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a b s t r a c t

In future smart energy systems, consumers are expected to change their load patterns as they become a
significant source of flexibility. To ensure reliable load profile forecasts for long-term energy planning,
conventional classification approaches will not hold and more advanced solutions are required. In this
article, we propose an automatic, data-driven clustering methodology that accounts for heterogeneity in
electricity consumers’ load profiles using unsupervised learning. We consider hourly load measurements
from 9412 smart-meters from the commercial and industrial sector in Denmark. A wavelet transform is
applied to min-max scaled load data, and the extracted wavelet coefficients are used as input to the K-
means clustering algorithm. Through cluster validation, eight clearly distinct load profiles are identified
and compared to the industry classification of the cluster constituents. Finally, the flexibility potential is
traced for each cluster.
© 2021 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND

license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Energy systems are currently undergoing a paradigm shift,
experiencing a significant increase in intermittent generation from
renewable energy sources as well as consumption from more and
more active end-users. These changes introduce higher complexity,
i.e., non-linear dynamics and stochasticity, which must be properly
handled to guarantee balance and safety in future energy-system
operation.

Understanding the changes of electricity consumption profiles
over time is a key element to tackle the problem of future power-
system operation. Specifically, it can support long-term energy
planning, by improving forecasts of electricity consumption as well
as helping estimation of the flexibility potential in consumption
[1,2]. Moreover, better knowledge about load profile changes may
support decision makers in understanding how to further promote
demand response (DR) as a way to unlock the flexibility of con-
sumers by enabling future dynamic electricity pricing schemes
[3e6].

Promoting a more flexible electricity sector is part of the
development of smart energy systems (SES), as it facilitates efficient
@dtu.dk (H. Madsen), emvb@

r Ltd. This is an open access article
integration between the electricity sector and other sectors (e.g.,
cooling, industry, building, and transportation) [7], leading to a
better valuation of energy [8]. This aspect is particularly relevant as,
despite the generally strong focus on the electricity sector, the
attention of the smart grid community is more and more shifting
toward the SES concept as a way to create fuel-efficient energy
systems, which are economically and environmentally feasible
[9,10]. In such a framework, smart-meters become important tools
to better understand the electricity demand, by allowing utility
companies to record and monitor of power consumption by the
minute [11,12].

Flexibility will have a crucial role in mitigating production
volatility in future SES; yet, there is currently a lack of large-scale
real-life applications and experience to rely on. Hence, extensive
assumptions are necessary to model and evaluate its potential [13].
For example, popular long-term energy planning tools, such as
Balmorel and Wilmar, require assumptions about future hourly
load profiles as input [14,15].

Historically, flexibility potential has been assessed at the level of
the overall power system [see, e.g., [16], [17]]. Hourly demand
profiles have been forecasted through a simple scaling of the pre-
sent load [18,19]. This approach does not capture the behaviour of
consumers in relevant time and space resolutions. Changes in
regulation will affect future load profiles as the transition to a low-
fossil society requires that energy systems change from being
under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/
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Fig. 1. The Symlet 5 wavelet used for transformation.
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demand driven to production driven. Therefore, alternative solu-
tions are needed to better forecast load profiles and improve the
estimation of aggregate flexibility potential [20].

Load profiles can vary according to sector and business activity
as well as temperature and holiday seasons [21,22]. By approaching
an effective clustering of heterogeneous load profiles, it will be
possible to achieve a better understanding of consumption patterns
of aggregated consumers. Conceptually, the categorisation of load
profiles could follow the rules of segmentation, referring to the
sector and type of activity, as established, for example, by the na-
tional institutes of statistics. Unfortunately, this approach leads to a
large number of categories and is not always sufficient, as the load
patterns of consumers within the same industry and type of activity
can exhibit large differences in practice [23,24].

Categorising consumers based on their static industry classifi-
cation will have a limited application in the future, as further
variation over time is expected in load patterns. Thus, there is a
need for automatic, data-driven clustering methods that can easily
adapt over time.

