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Abstract

Characterising the inter-seasonal energy performance of buildings is a
useful tool for a business to understand what is normal for its portfolio of
premises and to detect anomalous patterns of energy demand. When adding
a new building to the portfolio, it will be useful to predict what will be
the likely energy use as part of on-going monitoring of the site. For a large
portfolio of buildings with, say, half-hourly energy use measurements (48 di-
mensions), analysis and prediction will require machine learning tools. Even
so, it is advantageous to minimise the amount of data and number of di-
mensions and features required to find useful patterns in the measurement
stream. Our aim is to devise a reduced feature set that can generate a sta-
tistically reasonable representation of daily electricity load profiles of retail
stores and small supermarkets. We then test if our method is sufficiently
accurate to predict and cluster measured patterns of demand. We propose
an automatic method to extract features such as times and average demands
from electricity load profiles. We used four regression models for prediction
and six clustering methods to compare with the results obtained using all of
the readings in the load profile. We found that the reduced feature set gave a
good representation of the load profile, with only small prediction and clus-
tering errors. The results are robust as prediction is supervised learning and
clustering is unsupervised. This simplified feature set is a concise way to rep-
resent profiles without using small variances of the demand that do not add
useful information to the overall picture. As modern sensor systems increase
the volume, availability, and immediacy of data, using reduced dimensional
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datasets will be key to extracting useful information from high-resolution
data streams.

Keywords: clustering, electricity demand, commercial, prediction, machine
learning, supermarket

Abbreviations

ANN Artificial neural networks

ED Euclidean distance

EDLP Electricity daily load profile

kNNR k-nearest neighbours regression

ML Machine learning

NP Normalised percentage difference with respect to the original EDLP
OLS Ordinary least of squares

SE Supermarkets using only electricity

SEG Supermarkets using electricity and gas

SVR Support vector regression

Symbols

e; electricity consumed (kWh) between the (¢ — 1)-th and i-th time interval
k number of EDLPs used for the prediction

p number of previous years used to predict the EDLP

sg off-peak time period in the EDLP

s1 time period of the off-peak to peak transition time in the EDLP

$o peak time period in the EDLP

s3 time period of the peak to off-peak transition time in the EDLP
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to first time interval of the EDLP where the slope of the off-peak/peak tran-
sition starts

t; first time interval of the EDLP where the main peak stabilises
to first time interval of the EDLP where the peak starts to decrease

t3 first time interval of the EDLP where the non-peak behaviour stabilises
after the peak

t to,t1, 1t and ty

y year used to compute the EDLP

D number of time intervals of the EDLP

B set of supermarket building characteristics used to predict the EDLP
L, EDLP of the supermarket s

S, S’ sets of new and existing supermarkets respectively

2-feat 1i(sq), ju(s2), m(sy), m(ss) and t

4-feat p(so), p(s2), m(sy) and m(ss)

8-feat u(sq), pu(s2), m(sy), m(s3) and ¢

i(s;) mean of the energy values that are in s;

m(s;) slope of the line that crosses the energy values that are in s;

1. Introduction

The aim of reducing greenhouse gas emissions is shared by most coun-
tries [1, 2] with the UK aiming at greenhouse neutrality by 2050 [3]. As energy
use in buildings across the EU accounts for more than 30% of final energy
demand [4], cutting and time-shifting energy demand of all types of buildings
(residential, commercial, services and industrial) are needed to achieve these
targets. Residential buildings have received much attention [5, 6, 7], whilst
commercial and industrial buildings less so due to the lack of open data-sets
and their heterogeneity [8, 9].
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The total energy demand and the temporal profile are useful performance
indicators for buildings estate management, investment decisions, site acqui-
sitions, and improvement programmes. Knowing the expected demand of a
store establishes a baseline for: 1) planning annual energy budgets for the
portfolio of stores, 2) negotiating energy supply contracts, and 3) detecting
stores with abnormal or anomalous usage. Inevitably there are differences
between stores, with the key being understanding the variability and what
is acceptable usage for any store. Grouping the stores based on common
demand patterns reveals existing distinct behaviours in the store portfo-
lio [10, 11, 12, 13]. This informs which measures might be more effective or
cost-efficient for each group, and identifies stores whose demand patterns do
not match any of the discovered groups (anomalous behaviour).

In general, clustering techniques are unsupervised machine learning algo-
rithms that divide data-sets into groups (clusters) without a priori informa-
tion [14, 11]. Both prediction and clustering of energy demand is commonly
performed over electricity daily profiles (EDLP), which are a concise, infor-
mative, and intuitive way to represent, analyse and visualise the electricity
demand of any source [11, 12]. EDLPs are data representations for which
the electricity demand during a day is computed with a temporal granularity,
D. This temporal resolution indicates the number of points (demand values)
that formed the profile, e.g. if D = 24 each demand value is the hourly
demand. A disadvantage of using full EDLPs is the so-called “curse of di-
mensionality” [15], meaning that some machine learning (ML) algorithms
can have temporal and memory issues when working with high-dimensional
data-sets. By the same token, too few data points for training the algorithms
risk over-fitting the model.

We propose representing EDLPs using only a small set of characteristic
features (dimensional reduction) that are automatically extracted from the
profile instead of using the D-dimensional daily profile. We separately in-
vestigate both predicting and clustering the EDLPs using only the extracted
features. New supermarkets profiles are predicted using the historical de-
mand of other stores. Four different ML regression algorithms are imple-
mented to predict EDLPs over a data-set of 213 supermarkets during a six
year period. Experiments in clustering EDLPs are performed using six dif-
ferent algorithms over the supermarket data-set and a data-set of 641 retail
stores, independently. Both data-sets are real data obtained from smart me-
ters. Based on the proposed extracted features and these two ML problems,
the questions that we try to answer are:
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e How accurately can D-dimensional EDLPs be represented using a small
set of features?

e Using only this set of features is it possible to predict future EDLPs
of new stores with different ML methods, as accurately as when using
the whole EDLP?

e Using only this set of feature is it possible to cluster the electricity
demand as accurately as when using the whole EDLP?

e [s it possible to extend and generalise this representation over other
commercial data-sets that have other temporal resolution?

