean and there is a smaller
peak earlier in the day

PC2 Associated primarily with an earlier peak than
the mean; a high score (+) indicates that the
peak occurs earlier in the day than the mean



PC3 A high score (+) reinforces the peak observed
in the mean profile at 4pm.

Principal components 4 — 6 (not shown) affect the
profile as follows:

PC4 Opposite to PC1, this PC affects the onset of
power demand; a high score indicates an
earlier start to the working day

PC5 Affects the power demand at night time after
8pm, a high score indicates a higher base load

PC6 Affects the power demand in the morning
before 8am, a high score indicates a higher
base load.
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Figure 10: First 3 Principal Components (rotated axis
system)

The ideal is that the modes of variation indicated by
the principal components should be related to some
recognisable characteristic of the diversity profile;
this makes the principal component vectors, and
hence the scores, intuitively meaningful.  The
purpose of this process is to capture the essential
differences between the diversity profiles for
different use types; if this difference is quantifiable
there should be a distinction between the scores, or
a;; values, for the N principal components for the

different zone types. Table 2 gives the mean and the
standard deviation of the scores over all days for each
zone type with the highest score value in bold for
clarity. For the Student zone, E2, the score is
strongly negative for the first principal component,
and also —ve for component 2 and +ve for component
5, implying a reduction in diversity later in the day
than average, and a higher than average power
demand at night after 8pm; this is in line with the
diversity profiles shown in Figure 4.

By comparison, component 1 is positive for the
Admin zone, EG. So also is component 4 and these
two together yield a shift in the profile to earlier in
the day relative to the mean, again corroborated by
Figure 4. The mixed-use zone is occupied by a mix
of administrative staff and graduate students and the
mean scores reflect the mix, albeit being more similar
to the Student zone E2 than the Admin zone EG.

Table 2: Mean and standard deviation of principal
component scores

Sw2
(Classroom)

029 |-0.55 |-0.35 |[-0.31 |-0.03 |[0.02
0.40 034 1054 |0.31 0.32 0.23

Zone Principal Component
1 2 3 4 5 6

E2 p [-0.37 |-0.18 |[0.21 -0.04 |0.22 -0.03
(Student) o [0.23 0.15 0.09 0.21 0.21 0.08
EG p 10.30 0.14 -0.03 |0.33 -0.17 |0.00
(Admin) g 1022 0.18 0.32 0.30 0.11 0.16
SE2 p [-0.22 10.23 0.17 0.02 -0.02 |0.01
(Mixed) g 1025 0.15 0.15 0.24 0.20 0.14

n

4

For the Classroom zone, SW2, significant scores are
observed for all of the first 4 components reflecting
the variability of the Classroom diversity profile.

It further helps to visualise the differences by plotting
the scores, a;; for each day in principal component
space as shown in Figure 11 for PCs 1-4, the
components that provide the greatest differentiation
between the zones. Figure 11(a) shows PCs 1-2 and
there is a clear difference between the scores for the
Classroom (green), the Student (blue) and the Admin
(red) zones. As expected, the scores for the Mixed
zone, SE2 (open circles), are similar to the Student
zone (blue), but are shifted towards the Admin zone
(red), reflecting the mixed occupancy of the space.
Figure 11(b) shows the scores for PCs 3 and 4, where
again there is a clear difference between the Student
zone, which exhibits a small variation in PC3, and
the Admin and Classroom zones, which exhibit a
much wider variation. The wide range of scores
across all principal components for the Classroom
zone, SW2, reflects the high level of variability in the
Classroom diversity profile.



0.6

* E2(Student)
* EG (Admin)
o SE2 (Mixed)
* SW2 (Classroom)

0.4f

0.2

-0.2r-

PC2

-0.4f
—0.6F
-0.81

-1+ e

-1.2r

14 L i L L i
-1 -0.5 0 0.5 1 1.5
PC1

(a) Scores for principal components 1-2

* E2 (Student)
* EG (Admin)
o SE2 (Mixed)
* SW2 (Classroom)

0.8

0.6

0.4r Jee

0.2

-0.2r-

-0.4f

-0.61

-0.81

-1
-1.5 -1 -0.5 0 0.5 1

(b) Scores for principal components 3-4

Figure 11: Principal component scores across all use
types, term-time weekdays

Generation of stochastic load profile

Having analysed the data and extracted the principal
components, the next task is to calculate the
probability distribution associated with each score,
and also with the minimum and maximum daily
power demand values, for each use type.