To improve forecasts of aggregate load profiles, knowledge
about sector-specific load profiles is required [25]. Some sectors
may have larger flexibility potential than others, making them
better suited for DR applications than others [5,26]. In the technical
literature, the majority of articles have considered household
consumption data [e.g., [27], [28], [29], [30], [31]], while only few
have considered the consumption of companies [e.g., [32], [33],
[34], [23]] or a mix of these [e.g., [35], [36], [37], [22]], due to data
scarcity. Studies that only consider household consumption pat-
terns have a tendency to account for a limited amount of hetero-
geneity, as household consumption patterns tend to be relatively
similar [11].

Strengthening the knowledge about the industrial and com-
mercial sector can help identify a significant amount of flexibility
potential. For example, in the cement industry, a large fraction of
power consumption can be used in DR programs, as some of the
equipment can be started and stopped relatively quickly. Since the
energy consumption of a cement plant is equivalent to the energy
production from a small power plant, its participation in flexibility
provision could have a significant impact on the future load profile
[38].

In this article, we propose a methodology for clustering com-
mercial and industrial load patterns with the objective to improve
load profile forecasts for long-term energy planning. Moreover, as
an application of the developed clustering methodology, the flexi-
bility potential of the respective clusters is traced. We consider an
unsupervised approach, meaning that our algorithm does not rely
on a priori defined loading conditions nor classifications. The only
input to extract features and patterns is the actual measured load.

The four main contributions of the article can be summarised as
follows:

� Developing an automatic, data-driven methodology for clus-
tering load patterns of commercial and industrial consumers. In
addition, the Symlet 5 wavelet is proposed as an appropriate
transform to describe load patterns.

� Identifying eight clearly distinct load profiles from electricity
consumption data. This number of load profiles is significantly
fewer than the typical number of categories considered in an
industry classification scheme.

� Comparing the derived load-profile clusters to the industry
classification of their constituents. This analysis gives relevant
insights about the load profiles, revealing a substantial overlap
between industry classification and load profile.

� Tracing the flexibility potential of the derived load profiles over
time by analysing weekly variations.
2

The rest of the article is organised as follows: In Section 2, we
introduce the wavelet transform, which is used to reduce data
dimensionality, the clustering approach, and cluster validation. In
Section 3, the data pre-processing is discussed. Section 4 presents
the main results. Finally, Section 5 concludes the article.
2. Clustering load patterns

In this section, we introduce the wavelet transform. Thereafter,
we present the K-means clustering algorithm used in this study and
explain how to approach the cluster validation.
2.1. Wavelet transform

Smart-meter data has a high temporal resolution (up to 30 s),
which can lead to dimensionality issues [11,37]. Fortunately,
consecutive values of time series of load measurements are usually
characterised by high correlation and redundancy, which allows for
effective dimensionality reduction. For that purpose, Kwac et al.
[27], Mets et al. [6], Tureczek et al. [31] applied a wavelet transform
prior to performing clustering.

A wavelet transform consists of smooth oscillating functions
with a quick damped behaviour [39]. In contrast to the Fourier
transform, which only allows frequency localisation, wavelet
transforms also support time localisation [as used, e.g., by[35],
[40]]. Wavelet transforms are well suited for analysing high-
frequency data because of their ability to capture global smooth-
ness and local spikes in the signal while filtering out high-
frequency noise and consequently enhancing data patterns. A
wavelet transform performs data compression by reducing the
infinite dimensionality of the curves to a finite set of features,
eliminating non-significant coefficients [39]. In fact, only a rough
sketch of the signal is saved, where the first coefficients represent
the lowest frequencies.

The decomposition of the signal into wavelet coefficients is not
easily interpretable by humans; however, the coefficients are
readily applicable as input to the K-means algorithm. In addition to
noise and dimensionality reduction, wavelet transforms are able to
capture auto-correlation, which is essential to successfully clus-
tering load patterns [31].