The paper is structured in the following way. We review the literature for
ML related to energy analytics is in Section 2. In Section 3 we explain the pre-
processing of the real-world data-sets and the computational experiments.
The results obtained for these experiments and discussion about them are in
Section 4. Finally, we draw conclusions and propose future work in Section 5.

2. Literature review

Predicting electricity demand of buildings (regardless of type) can be di-
vided into two basic approaches: model-driven and data-based. The model-
driven approach uses sophisticated high-resolution engineering methods based
on the thermal, energy, and architectural features of the building to simu-
late its energy demand. In data-driven approaches, the energy performance
of the building is directly modelled with numerical and statistical methods.
There are extensive reviews on methods to predict, model and benchmark
energy use in buildings [16, 17, 18, 19, 20, 21]. A possible classification of the
data-driven techniques used to predict energy demand [20, 21] is: 1) conven-
tional statistical techniques, 2) classification-based models, 3) support vector
regression (SVR) model, 4) artificial neural networks (ANN), 5) genetic algo-
rithms, 6) grey models, 7) fuzzy model and 8) other models (e.g. case-based
reasoning). Our study exploits the first four classes of techniques, and we
focus our review on the prediction of demand in commercial buildings and
supermarkets.

Conventional statistical techniques include change-point algorithms and
linear regression models such as autoregressive models and ordinary least
squares (OLS). Autoregressive models have been used to predict short-term
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heat load for a single building [22] and, in combination with ANN, used
to predict the annual electricity consumption of 787 education facilities in
South Korea over a period of seven years [23]. Schrock and Clarige [24] used
a change-point algorithm and a year of 15-min electricity readings of one
grocery store to predict hourly and daily consumption. Linear regression
has been applied to the prediction of 1-h heat load profiles of 116 buildings
(health, education, business, and hotels) over three years [25]. The same
linear models have also been used on data from 215 UK large supermarkets
to estimate the total annual electricity demand [26], and by [27] to estimate
annual energy-use intensity for UK 30 supermarkets using building features
such as floor area and building age and the number of customers. In the
context of climate change adaption [28] exploited temperature and humidity
values to predict weekly electricity and gas demand for a single supermarket
for the period 2030-2059 using multiple linear regression analysis.

(Classification-based models include algorithms that were extended to per-
form regression. The k-nearest neighbour regression (kNNR) algorithm was
used to forecast the next day consumption of 6,000 domestic Irish build-
ings in [29], and for the hourly air conditioning load of an office building in
China [30]. Random forest (set of decision trees) and ANN (separately) were
used to predict hourly HVAC loads of a Spanish hotel [31] over a period of 15
months. Similarly, decision trees, ANN and linear regression are compared
to predict weekly electricity consumption of 1200 dwellings during the winter
and summer of one year [32].

ANN has been used to predict the energy demand in 17 studies from 1996-
2015 [19]. Short-term electricity demand of a commercial building complex
using 15-min resolution data was predicted using ANN in [33]. Daily diurnal
cooling load is forecasted for three university buildings with ANN in [34],
using data recorded over two years. Both ANN and SVR were compared
when predicting hourly cooling load in an office building in China [35] and
hourly energy consumption of an office building in Shanghai [36]. Electric-
ity consumed by the HVAC and refrigeration systems of one supermarket is
predicted using ANN [37]. ANN, Gaussian process regression, linear regres-
sion and dynamic mode decomposition are compared in the prediction of 1-h
weekday profiles of a commercial building [38]. Lastly, deep learning models
(large neural-networks) have been also explored for this problem, however
they need large data-sets to estimate the model parameters. For example,
Hafeez et al. [39] used deep learning for short-term load forecasting over three
power-grids with hourly resolution. A deep learning network and a genetic
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algorithm were combined to predict the 1-h daily profile in an office building
over one year [40]. This work applies the clustering of daily weather profile
before predicting the demand.

Support Vector regression (SVR) models were used by Dong et al. [41] to
predict monthly energy consumption of four commercial buildings in Singa-
pore. Models based on SVR have also been used to predict the energy load
(hours to days) of a French residential building [42]. SVR and six other tech-
niques was also investigated by [43] to predict next-hour residential building
electricity consumption for three houses. Jain et al. [44] examine the impact
of temporal (e.g. daily, hourly, 10 min intervals) and spatial (e.g. , whole
building, by floor, by unit) granularity to short-term prediction. Experi-
ments were performed using SVR over data from a multi-family residential
building in the USA. Granell et al. [13] compared four techniques, kNNR, or-
dinary least of squares linear regression, ANN, and SVR in predicting whole
EDLPs of new supermarkets using data from a portfolio of 213 UK super-
markets with readings spanning six years.

From this range of techniques we can conclude that there is no con-
sensus about the superiority of a specific technique. Studies that compare
several techniques usually report marginally differences in the prediction re-
sults e.g. [30, 32, 13, 43], or contradictory results e.g. ANN over-performs
SVR [36] and vice-versa [35]. These results support our selection of four dif-
ferent types of predictors to address our problem. In addition, our prediction
work addresses some of the areas that have received less attention. First, re-
tail is clearly under-represented in the literature. For example, according to
reviews by Chung [16] and Li et al. [21] only 22% and 33%, respectively, of
investigations were about consumption in commercial buildings, and fewer
still in other studies [17, 18]. Particularly notable is the severe lack of work
in the literature on predicting energy use by supermarkets. There are differ-
ences between patterns of energy demand in commercial and retail premises,
but also similarities in niche sectors [8]. Secondly, the prediction of daily pro-
files [39, 25, 13, 40] is not common, most of the long-term prediction studies
use weekly, monthly, or annual demand. Thirdly, prediction experiments
using retail data-sets with a size that can be considered representative (hun-
dreds of buildings) are also infrequent. Finally, predicting the future demand
of new buildings for a long period of time (more than three or four years) is
a highly unusual approach; most studies predict the future demand for the
study building and they usually do not use several years of continuous data.

