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Abstract
The ongoing liberalization of the energy market makes

energy providers increasingly look at premium services –
like personalized energy consulting – as preferred methods
to bind existing customers and attract new ones. Providing
such services, however, requires knowledge of specific prop-
erties of the customer’s household – like its size and the num-
ber of persons living in it. In this paper, we investigate how
such properties can be inferred from the fine-grained elec-
tricity consumption data provided by digital electricity me-
ters. In particular, we focus on exploring which properties
are both interesting and likely to be identified using well-
known classification methods. To this end, we first elicit
a set of interesting properties by performing in-depth inter-
views with employees of three different energy providers.
We then explore a large set of electricity consumption traces
using a self-organizing map. This analysis allows to identify
a set of household properties that are likely to be inferable
from electricity consumption data using standard classifica-
tion methods. For instance, our results show that the size of a
household and the income of its occupants are properties that
are both highly useful to energy providers as well as likely
to be detectable using an automatic classification system.
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1 Introduction
In a 2006 directive the European Union encourages its

member states to support the deployment of individual elec-
tricity meters “that accurately reflect the final customer’s ac-
tual energy consumption and that provide information on
actual time of use” [5]. This measure is part of an encom-
passing strategy to improve energy efficiency and liberalize
the energy market in European countries. Digital electric-
ity meters have indeed been already deployed in millions of
households in Italy and Sweden [18] and energy providers in
Switzerland, Germany and other also non-European coun-
tries are following suit [6]. By providing a detailed report
about electricity consumption, digital electricity meters en-
able providers to bill their customers according to dynamic
pricing policies. In future scenarios, electricity prices might
change as frequently as every 15 minutes and thus measure-
ments of electricity consumption that are at least as frequent
are required in order to correctly bill consumers. This can
in turn leave providers with large amounts of fine-grained
data about their customers’ electricity consumption. In the
past few years, several authors investigated potential bene-
fits that could arise – for both consumers and providers –
by using this data for other goals than billing. Several stud-
ies have for instance investigated load disaggregation meth-
ods to provide a “per-device” consumption feedback to the
customer [20, 11]. Others aimed at identifying consumption
profiles with similar temporal behavior in order to derive bet-
ter peak-load prediction algorithms [14, 13].

In this paper we describe how specific properties of a
household – like its size or the number of individuals liv-
ing in it – can be inferred from its electricity consumption
profile. By computing adequate features of the consumption
curve and using a well-known clustering technique we are
able to show that it is possible to roughly separate groups
of customers according to selected properties. The ability
to derive additional knowledge about their customers us-
ing only electricity consumption data is of particular inter-
est to providers. Indeed, this knowledge can enable electric-
ity providers to offer new, better, or more customer-tailored
energy services. As the ongoing liberalization of the en-
ergy market makes it easier for customers to switch their
providers, a comprehensive offer of such “premium” ser-
vices might represent a competitive advantage to bind exist-
ing customers and attract new ones. As we elicit through in-
depth interviews with employees of three different medium-



size Swiss energy providers, an important example of such
additional services is represented by energy consulting. Cus-
tomers of several European energy providers can already
request such a consulting service in order to survey their
household and identify ways to reduce their energy con-
sumption.This can often be achieved simply by replacing
inefficient devices but also by discovering incorrect wirings
that can make a customer pay for its neighbor’s hyperactive
boiler. As a consequence of the current political pressure
towards an overall more thrifty usage of energy resources,
providers are also starting to offer energy consulting services
for free to their customers. In this scenario, the more the
provider knows about its customers, the better it can select
those most likely to be interested in a consulting session and
those that can gain the most out of it. As also elicited through
our interviews, however, energy providers often know very
little about their private customers. Gathering additional in-
formation about customers’ households using only the al-
ready available consumption data can thus significantly im-
prove the ability of a provider to offer valuable premium ser-
vices to its customers. Clearly, in order to use the electricity
consumption measurements to other goals than billing, en-
ergy providers will need to carefully inform their customers
and request the possibly necessary permissions. Nonethe-
less the possibility to automate the process of discovering
significant properties of a household remains a very attract-
ing solution with respect to – or even in combination with –
customer surveys.

To investigate the possibility to automatically classify pri-
vate households using traces of electricity consumption data,
we performed a preliminary study using traces from more
than 3,000 private households. The traces contain measure-
ments at a 30-minute granularity and have been collected for
a period of more than 1.5 years. Ground-truth information
about the properties of the households – including house-
hold size, number of occupants, type of heating, etc. – is
also available. The complete data set has been collected in
the context of a smart metering study conducted by the Irish
Commission for Energy Regulation (CER) and has been re-
cently made available to the public.1 The availability of such
a rich and large data set makes it possible – to the best of our
knowledge for the first time – to investigate in a quantita-
tive way the specific use of the electricity consumption data
described in this paper.