The peak daily demand and base load not only vary
by zone but also vary by term as shown in Figure 12
for terms T1 — T3 (corresponding to Autumn, Spring
and Easter terms in the academic year 2013-2014) for
the Admin zone, EG, but similar for all zones. This
necessitates separate probability distributions to be
calculated for the base load and the peak load for
each term.
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Figure 12: Base load and peak daily power demand by
term for zone EG (Admin)

As an initial approach it has been assumed that each
parameter can be simulated as a normal distribution,

fitted to the monitored data for the base load and
peak load, and fitted to the score for each functional
principal component. A Monte-Carlo simulation has
then been performed, sampling the functional
principal component scores and hence the range of
daily diversity profiles for each zone type, and
sampling the peak daily power demand and base load
probability distributions for each zone/term to
generate daily profiles of power demand applicable
to each zone for each term.
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Figure 13: Hourly power demand profiles for zone EG
(Admin)

Figure 13 shows a sample of 500 possible hourly
power demand profiles derived using this process for
the Admin zone, EG, for each term.

Comparison of results against measured data

The sample daily power demand curves derived
using the methodology described above and
presented in Figure 13 appear plausible in the
magnitudes of the base and peak and the range of
diversity in the different zones. It is illuminating to
compare typical Key Parameters of Interest (KPIs)
derived from these curves against the monitored data
used as the training data set as a validation process.
The KPIs used here are the peak daily power demand
and the timing of the daily peak, of interest from the
viewpoint of the electricity tariff and peak load
management, and the total daily power demand,
typically used for quantifying associated heat gains.
The results are presented in Table 3. As can be seen,
agreement is good, particularly for the Student (E2),
Admin (EG) and Mixed (SE2) zones. Agreement for
the classroom zone, SW2 is not as close as for the
other zones, but this is not surprising as the diversity
for this zone is much more variable, and not all the
peaks are captured by the Fourier expansion (e.g.
Figure 8).



Table 3: Validation results

Tl T2 T3
Pred | Meas Pred | Meas Pred | Meas
Peak hourly power demand (W/m®)
E2 n 9.6 9.8 9.2 9.4 8.9 9.1
o 0.7 0.7 0.8 0.7 0.8 0.9
EG n 7.8 8.1 9.4 10.2 7.0 72
o 1.7 1.9 2.0 2.1 1.4 1.3
SE2 | 7.8 7.9 8.1 8.3 6.8 7.0
o 1.0 0.8 0.9 0.7 0.9 0.9
SW2 | u 4.9 5.8 44 5.6 3.0 3.8
o 1.5 1.6 1.3 1.4 1.4 2.0
Total daily power demand (Wh/m®)
E2 p| 167.0 166.0 151.4 149.5 153.1 152.4
o | 107 10.6 9.9 7.4 12.4 13.1
EG n| 1142 112.4 137.2 134.0 103.8 102.9
o| 214 19.2 17.7 9.8 14.7 10.2
SE2 n| 1232 121.8 130.5 129.9 106.0 105.1
o | 157 13.2 10.9 7.9 10.5 9.8
SW2 | n| 695 68.7 63.1 60.6 39.0 347
o| 105 9.3 12.5 10.2 12.4 4.7
Timing of the daily peak (hours)
E2 w| 158 159 16.3 16.3 15.1 15.1
o 1.6 1.6 1.5 1.2 1.6 1.3
EG p| 14.0 13.7 132 13.1 13.1 13.3
o 1.7 2.0 1.4 1.8 1.7 2.3
SE2 0 14.8 14.7 15.2 15.7 14.9 14.9
o 1.7 1.7 1.7 1.9 1.6 2.0
SW2 | u| 163 15.3 15.5 14.3 14.5 13.2
o 1.4 2.1 2.1 3.0 3.6 2.9