Reviews of clustering methods applied over electrical data can be found

7
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in [11, 12, 10]. Most studies have used residential data-sets, but some work
clustering electricity profiles of commercial and industrial customers has been
completed. For example, 292 Greek industrial and service customers are
clustered using a two-stage ML algorithm [45]. Wavelet decomposition was
used [46] to select significant features to describe the hourly load profiles
of 9,092 Danish industrial and commercial loads for two-week data. Later,
they applied clustering using the k-means algorithms over these features.
In [47] they investigate several clustering techniques such as k-means and
hierarchical algorithms to cluster 234 non-residential customers, and a data
set of 1,877 UK business from the entertainment sector was used to perform
clustering with a Dirichlet process mixture model [48].

A recent review of dimensional reduction techniques appears in [10]. Di-
mensional reduction has been attempted for electricity demand modelling
and clustering [46], and for symbolic aggregate approximation with hier-
archical clustering [49]. Representing the data with principal component
analysis, the curvilinear component analysis, and the Sammon map are in-
vestigated by [47]. The effect of the time resolution when clustering domestic
EDLPs [50] was investigated by averaging over regular intervals instead of
extracting key features based on the specific shape of the retail EDLP as we
do here. Residential demand profiles have been characterised and clustered
with a set of five points that match the peaks [51].

3. Methods

First we describe the data-sets used to perform the experiments. Sec-
ondly, the features to represent the EDLP and methods to extract them are
explained. Thirdly, we describe the prediction algorithms, evaluators, and
experiments. Finally, clustering algorithms and evaluators are defined.

3.1. The data-sets

Two data-sets are used to perform the experiments. The first comprises
1-h resolution electricity meter readings (kWh) from 213 UK supermarkets
of the same chain for the period 2012-17. The detail of the meta-data fea-
tures available of each supermarket are described elsewhere [13], but are
summarised as: floor area subdivided into eight categories (e.g. chilled, pro-
duce, storage), geographical location, daily average external temperature,
and electricity consumption. There are 129 supermarkets that use electricity
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and gas (SEG) and 84 supermarkets that use only electricity (SE). The sec-
ond data-set comprises 663 UK retail stores (single company) with electricity
meter readings at 0.5-h resolution acquired between April 2013 and October
2014. In this case, the only meta-data fields are the address and outlet type
category that summarise the location of the store (e.g. arterial route, high
street retail park, shopping centre).

For both data-sets an analytic filtering pre-process removes anomalous
readings with zero or negative values, accounting for less than 0.8% of the
data. In addition, stores with less than the equivalent of half a month of
data (360 and 720 readings for the supermarket and retail store data-sets
respectively) are removed: For the retail store data-set this was 22 shops
leaving 641 stores for analysis, whilst for the supermarkets it varied from
year-to-year [13].

3.2. Features extraction to represent the EDLP of supermarkets

Like most retailers, the supermarkets have a fixed daily schedule: they
usually open in the morning to close later in the evening [52]. Based on
these schedules, the electricity consumption patterns are quite similar to each
other with a typical inverted-U shape. Figure 1 shows the daily profiles, for
different seasons, of four different supermarkets and retail stores from our
data-sets. These eight EDLPs show similar patterns characterising the peak
and off-peak periods, however, they exhibit variability during these periods.
Energy demand by supermarkets are greater than that of retail stores.

Based on these behaviours we can define four time periods in which im-
portant changes occur (Figure 2):

to indicates the first time interval of the EDLP where the slope of the off-
peak /peak transition starts.

t1 is the first time interval of the EDLP the main peak stabilises.
to is the first time interval of the EDLP the peak starts to decrease.

t3 is the first time interval of the EDLP where the non-peak behaviour sta-
bilises after the peak.

These periods follow the conditions that ¢; € [0,D — 1],0 < i < 3 and
t; <ti11,0 <17 < 2. In the example given in Figure 2 their value are: ¢y = 6,
ty =9, t, = 15 and t3 = 21, corresponding to 6.00am, 9.00am, 3.00pm and
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Figure 1: Example Winter and Summer daily profiles of four different supermarkets (Sup)
and retail stores (Pho).

9.00pm, respectively. By defining the vector grouping the four time features
as t = {to, t1, 19, t3}, we can divide the EDLP into four intervals using:

off-peak time period in which the supermarket is closed and the demand
is a stable baseload of refrigeration, as HVAC and lighting should
be switched-off or to minimum power. Formally, it is so = [0,ty —
1[U[ts, D — 1] e.g. horizontal green lines in Figure 2.

off-peak to peak transition short period occurring a little before the store
is opened to customers when the HVAC, lighting, and other services
ramp to their peak values. Formally, it is s; = [to—1, 1] e.g. horizontal
yellow line in Figure 2.

peak period in which the demand is constantly high as the supermarket is
open. The appliance power consumption is usually stable, but short-
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term variability may occur (see EDLPs of Figure 1). Formally, it is
Sg = [t1,t2 — 1] e.g. horizontal pink line in Figure 2.

peak to off-peak transition short period following the closure of the store
to customers, but staff may still be present. Modern appliances should
not have a very long temporal lag for reducing their demand when they
are switched-off. Formally, it is s3 = [ty — 1,t3] e.g. horizontal grey
line in Figure 2.