Depending on the specific application, it is important to select a
suitable wavelet, as the scaled basis wavelet must be able to
encompass the structure of the original signal.

In this study, we select the Symlet 5 wavelet transform, which is
shown in Fig. 1. The Symlet 5 is preferred to other wavelets used in
the technical literature (such as the Coiflet 8 [31] and Haar [6]
wavelets) for its smoother shape, which is more similar to the
consumption patterns. Specifically, the Symlet 5 leads to a smaller
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error when reconstructing the data based on a limited number of
features compared to the Haar wavelet. Furthermore, compared to
the Coiflet 8 wavelet, it provides more flexibility when choosing the
number of features to retain.
2.2. K-means clustering

Clustering algorithms rely on a distance measure to group data
vectors that are close to each other and distinguish them from
others that are further apart. In high-dimensional spaces, however,
the contrast between the nearest and the farthest neighbour gets
increasingly smaller. In a review of the technical literature on
power-consumption classification, Tureczek and Nielsen [41] found
that more than 10 different classification methods were applied in
34 papers, with the most prevalent method being K-means clus-
tering. The popularity of K-means is attributed to its simplicity and
generally satisfactory performance [23].

When using K-means, the observations are assigned to K clus-
ters in such a way that, within each cluster, the average Euclidean
distance of the observations from the cluster mean is minimised.
The Euclidean distance applies a double penalty to profiles that are
slightly different in timing of when peaks occur, which, depending
on the intended usage of the grouped load profiles, can be either a
drawback or an advantage. Starting from an initial partitioning, a
converging process, in which observations are moved from one
cluster to another, is carried out until a stable partitioning is ach-
ieved. The convergence of the algorithm to the global optimum
depends on the initial partitioning. Therefore, the algorithm must
be run several times with different initialisation. Even so, it is fast
enough for the data dimensions considered in this study.
2.3. Cluster validation

In unsupervised learning there is no natural quantification of
the discrepancy between model and truth, because the true clus-
ters are unknown. Load-pattern clustering can be evaluated ac-
cording to several criteria, as discussed in Chicco [23], Tureczek and
Nielsen [41]. In our study, we use three indices to evaluate different
properties of the clusters, namely the Mean Index Adequacy (MIA),
Cluster Dispersion Indicator (CDI), and DavieseBouldin Index (DBI)
[42]. Even though none of the indices can identify the true under-
lying structure, they each provide an indication of how many
clusters to retain in the final clustering.

Lower values of these indices correspond to better clustering
validity. By plotting their progression as a function of the number of
clusters, it is possible to identify abrupt changes or fluctuating
patterns that can help determine the number of clusters within the
data set. We evaluate several indices jointly, as the combination can
be applied to strengthen the argument for the selection of a specific
number of clusters.
2.3.1. Mean Index Adequacy
MIA consists of the average distance from each member of a

cluster to the cluster centroid:

MIA¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
K

XK

k¼1

d2ðCkÞ
vuut ; (1)

where Ck is the calculated centre of cluster k and d2ðCkÞ is the
squared average Euclidean distance within cluster k. MIA measures
the within-cluster dispersion; a high MIA value corresponds to
large distances within the clusters, indicating poor fit.
3

2.3.2. Clustering dispersion indicator
CDI consists of MIA scaled by the average distance between any

two clusters dðCÞ:

CDI¼MIA
dðCÞ: (2)

2.3.3. DavieseBouldin Index
DBI measures the overlap between clusters. It is quantified by

evaluating the average intra-cluster distance, given by dðCiÞ, of all
clusters i and subsequently comparing all pairs of clusters divided
by their centroid distance dðCi;CjÞ before selecting the maximum
distance for each class:

DBI¼ 1
K

XK

i¼1

max
jsi

dðCiÞ þ d
�
Cj
�

d
�
Ci;Cj

� : (3)

3. Numerical analysis

In this section, we present the data used in this study and clarify
how this was pre-processed before the clustering.