In order to cast our problem as a standard classification
task, however, the definition of appropriate classes, i.e., of
appropriate properties of the households that should be in-
ferred from the data, is first required. The definition of
these classes can for instance be done depending on the in-
tended use of the classification outcome or on the actually
available data. We refer to these two approaches as the
application-driven and data-driven class definition methods,
respectively. In the first case, we consider a target appli-
cation and define a number of properties of the households
that are relevant in order to support it. In the context of this
paper, we target application is the energy consulting service
described above. By analyzing the results of the mentioned

1http://www.ucd.ie/issda/data/commissionforenergyregulation/

interviews we thus elicit a first significant set of household
properties – and thus classes of our classification problem.
We then turn to a data-driven approach and analyze the CER
data set. In particular, we define a number of potentially in-
teresting features of the consumption profiles and investigate
their correlation to several different household properties. To
this end, we rely on so-called self-organizing maps [9]. Our
results show that, for instance, the size of a household and the
income of its occupants are both interesting for the energy
consulting application and most likely to be reliably identi-
fied by a common classifier.

The remainder of this paper is organized as follows. We
discuss related work in section 2. We then describe both our
application-driven and data-driven approaches in sections 3
and 4, respectively. Finally, section 5 concludes the paper
and provides a brief outlook on future research.

2 Related Work
Several authors have already investigated the possibility

of using fine-grained electricity consumption data to provide
services beyond billing. In particular, there exists a large
body of literature dealing with non-intrusive load monitoring
(NILM), which aims at determining the contribution of indi-
vidual appliances to the overall electricity consumption of a
household. To this end, NILM approaches leverage measure-
ments of electricity consumption collected at high frequen-
cies – typically varying between 1 Hz and up to multiple
kHz – and do not rely on the installation of additional sen-
sors [20]. The possibility to attribute each appliance its ac-
tual share of electricity consumption serves as the basis for
novel services – such as feedback to motivate a more thrifty
use of electricity [8]. In practical settings the accuracy of
NILM approaches suffers from the need for high frequency
measurements and for time- and data-intensive training pro-
cedures [20, 11]. Our work differs substantially from NILM
approaches as we do not aim at determining the consumption
of individuals appliances but at identifying high-level char-
acteristics of a household – like the number of people living
in it. Furthermore, we do not rely on data sampled at high
frequency but can cope with a much coarser granularity of
few samples per hour or even less.

Other related approaches focus on electricity consump-
tion data recorded at intervals of the order of minutes or
hours (typically 15, 30, or 60 minutes). Using such data
several authors have for instance analyzed the evolution of
consumption patterns over time [3, 1, 19]. In [3], De Silva et
al. propose a data mining framework and introduce an incre-
mental learning algorithm that identifies patterns in electric-
ity consumption data. Correlating these patterns over time,
the framework aims at predicting future electricity usage on
the consumer side – and thus at supporting supply manage-
ment on the provider side. Similarly, Abreu et al. employ
pattern recognition techniques to recognize habitual electric-
ity consumption behavior [1]. Leveraging self-organizing
maps, Verdu et al. can recognize consumption patterns that
deviate from a “typical” behavior as well as identify new
(commercial) customers [19]. These approaches focus on
identifying patterns in the available consumption data but do
not link them to specific characteristics of the household or



commercial building causing the patterns to appear. Further-
more, the results presented in the mentioned and related pa-
pers are based on small-scale data sets containing traces from
a number of household varying between 5 and 30. Instead,
in our work we consider consumption traces from more than
3,000 households.

A number of authors have also investigated the problem
of clustering consumers into groups that exhibit similar con-
sumption patterns. Knowledge about the existence and char-
acteristics of such clusters can be used to develop novel tariff
schemes, improve network management, or to perform load
forecasting. An early example of this class of approaches is
provided by Chicco et al. [2], who use consumption traces
from 471 customers of an electricity provider to perform au-
tomatic clustering. Analyzing the resulting clusters and cur-
rent tariffs of non-residential customers, the authors detect
examples of inefficient billing practices (e.g., in case there is
a poor correlation between discriminatory factors and actual
load patterns) [2].