Given any interval of time s = [t,t'] with ¢’ > ¢, we define two generic
operators: 1) p(s) as the mean of the energy values from time ¢ to ¢,
e pu(s) = Zflzt e;/(t' —t+ 1) and 2) m(s) is the slope of the line that
crosses the points (t,¢e;) and (¥, ey ), i.e. m(s) = (ey —e;)/(t' — ).

We can describe the profile using eight features: the four time periods
of the events (%), consumption of the off-peak and peak periods (y(so) and
i(s2)), and the slopes of the transitions (m(s;) and m(s3)). The demand
values of p(sg) and p(sy) are the average during all the values of the off-peak
and peak respectively, and they are a linear approximation of the demand
during these time intervals. Values of m(s;) is the rate of demand increasing
by hour when moving from off-peak to peak period (this value is always
positive as demand increases during this period.). The value of m(s3) is
always negative as the demand decreases during the peak/off-peak transition
interval. Given these eight features, the estimated profile ¢/ = {e}, ..., ¢e/,_,}
can be reconstructed using Euclidean geometry:

e Off-peak values are equal to pu(so):, €, = (s0),0 < i <ty and t3 <1i <
D

e Values of the off-peak/peak transition are computed with the linear
equation y = x * m(sy) + b where independent term b is computed
/

by substituting the equation with the data point (to — 1, u(so)): €; =
i*m<81> +b,t0 <1 < t.

e Peak values are equal to pu(s2): €, = p(sa),t1 < i < to.

e Values of the peak/off-peak transition are calculated with the linear
equation y = x x m(s3) + b where term b’ is computed by substituting
equation with the data point (to—1, p(s2): €} = ixm(s3)+V,ty < i < t3.

11
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As an example, Figure 2 shows a reconstructed profile (red lines) obtained
using the eight selected features and a real profile (black line) of a supermar-
ket EDLP. The off-peak demand is estimated well, likewise the central part
of the peak demand. However, the beginning of the peak demand is underes-
timated and the end is overestimated. The discrepancy (error) between the
reconstructed profile (¢/ = {e},...,e},_,}) and the real values of the profile
(€= {eo,...,ep_1}) is quantified using evaluators:

Euclidean Distance (ED) in which discrepancies between the EDLPs ab-
solute values are accumulated (in kWh),

Normalised Percentage (NP) difference with respect to the original EDLP
(NP) computes the relative distance considering the proportion of the
error with respect to the total consumption of the original profile,

100 * 21,:)1 le; — e
D—1
Di—o i

The ED and the NP between the modelled and real EDLPs of Figure 2 are
15.8 kWh and 3.9% respectively. The evaluators ED and NP are extended
over the whole data-set using the average ED and NP respectively for all
stores.

As the whole feature set can be obtained directly with the time period
vector ¢, they can be automatically computed searching using the objective
function to minimise the error:

(2)

t = argmin(Ev(€, €/7)) (3)
t

where ¢/ #1s the reconstructed profile using t. and Ev is an evaluator computed
over the two EDLPs. For evaluator Ev, we use the ED. A brute-force search
method in which all possible values of ¢ are explored to find the optimal
solution ¢ as it is restricted search. For the example (Figure 2) the set of
features obtained using this objective-function method are ¢ = (6,9,15,21),
w(so) = 32.0 kWh, pu(s2) = 100.0 kWh, m(s;) = 16.2 kWh/h and m(s3) =
—9.2 kWh/h. The utility of this approach needs to be demonstrated for
problems such as prediction and clustering.
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Figure 2: Modelled profile based on the eight proposed features (red line) and real profile
(black line).

3.3. Computational prediction experiments

Experiments are performed using only the extracted features to predict
electricity demand of new supermarkets. The EDLP of a new supermarket
Ly = eg,...,ep_1 for a year y is predicted based on historical profiles of
existing supermarkets S” and the supermarket building characteristics B. L,
is the EDLP of the new supermarket s, e; is the electricity consumed (kWh)
between the (i — 1)-th and i-th time interval, D is the number of intervals, S
and S" are the set of new and existing historical supermarkets, respectively
(SNS" = 0). The set of store characteristics B is the set of available informa-
tion about the supermarket building such as the floor area divided by usage
and the supermarket geographical location. Therefore, we train a regression
ML algorithm with all the supermarkets of S” where the independent vari-
ables (input) are the store characteristics B and the dependent variable to
predict (output) is e;, 0 <i < D.
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303 As we do not know which store characteristics B use nor how many stores
3¢k to select to train the ML model, the best combination of (k, B) is searched
s using Equation 4.

(k, B) = argmin » Ev(Ls, L(k, B))) (4)

k,B seS

36 where S is the set of new supermarkets, L, is the real EDLP of supermarket
w7 8, Ls(k, B) is the predicted energy profile when using parameters (k, B) and
28 Ev(Lg, L (k, B)) is the evaluator that measures the error between the pre-
30 dicted and real profile. As Ev we use the average Euclidean distance over all
w0 the real and predicted stores:

ZSES EDS (5)

ED =
|51

w1 where F Dy is the ED computed over the real and predicted EDLPs of the

w02 supermarket s.