3.1. Data

Following the work of Tureczek et al. [31], we analyse con-
sumption patterns over a period of two weeks for a group of in-
dustrial and commercial loads. We consider hourly measurements
covering the period from Monday, November 6th through Sunday,
November 19th, 2017. The data set was provided by the Danish
energy company Ørsted and includes 336 observations from 9412
smart-meters belonging to Danish companies that consumed at
least 400 kWh over the two-week period. In our study, the data
referring to the first week is considered for the clustering, while the
second week is used for comparison. By handling two weeks of
data, issues with non-stationarity in the data are avoided. However,
any analysis of potential seasonality in consumption load profiles is
not possible and is thus outside the scope of this study.

In order to compare the derived clusters with the industry
classifications of their constituents, we have knowledge of the in-
dustry classification of the company that owns the smart-meter
according to the Danish Central Business Register (CVR).

3.2. Data pre-processing

To facilitate the comparison of the load patterns across sectors
and business with different consumption sizes, the load time series
are minemax scaled:

xscaledt ¼ xt � x
x� x

; (4)

where x and x represent the minimum and maximum hourly
consumption values for the individual time series. After this
transformation, all time series values lie between 0 and 1. Although
the minemax scaling is sensitive to extreme values, it has the
advantage of bounding the scaled values.

Consequently, the minemax scaled data is further polished by
removing all the time series with a standard deviation below 0.1.
The reasoning behind this choice is that a standard deviation below
0.1 is an indication of a flat consumption, which could be caused by
missing consumption information or by inflexible constant load.



Fig. 2. Four minemax scaled load curves along with their reconstruction based on the first 36 and 64 features extracted using the Symlet 5 wavelet.
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Finally, we complete the data pre-processing by removing all
time series withmore than a 100% change in consumption from the
first to the second week. A week-on-week consumption change of
more than 100% suggests that at least one out of the two weeks is
not representative of the normal consumption pattern. One might
argue that such load patterns can indicate large flexibility potential.
However, a more extensive data set spanning over significantly
more weeks is required in order to distinguish between non-
representative behaviour and large flexibility potential. The pre-
processing reduces the time series to a dimension of 336� 9092.

3.3. Software application

For this study, we perform the wavelet transform using version
0.5.2 of the Python wavelet package PyWavelets [43]. The imple-
mentation of the K-means algorithm is based on version 0.19.1 of
scikit-learn [44].

4. Results

In this section, we report the main findings regarding the fea-
tures extracted using the Symlet 5 wavelet, K-means clustering of
load profiles and cluster validation. Subsequently, we present the
characteristics and composition of the found clusters and discuss
the flexibility potential of the respective clusters.

4.1. Feature extraction

We conduct the wavelet transform on the pre-processed data
4

and select significant features to describe the load curves. In the
transformation, the number of features varies in large steps; as it is
not feasible to present all results, we present here two sets of
features for which the performance is improved. One set of features
is then utilised for performing the K-means clustering.

Fig. 2 shows four out of the 9092 minemax scaled load time
series included in this study, along with their respective recon-
structed curves based on the first 36 and 64 features extracted
using the Symlet 5 wavelet. This corresponds to the first two and
the first three wavelet coefficients, respectively. From the figure it
can be seen that the reconstruction of the original time series based
on 36 features (in orange) does not adequately capture their
distinct behaviour. Most importantly, the peaks and troughs of the
reconstructions are sometimes opposite of the original time series.
On the other hand, the reconstruction based on 64 features shows
much better performance, capturing the characteristics of the
original load curve in all four cases, despite the large differences
between them. As the performance for this set of features is
satisfactory and further increasing the number of features imposes
a risk of overfitting, 64 features are chosen as input for the K-means
clustering.