Of course the premise of this paper is that the
simulated diversity profiles can be used to represent
zones of similar use type; Table 4 illustrates an
example of this. Results for the timing of the daily
peak, the KPI most sensitive to the choice of
diversity profile, are compared for the NWG Admin
zone, data from which were not used as part of the
training data set for derivation of the diversity
profiles.  The four different use type diversity
profiles have been used in conjunction with base load
and peak hourly power demand distributions derived
from monitored data for the NWG zone. The results
are most similar to the monitored data when the
Admin zone (EG) profile is used, indicating that this
diversity profile is indeed the most applicable profile
to use for the NWG zone. The comparison could be
improved by calibration of the parameters using
monitored data.

Table 4: Peak timing for NWG (Admin) zone

T1 | T2 | T3
Timing of daily peak
NWG n 12.7 12.7 12.9
Monitored [ 3.6 2.7 3.1
NWG n 15.8 16.2 15.0
(E2 Model) 4 1.8 1.4 1.8
NWG n 14.0 13.4 13.2
(EG Model) 4 1.9 L5 1.9
NWG n 14.9 15.4 14.6
(SE2 Model) | o 2.0 1.7 1.7
NWG n 16.3 15.5 14.7
(SW2 Model) | o 1.3 2.3 3.0

DISCUSSION & CONCLUSIONS

This paper explored an efficient way of representing
plug-loads in buildings using Functional Data
Analysis techniques. An in-depth data analysis of
monitored electricity consumption data from a case
study building has highlighted the similarity in
diversity profiles between building zones with
similar types of users. The analysis demonstrated that
the distinction between zones is most significant
when the zones are predominantly occupied by the
same type of user; the Admin and Student zones
show quite different profiles from each other,
whereas the Mixed zone profiles are in between the
two. However, the nature of the Classroom diversity
profile is strongly affected by the classroom
timetable, as evidenced by Figure 4, and hence it is
more difficult to parameterise the classroom zones
succinctly.

The division of the zones by use type lends itself to
the parameterisation of daily power demand by base
load, peak load and hourly diversity per use type.
The base load and peak load can be extracted directly
from monitored data or taken from the literature in a
design situation. But few studies are done to
investigate variability in diversity profiles across
different use types; the existing approaches with the
diversity profiles are too simplistic and aggregated to
capture the variation in the timing of the daily peak
from one use type to another.

The FDA methodology used here results in a
parameterisation of the hourly diversity that consists
of a summation of the mean diversity profile and a
weighted sum of 6 principal components; the
coefficients or ‘scores’ of the principal components
are determined by the contribution of that principal
component to the diversity profile for that use type.
The principal components identified during this
analysis affect primarily the timing of the peak power
demand and the difference between the mean
working hour diversity and the peak value. For the
zones examined here not all principal components
have equal impact on the diversity and hence the key
parameters of interest; principal components 1 and 2
show the greatest differences across the use types.
The question remains as to whether this approach
could be used to generate simulated power demand
time histories for input into a building energy
simulation. The authors believe that the approach is
useful; the methodology has been shown to be
capable of producing results in good agreement with
the key parameters of interest considered here. The
parameterisation by base load, peak load and
diversity facilitates assimilation of monitored data
and updating as more data are acquired. The principal
components are easily interpretable when related to
the mean diversity profile and by sampling from the
probability distributions of the principal component
scores, stochastic diversity profiles may be
generated. Most significantly, the categorisation of
the zones by the type of use creates a bottom-up




approach which facilitates simulation of a change in
operation yet has a manageable number of tuneable
parameters.

The approach presented here has used a Monte Carlo
simulation on the probability distributions derived for
the principal component scores to predict sample
daily power demand curves. The suitability of this
approach will be explored in future studies and a
more in-depth exploration of the impact of additional
factors such as day of the week, month of the year
and the difference between term-time and vacation
time will be performed..

Further work will also address the application of the
approach used here to different end-uses, such as
lighting, and to different use types across a diverse
building portfolio incorporating the commercial
sector in addition to academic buildings. In this way,
the wider applicability of the principal components
identified here will be explored.
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