403 Four different ML algorithms are investigated:kNNR [14], ANN [14], SVR [53],
a4 and OLS [54]

405 We only use the extracted features to represent the ELDP i.e. these fea-

ws tures are predicted using as input the store characteristics B instead of pre-

w7 dicting the whole profile. The diagram of Figure 3 illustrates the steps of the

w8 experimental set-up:

409 1. The eight features of each supermarket (£, u(so), u(s2), m(s;) and
410 m(s3)) are computed.

a1 2. These features are predicted independently for each supermarket s’
a12 using the regression model using as input the store features (B.). That
a13 is, for each supermarket s’, the eight features of the EDLP of year y
a1 are predicted with the regression algorithm. This ML model is trained
415 with the features extracted of the EDLP computed in previous years
416 y — t of the stores of the set S — {s'}.

a7 3. The profile of the predicted store is reconstructed with the eight pre-
418 dicted features of the store (#, /(so), i (s2), m'(s1) and m/(s3)). The
410 evaluators are computed between this reconstructed profile and the
420 original profile of the test supermarket (s).

421 4. Parameter search (k, B) is performed and final error is computed over
422 the best parameter combination (lAc, f)’) that minimizes Equation 4.
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Figure 3: Logical flow of the prediction experiments using the features to represent the
profiles.

The two essential points of this experimental set-up are 1) the ML algo-
rithm predicts the summarised features of the profile, and 2) the evaluation
is performed comparing the reconstructed profile using the predicted features
with the real profile to predict (not with the reconstructed profile over the
real features). Due to the second point it is feasible to compare the results
obtained with these experiments with the results obtained when predicting
the whole profile. As the values of ¢ are integer numbers, the closest integer
is selected to the value returned by the regression model.

Fewer than 30 supermarkets are opened each year and we assume that
each is opened within year y. The historical EDLPs of the other [S| — 1
supermarkets are used to predict the EDLPs of the new ones, improving the
robustness of the experiments. The leaving-one-out technique [14] uses all
the data points — except the one being estimated — as predictors (repeated
|S| times) to compute the EDLP of the new one for year y.

Experiments are carried out separately over EDLPs of the supermarkets
computed for 2013-2017, seasons (Winter, Summer and Spring/Autumn),
and SE/SEG sets [13]. We employ the brute-force approach (Equation 4) to
search all parameter combinations (k, B). The maximum number of combi-
nations, for each season is (2/1—1)x(|S|—1) = (2" —1)(129—1) = 262, 016.
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For ANN and SVR (temporally more complex) we used stepwise regres-
sion [14] with the whole feature set B (using all the supermarkets, k = |5]).
For the ANN, we use a logistic function as an activation function, over a two
internal layer net, i.e. the configuration of the network is |B|-4-2-1, where
| B| is the number of features. The function neuralnet of the R language [55]
is used with the default parameters, i.e. the resilient backpropagation algo-
rithm with 10° maximum steps for the net training. For SVR, we used a
radial basis kernel function to model the non-linearly. The function svm of
the R language [56] is used with default parameters. The parameters of the
ML methods are the same that were used in [13] to enable comparison with
previous work. Both R scripts were invoked for each one of the computing
experiment from the generic C++ code.

3.4. Clustering experiments

Clustering experiments group all the available EDLPs computed dur-
ing a specific year for each data-set independently. The result depend on
both the algorithm and the way the data is represented. Our aim is to
compare clustering results—not algorithm performance—with the two data
representations. Thus we selected two types of clustering algorithm: parti-
tioning and agglomerative hierarchical. The partitioning algorithm we chose
was k-means [47, 11, 45, 57, 58]. For the agglomerative hierarchical algo-
rithm [47, 11, 45, 57] there is more choice depending on the criterion used to
compute the distance to merge the clusters: Single link algorithm, Complete
link algorithm, Unweighted pair group method average algorithm (UPGMA),
Unweighted pair group method centroid algorithm (UPGMC), Weighted pair
group method centroid algorithm (WPGMC) and Ward or minimum variance
algorithm (WARD).

We selected six evaluators [59] to asses the clustering results: the cluster-
ing dispersion indicator (CDI), Davies-Bouldin index (DBI), modified Dunn
Index (MDI), mean index adequacy (MIA), scatter index (SI), and variance
ratio criterion (VRC). These evaluators are based on the similarity of the
data elements within each cluster, and the difference among elements of the
other clusters.

The clustering is performed using directly three sets of features:

8 features (8-feat): pu(sq), u(s2), m(s1), m(ss) and t.

4 features (4-feat): u(so), 1(s2), m(sy) and m(ss).
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2 features (2-feat): m(s;) and m(s3).

However, we decided to evaluate directly over the whole profiles. The reason
for this is that the output of clustering is the grouping in which all the data-
points (in our case EDLP) can be distributed based on the ML algorithm.
As all the evaluators use the intra-point distance, we consider that the fairest
way to compare the quality of the obtained grouping is to compare over the
same set of points. Clustering results using the eight features are compared
with respect to the clustering obtained using the whole EDLP. For the k-
means algorithm 100 repetitions with different random initialisation were
performed and the evaluations are averaged. The number of clusters (input
parameter of the algorithm) is 2-10 exploring all the values. All the software
was coded in C++.

4. Results and Discussion

We have performed a large number of computational experiments. For
clarity, we discuss separately the results obtained for: 1) representing the
EDLPs using the eight features, 2) the prediction experiments and 3) the
clustering experiments. Prediction experiments were not performed using
the retail stores data-set as there was only one year of data.

4.1. Representing supermarket EDLPs with the selected features

An example of the features for the Winter 2017 profile of a SEG super-
market is in Section 3.2. Histograms of Figure 4 show the range of values for
the features to, t2, m(s1) and p(sq) extracted from the Winter 2017 profiles
of all the 129 SEG supermarkets.