4.2. Load profiles

K-means clustering is applied to the first 64 features. After-
wards, we calculate the validation indices, whose values are shown
in Fig. 3 for different number of clusters. From the validation indices
plots, it emerges that MIA has a sharp twist at four and seven
clusters. CDI reports kinks at three, five and eight clusters, after



Fig. 3. Cluster-validation indices based on applying K-means to 64 features extracted
using the Symlet 5 wavelet.
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which it flattens out. Finally, DBI presents a small kink at four
clusters and a clear kink at eight clusters, after which it becomes
flat. Based on this information, as a trade-off between validation
indices performance and number of clusters, we select a total of
eight clusters.

In Fig. 4, the eight load profiles are shown as derived in order of
their frequency in the data set, which is reported in parentheses.
Large differences can be seen between profiles. For example, in
Clusters 2, 3, 5, and 7, the lower maximum consumption is a sign
that their constituents exhibit a more fluctuating consumption
pattern, with maximum hourly values that exceed the maximum of
the average daily consumption cycle. This condition could poten-
tially be an indication of larger flexibility potential.

Below, we provide a brief description for each cluster, including
the industry characterisation of their constituents.
5

Cluster 1 The most frequent pattern consists of peaks at about
80% of maximum consumption around noon on weekdays and
minimum consumption on weekends and around midnight on
weekdays. This pattern is typical for office buildings and other places
that are closed for businesses on weekends. For example, 95% of
high schools and 81% of banks in the data set belong to this cluster.

Cluster 2 The second-most frequent pattern does not go nearly
as high on weekdays and does not go as low on weeknights and
weekends. Also, the daily peaks are slightly wider. Industries with a
large representation among the constituents of this cluster include
farming and electricity production.

Cluster 3 Cluster 3 shows a peak at about 30% of maximum
consumption around noon, which increases slightly from Monday
to Friday, and a second peak at about 50% of maximum consump-
tion around 6 p.m. every day including weekends. Consumption
does not go below 10% at night during the week and 20% at night
during the weekend. This pattern is typical for companies within
accommodation and food-service activities, such as hotels and
restaurants.

Cluster 4 The daily consumption cycle in Cluster 4 is similar to
Cluster 1, with the exception that it continues through theweekend
with peaks that are just slightly lower than on the weekdays. This
pattern is typical for stores. For example, 78% of clothing stores in
the data set belong to this cluster. Another category with large
representation in this cluster includes libraries, archives, museums,
and other cultural activities.

Cluster 5 The load profile in Cluster 5 varies between 35% at
midnight and 60% around noon on weekdays, then falls to 25% of
maximum consumption on theweekend. Amongst the constituents
of this cluster we find several companies within the manufacturing
category; for example, 51% of manufacturers of bakery and farina-
ceous products adhere to this pattern. This finding suggests that
manufacturing industry can, presumably, more easily vary pro-
duction hours. This could have a significant impact on the future
load profile, since manufacturing is an energy intensive industry.

Cluster 6 Cluster 6 shows similar pattern Monday through
Sunday, although consumption goes up earlier and down later on
weekdays compared to the weekend. The daily cycle has two peaks
similar to Cluster 3, though the two peaks are much closer together
and at a higher level. Compared to Cluster 4, the daily peaks are
wider and the maximum is around 6 p.m. rather than noon. This
pattern is typical for discount (grocery) stores, with 94% belonging to
this cluster.

Cluster 7 This cluster appears to be a collection of everything
that does not fit in any of the other clusters. The heterogeneous
nature of its constituents is likely part of the reason why con-
sumption in this cluster oscillates around 50% throughout the
week. It is not surprising to find a cluster like this, since some
companies have a unique or constantly-changing load pattern that
does not resemble that of other companies.

Cluster 8 The least frequent cluster has an opposite cycle
compared to the other clusters, with troughs around noon and
peaks at night, Monday through Sunday. This pattern is charac-
teristic for manufacturing companies that have night shifts instead
of day shifts. In light of the interest in peak-load reduction and
mitigation of production volatility through price differentiation and
dynamic tariffs [3,31,45], it is worth noting that the contrarian
consumption cycle constitutes by far the smallest of the eight
clusters. This finding suggests that either few companies have the
flexibility to shift their consumption or they have not had an
incentive to do so.