For the periods ¢, (Figure 4a) and t;, there are only four different hours
in which they occur, and one of the hours is much frequent than the oth-
ers: 6am (70.5% of supermarkets) and 8am (50.4%) for ¢, and ¢; respectively.
The period t3 also has one value more frequent than the others (9pm, 55.0%),
however there are eight different values for the ¢, (Figure 4b). The histograms
exhibit little variability of values and the distribution is Gaussian. However,
the most important insight is the variability in which the peak and off-peak
can begin and end. This shows that using a fixed time for these moments is
an over-simplification that does not properly represent the real pattern of the
demand. In addition, the range of values for these time slots is restricted,
indicating common patterns for the supermarkets. Intervals for the mean
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Figure 4: Histograms with values for tg, t2, m(s1) and p(sq2) features computed over the
SEG supermarkets (Winter 2017 profiles).

values (kWh) in Figure 4c and slopes values (kWh/h) in Figure 4d need to
be used as they are continuous variables. Nine different intervals are created
for the histograms and an additional bucket with the extreme values. Both
average demand values for peak and off-peak periods show an important vari-
ability in their respective values. One reason for this large range of demand
values is the large variability of the floor area. These two histograms are not
normally distributed.

The same analysis can be computed for any season, year and store type.
Results would be similar as the variability of the shape of the profiles is not
very high. This is demonstrated when computing the errors. The NP evalu-
ator between the real the reconstructed profiles (all years, seasons and set of
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stores) are computed. For the SE stores, the best N P results are 5.8%, 4.5%
and 5.3% for 2017 Winter, Summer and Spring/Autumn ELDPs respectively.
For the SEG stores, the best NP results are 4.3%, 4.1% and 4.1% for 2017
Winter, Summer and Spring/Autumn ELDPs respectively. We note that
the error increases when the profiles are computed over older years. The
worst NP scores is 7.2% computed over stores just with electricity over the
Winter 2014 profiles. Comparing seasons, errors over Winter profiles are al-
ways slightly greater than for Spr/Aut profiles and errors over these ones are
greater than for Summer profiles. The error for stores that consume electric-
ity and gas is lower than stores than consume only electricity. This indicates
that the heating system increases the complexity of the profile making the
approximation of it using the proposed features more difficult. In analysing
the shape of the profiles, we see that the demand fluctuations during the
main peak are more common in Winter than Summer profiles, e.g. the 10am
peak in Figure 2, or the afternoon in Figure 1. These fluctuations increase
the error when modelling the consumption by averaging the demand over
long periods, as we do with the reconstructed profile.

When representing the retail stores using the proposed feature and all
the seasonal data D = 1.0kWh and NP=3.8%. Errors for this data-set
are lower than errors obtained with the supermarkets as they have lower
demand and a more regular U-inverted shape. Figure 5 displays the real
and re-computed EDLPs for the case with the lowest NP (0.5%), median NP
(3.5%) and worst NP (11.7%). The reconstructed EDLP in Figure 5a and
Figure 5b match quite well the respective real EDLP. In the case of Figure 5c,
the error is greater as there is an additional peak in the peak period and a
valley in the off-peak period. Our model does not represent properly such
events, but this type of event is unusual. Similar scores can be seen when
using the Summer, Winter and Spring/Autumn profile.

4.2. Prediction experiments

Prediction experiments are independently performed for all supermarket
EDLPs computed during each year (2013-2017), season (Winter, Summer and
Spring/Atumns) and store type (SE and SEG) giving a total of 5*3*2=30
different sets. An example of prediction for a particular supermarket (the
example in Figure 2) is shown in Figure 6. The black profile is the real
demand, the red and green profiles are predicted using the feature represen-
tation. These were the best predictions (considering the parameter search
that minimises £ D over all the set of stores) and they were obtained using
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Figure 5: Real and reconstructed EDLP using the features with the lowest, median and
worst NP scores for the retail store data-set.

OLS with features={GM area, Cafeteria area, Sales area, Office area, Chilled
area} and k=98 for the whole profile representation and features={GM area,
Cafeteria area, Sales area, Storage area, Chilled area, Location} and k=75
for the key feature representation. The values for the evaluators are ED=64.0
kWh and NP=16.6% when predicting the features and ED=59.5 kWh and
15.6% when predicting the whole profile. In this case, using the features
implies a relative increase of the error of 7.5% and 6.4% with respect to the
whole profile prediction for ED and NP evaluators, respectively.

Table 1 shows the results for the NP evaluator obtained when averaging
the evaluator over all the supermarkets in the set.

The lowest error for the NP evaluator is 12.5% (Summer 2017) using

20



570

571

572

573

574

575

576

577

578

579

580

581

110
100
a0
80
=
= 70
3
60 -
50
40 Real profile
Pred. profile, features
Pred. profile, whole
30 | | 1
0 6 12 18 24
Hours

Figure 6: Real and predicted profiles using both the feature representation and the whole
profile for one supermarket.

the OLS regression method for supermarkets using electricity and gas. This
result is in line with those for the whole profile [13] and can be summarised
thus:

e Errors computed over cold seasons are greater than errors obtained
during warm seasons ¢.e. Summer profiles are better predicted than
Spring/Autumn profiles, which are better than Winter profiles. The
most likely cause is the uncertainty and variability of the heating system
consumption:

e Errors obtained during most recent years are usually smaller than for
old data. We suggest that stores tend to become more homogeneous
as older appliances are routinely replaced.

e There are only small differences when comparing algorithms. However,
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the OLS usually outperforms the other three regression methods which
is due to the modest size of the data-sets.

e Stores with electricity and gas are better predicted than stores using
electricity only. This too relates to the level of complexity added by
the need to also predict the heating demand.

Comparing the results obtained using the feature set and those using
whole profile representations shows the feasibility of exploiting reduced di-
mensionality to predict EDLPs. Figure 7 shows the ED values using both
representations. The scores when using the full dimensional set (the whole
profile) to predict the ELDP are better than using the reduced feature set.
However, in many cases the difference is insignificant, especially for the most
recent years. Using the ED evaluator the absolute difference is an average
of 4.0 kWh (6.0%) and 4.4 kWh (8.3%) for SE and SEG, respectively, when
comparing the two methods. For both SE and SEG, NP using the feature
set is 0.9 points worse than using the whole profile. The relative differences
for this evaluator are 4.6% and 5.9% for SE and SEG respectively.
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TypSt Year | Season | KNN OLS SVR ANN
- Wint 235 220 212 225
§ Sum 20.8 189 194 19.6
. Spr/Aut | 22.1 19.3 194  20.3
K - Wint 232 219 226 232
? § Sum 20.6 19.2 202 205
< Spr/Aut | 24.9 214 229 224
o - Wint 25.1 227 239 233
2 =S | Sum | 230 202 209 215
© Spr/Aut | 21.8 20.6 20.9 214
E=A - Wint 25.2 263 27.9 274
g S Sum 19.7 18.6 188 19.6
2 Spr/Aut | 19.0 19.0 196 20.3
— Wint 229 219 228 23.0
§ Sum 17.7 181 176 192
Spr/Aut | 21.2 19.6 19.9 20.2
- Wint 21.5 185 189 19.3
. = Sum 16.3 13.9 139 143
3 Spr/Aut | 17.9 152 158 155
n - Wint 199 171 179 186
§o § Sum 16.3 149 149 149
e Spr/Aut | 17.3 15.6 159 15.8
= N Wint 187 174 179 179
g § Sum 16.1 15.0 155 15.1
T Spr/Aut | 162 14.7 15.6 15.3
S © Wint 172 177 181 186
= § Sum 136 131 149 137
g Spr/Aut | 14.3 135 144 14.1
2 — | Wint | 175 146 156 16.2
= Sum 153 125 131 13.2

(@]
Spr/Aut | 16.0 13.1 13.7 13.9

Table 1: Prediction results using the NP (%) evaluator for the profile represented with
the key features. Results are separated by algorithms, seasons, years and store type.
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To understand the reasons for the greater error using reduced dimen-
sionality it is necessary to re-think the sequence of processes performed in
this prediction experiments (Figure 3). In this sequence, both modelling
and prediction errors can occur throughout in the process chain. First, the
profile to be predicted is modelled using the features with non-trivial er-
ror (see Section 4.1). Secondly, like any prediction process the features of
the EDLP are not perfectly estimated using the regression model. Thirdly,
when reconstructing the profile using these predicted features we are again
approximating the whole profile adding new error.

As the evaluation is performed against the (full dimensional) real profile
it seems logical to have greater error than predicting directly whole profiles.
On the other hand, we have shown that the features are able to explain and
capture the main patterns of the load profile with fewer parameters to predict
than using the whole profile. Interestingly, as the difference in the results
are small, the positive factors compensate the negative ones indicating the
feasibility of using reduced dimensionality.

4.3. Clustering experiments

Clustering experiments are performed independently for all supermarket
EDLPs computed during each year, season, and store type (SE, SEG and
both together); a total of 5*3*3=45 experiments. Figure 8 shows the results
obtained when clustering the EDLPs only represented with pu(sg) and p(s2)
(2-feat) when using readings during Winter 2017 of SEG supermarkets and
the k-means algorithm (k=4). The clusters show a clear separation (Fig-
ure 8a), especially in the u(sq2) feature because the value of p(s2) is greater
than p(sg), giving more weight when computing distances among clusters.
The real EDLPs of each cluster are used to compute the evaluators. The
profile of each cluster centroid (Figure 8b) are distinct for both peak and
off-peak periods.

To enable comparison, we computed the median with error bars using
95% confidence intervals using bootstrapping over all 45 experiments. Fig-
ure 9 shows these results over the supermarket data-set using the k-means
for each one of the representations (whole profile, 8-feat, 4-feat and 2-feat).
The results show only small differences between 2-feat clustering compared
with using the whole profile. Interestingly, for the CDI (Figure 9a) and
SI (Figure 9b) evaluators the clustering 2-feat results outperform those ob-
tained with the whole profile when the number of clusters is greater than
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Figure 8: Clustering results for EDLPs represented with p(sg) and u(sz2) (only) using data
for Winter 2017 of SEG supermarkets with k-means (k=4). Clusters 1, 2, 3 and 4 have
15, 26, 57 and 31 points, respectively.

three. Generally, 2-feat scores are better than scores obtained with 4-feat
and 8-feat.

The fact that the 8-feat results include ¢ are worse than the other cluster-
ing results is due to two factors: 1) { are numeric variables but they represent
time intervals that are not well modelled by clustering algorithms that use
Euclidean distances, and 2) the time intervals may add noise when creating
the clusters as they are evaluated only using the demand differences of the
whole profile.

Clustering results are given in Table 2 for all the evaluators averaged
over all the whole profile (left value) and 2-feat (right value) experiments and
number of cluster separated by algorithm. The differences between the values
are small meaning that the results with both representations are similar. It
might be expected that the whole-profile clustering evaluator would be better
than the 2-feat results, however, for some algorithms and evaluators e.g. k-
means and SI, or single link and SI, this is not the case.