4.3. Flexibility potential

As an application of the developed clustering methodology, it



Fig. 4. The eight load profiles derived in order of their frequency in the data set as shown in parentheses.

Table 1
Root mean squared deviation (RMSD) between hourly load measurements in the
first and second week across all constituents of each load-profile cluster.

Cluster 1 2 3 4 5 6 7 8

RMSD 0.12 0.19 0.19 0.14 0.21 0.14 0.24 0.26
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can be of interest to trace the flexibility potential for each of the
load patterns. Therefore, in this sub-section, we compare the
minemax scaled load measurements of each of the cluster con-
stituents in the first and second week, hour by hour. For example,
we calculate the deviation between the measured load on Monday
between 8:00 and 9:00 in the first and second week, taking the
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average across all constituents and across every hour of the week.
For the purpose of this analysis, we make the assumption that a
larger variation in load profile from week to week can be an indi-
cation of a larger flexibility potential.

Table 1 provides the root mean square deviation (RMSD) on an
hourly basis across all constituents of each cluster. The clusters with
the smallest variation in load pattern from the first to second week
are number 1, 4, and 6. These are industries with fixed hours every
day, such as schools, banks, office buildings, and stores. These in-
dustries have little variation in their consumption from week to
week and therefore, presumably, can only provide little flexibility
on an hourly time scale.

Cluster 7 and 8, which include several companies within the
manufacturing industry, present the largest variation in load
pattern from the first to second week. Based on Fig. 4, it is not
surprising that these particular load profiles show the largest
flexibility potential. As discussed above, the opposite cycle in
Cluster 8 is interesting in its own, and it may include the flexibility
of varying production hours from week to week.

5. Conclusion

In this article, we considered unsupervised learning of patterns
in hourly load measurements from smart-meters belonging to
Danish companies. Through cluster validation, we were able to
identify eight clearly distinct load profiles, which we compared to
the industry classification of the cluster constituents. We found a
significant overlap between industry classification and load profile.
However, our results showed that industry classification is not
sufficient for load profile segmentation, as companies within the
same industry in some cases had very different load profiles.

The main contribution of this article was the automatic, data-
driven extraction of load profiles, which can be used to improve
forecasts of future hourly load profiles. By not relying on any a priori
defined loading conditions nor industry classification, our meth-
odology avoids any bias in load classification leading to more ac-
curate load profile clustering. Moreover, compared to the
alternative approach of segmenting the load based on industry or
type of activity, our results demonstrate the possibility of obtaining
better performances with a smaller number of data-driven load
profiles.

In this study, we tracked variations in electricity consumption
using two weeks of data. With a wider installation and deployment
of smart-meters, more and more data will become available. As EU
Member States committed to roll-out 200 million smart-meters for
electricity by 2020, it is estimated that in the EU almost 72% of
consumers are equipped with a smart-meter for electricity
measurement.

Better data availability will enable the estimation of load profile
variations in relation to, for example, weather, seasonal or policy
changes. In that case, the identified clusters might potentially look
very different at different times of the year. Therefore, time-
adaptive variants of the proposed methodology will be useful for
tracking variations in load profiles, tracing flexibility potential as
well as estimating consumers’ price responsiveness in DR programs
that adopt dynamic electricity prices. This will be particularly
relevant in future SES, as the introduction of additional flexibility
measures might further affect load patterns, making them more
volatile and diverse.

Furthermore, the proposed automatic, data-driven clustering
approach can be extended to better understand the demand for
other energy carriers, such as heat and gas, as well as total energy
demand. This will providemore knowledge of the usage of different
energy carriers as well as further support efficient sector integra-
tion in future SES.
7
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