For the retail store data-set, clustering experiments are performed inde-
pendently for all the EDLPs computed during each season and for the whole
year (Figure 5) with similar characteristics to the supermarkets data-set.
When the number of clusters is small (less than four or five) the differences
between the scores obtained with the whole profile and the reduced feature
representation is greater than when using more clusters. Results obtained
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Alg/Eval | CDI MDI SI DBI MIA VRC

Kmeans | 0.44/0.43 1.26/1.26 24.98/23.97 1.07/1.14 10.59/10.78 134.30/126.02
Single | 0.30/0.30 1.14/1.25 6.85/6.64 0.55/0.57 8.88/9.19  10.92/14.47
Complete | 0.35/0.36  0.76/0.88 14.89/15.79 0.93/1.00 10.06/10.41 116.63/107.78
UPGMA | 0.30/0.31 0.57/0.70 9.29/9.40 0.72/0.83  9.34/9.82  90.40/91.02
WPGMA | 0.32/0.33 0.65/0.77 13.57/12.78 0.82/0.90 9.50/9.97  96.47/94.18
UPGMC | 0.28/0.29 0.56/0.69 8.99/8.83  0.65/0.78 8.94/9.64  84.64/87.24
WPGMC | 0.28/0.30 0.60/0.69 9.82/10.09 0.65/0.80 8.98/9.61  80.44/90.69
WARD | 0.47/0.49 1.36/1.51 29.01/29.37 1.14/1.23 10.59/10.98 126.54/118.02

Table 2: Clustering results for the supermarket data-set for all evaluators averaged over
all the whole profile (left value), 2-feat (right value), and number of cluster separated by

the algorithm.

with 8-feat are consistently worse than those obtained with the other rep-
resentations. Clustering results are given in Table 3 or all the evaluators
averaged over all the whole profile (left value) and 2-feat (right value) exper-
iments and number of cluster separated by algorithm. The results obtained
with the whole profile marginally outperform those obtained with the 2-feat,
with exceptions such a UPGM algorithm and SI evaluator.

Alg/Eval | CDI MDI SI DBI MIA VRC

Kmeans | 0.21/0.24 2.90/2.56 13.72/17.06 0.87/0.86 1.66/1.77 750.69/734.90
Single |0.09/0.09 0.52/0.66  2.93/2.91  0.21/0.27 0.85/0.91 141.50/145.86
Complete | 0.14/0.17 0.72/0.83  3.96/4.71  0.59/0.66 1.35/1.44 497.56/507.80
UPGMA | 0.12/0.12 0.44/0.51  3.34/3.38  0.44/0.49 1.19/1.20 278.29/342.59
WPGMA | 0.12/0.13 0.54/0.70  3.46/3.49  0.50/0.53 1.19/1.24 370.92/381.44
UPGMC | 0.12/0.12 0.45/0.49  3.41/3.13  0.44/0.47 1.16/1.17 308.14/333.41
WPGMC | 0.13/0.13  0.51/0.53  3.62/3.64  0.46/0.49 1.24/1.23 270.93/352.74
WARD | 0.66/0.79 5.09/7.81 143.51/139.43 1.21/1.31 2.05/2.47 484.12/388.30

Table 3: Clustering results for the retail stores data-set for all evaluators averaged over all
the whole profile (left value) and 2-feat (right value) experiments, and number of cluster
separated by algorithm.

As a final remark about the clustering results, evaluation scores for the 2-
feat clustering results are slightly worse than those obtained when using the
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whole profile when using less than four clusters. However, evaluation scores
for these two representations are very close when the number of clusters is
greater than four or averaged over the total number of clusters. The 2-feat
works well for clustering the profiles because these two features (u(sg) and
((s2)) are the main behavioural drivers accounting for most of the EDLP.

5. Conclusions and future work

Our aim was to investigate whether dimensional reduction could gener-
ate a statistically reasonable representation the EDLP of a retail store such
that it could be used to predict the electricity demand for a new store in
the portfolio of a company. Previously we have shown how this can be done
using the whole profile, but a simpler representation of the values of the fea-
tures (e.g. Figure 4) may offer advantages by reducing the complexity of the
problem. In particular, whether it could help detect trends and anomalous
behaviours within EDLPs.

We have studied the impact to reduced-feature sets to represent EDLPs
for prediction and clustering using real data of two distinct data-sets: super-
markets with 1-h resolution readings (prediction and clustering) and retail
stores with 30-min resolution (clustering only). We have demonstrated that
the extracted features give a good description of the original EDLP i.e. being
able to re-construct the EDLP with only a small error. However, we need
to be aware that for a small number of stores (e.g. Figure 5¢) the proposed
representation did not work so well. In general though, we have shown that
the evaluation scores are the same or only marginally worse than results ob-
tained using the whole profile. The results are robust as the two tasks are
different in nature: prediction is supervised learning meanwhile clustering is
unsupervised.

This proposed simplified representation is a more concise way to represent
the EDLP than using the whole EDLP (real resolution values). For some
types of analyses, small variances of the demand within the time period can
be considered superfluous information that does not add useful information
to the overall picture. For example, as the repeated night-time demand values
(Figure 1) are repeated over a long period, using an average value is sufficient
to summarise and represent the demand during these periods.

The main implication for energy managers and researchers is that a re-
duced number of features is easier to interpret and visualise instead of a high
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resolution EDLP. The clustering results suggest its utility as dimensional re-
duction technique to cope with the ‘curse of dimensionality’. More generally,
we have demonstrated that a simpler way to represent data can work as well
for some specific energy problems as complex and high resolution represen-
tation. As modern (networked) sensors increase the volume, availability, and
immediacy, transforming such high-resolution data streams in a ‘smart‘ way
based on observed behaviours may be helpful. The proposed features to rep-
resent the EDLP may have limitations for applications such as investigating
and predicting demand shifting and demand variability for energy manage-
ment purposes . This is due to the lack of granularity which will not allow
detection of demand changes at specific times (e.g. hourly).

As future work, we suggest that reduced-feature representation can be
applied to any electricity data-set of retail facilities with a diurnal opening
schedule. Moreover, this feature-reduction technique can be applied classi-
fication. Furthermore, combining both clustering and prediction may be an
interesting approach to separately predict the demand by existing buildings
that are in each cluster. This is different to predicting the demand of new
buildings, but large data-sets in both temporal dimensional and number of
stores would be required for such analysis.
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Figure 9: Clustering results for the supermarket data-set using the k-means. N.B. the
Y-axis is log scale.
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