Several other related approaches that analyze data sets
containing traces about a large number of different con-
sumers rely on so-called self-organizing maps (SOMs) [7,
4, 12, 16, 15]. A SOM is an unsupervised learning method
based on neural networks that can be used to automatically
extract clusters out of an otherwise unstructured (and unla-
beled) set of data. For instance, Figueiredo et al. use SOMs
to identify groups of consumers with similar consumption
behavior [7]. To this end, electricity consumption traces of
165 households are used to train a SOM and accordingly de-
velop a decision tree. In this way, each household can be
assigned to a group (i.e., to a cluster in the map) by fol-
lowing a set of rules specified by the structure of the tree.
Dent et al. follow a similar approach but base their analysis
on a different data set that consists of hourly measurements
of electricity consumption of 93 households in the UK [4].
McLoughlin et al. further investigated the problem of au-
tomatically clustering consumers with similar consumption
patterns [12]. The data set used in this study is however
significantly larger than others previously considered and –
although this is not explicitly stated in the paper – is most
likely to be the same data that we use for our investigation.
These three approaches build clusters using only the plain
electricity consumption data thus without computing com-
plex features of the data itself. Instead, Sanchez et al. [16]
first compute specific features of the data and then feed the
SOM with these features – along with additional informa-
tion obtained through questionnaires. To perform the exper-
iments presented in section 4 we use a number of the fea-
tures defined in [16]. In contrast to the approaches discussed
above, however, the goal of our work is to derive informa-
tion about the consumers from the electricity consumption
data instead of using this data to build classes of consumers
that exhibit similar consumption patterns.

Other authors – notably Rasanen et al. – have made use
of very coarse-grained consumption data (annual meter read-
ings) – along with detailed information about properties of
the corresponding dwellings – to cluster consumers and offer
them dedicated energy saving tips [15]. This approach also
relies on SOMs but in this case dwelling properties instead of

electricity consumption data – or features thereof – are used
to train the system. Last but not least, Kolter et al. [10] pro-
pose a method that leverages knowledge of dwelling prop-
erties (e.g., size, insulation, location) to estimate the most
likely energy consumption level of a household within the
dwelling. This estimation can the be compared against a
household’s own actual consumption – as well as against
that of similar households. Both Kolter et al.’s and Rasanen
et al.’s approaches differ from ours as we aim at estimating
household properties based on electricity consumption traces
instead of using information about the household to estimate
aggregated consumption levels.

3 Application-driven Analysis
This section describes the results of interviews that we

have performed with employees of three medium-size Swiss
energy providers. In the context of these interviews, we fo-
cused on a specific consumer-tailored service: energy con-
sulting. The goal of the interviews is to elicit the proper-
ties of a household whose knowledge is of highest value to a
provider that aims at offering an energy consulting service.

Several energy providers already offer their customers an
energy consulting service. However, the service is typically
not free and only offered upon request of the customer. En-
ergy providers are however subject to an ever increasing po-
litical and social pressure to contribute in reducing the over-
all energy consumption. As also outlined in our interviews,
several providers see the possibility to offer free energy con-
sulting services as a practical way to fulfill the mentioned
political “mandate” as well as to please customers. Further-
more, in case of a rise in energy prices the providers also
expect the number of customers that request an energy con-
sulting service to increase.

Each interview lasted about two hours and focused on five
main topics: 1) Identification and selection of customers rep-
resenting potential targets of energy consulting services; 2)
Typical flow of an energy consulting session; 3) Assessment
of potential savings; 4) Determination of potential energy
savings; 5) Use of outcome of the energy consulting session
(both for the customer as well as the provider); 6) Energy
consulting in the long-term.

The analysis of these interviews allows us to make the
following qualitative considerations. First, the interviewed
energy consultants believe that the availability of additional
information about the properties of a household can signif-
icantly support the preparation and execution of an energy
consulting session. Second, in order to offer energy con-
sulting services on a large-scale and in an efficient way,
providers must become able to automatically select cus-
tomers that are most likely to profit from the service. In the
remainder of this section, we discuss these considerations in
more detail.
3.1 Preparation and Execution of Energy

Consulting Sessions
As mentioned above the analysis of our interview data

shows that energy consultants consider the availability of in-
formation about a household valuable when preparing or ex-
ecuting a consulting session. The respondents indicate as
particularly valuable properties like the size of the household



– e.g., expressed in terms of floor area –, the number of bed-
rooms, and the number of adults and children living in the
household. All three respondents stress that even rough esti-
mates of these values, combined with available consumption
data, enable the consultant to gain a comprehensive picture
of the efficiency of the household and to formulate customer-
tailored recommendations. Further properties mentioned by
the respondents as particularly valuable include the number
and type of electrical appliances present in the household as
well as the type of space and water heating.

One of the respondents also notes that hints at potential
energy-wasting sources within the household are particularly
valuable. Such hints can be obtained by comparing house-
hold properties estimated from consumption data with ac-
tual properties surveyed with household occupants at the be-
ginning of a consulting session. Interestingly, the respon-
dent also mentioned that about 10% of the private customers
served by his company are likely to be affected by wiring er-
rors that might make them pay, for instance, for their neigh-
bor’s water heating due to a wrongly connected boiler. The
availability of information about household properties makes
detection of such flaws much easier for the consultant.
3.2 Selection of “High-potential” Customers

In order to make energy consulting services successful,
energy providers must become able to identify customers
that are likely to be pleased by – and can possibly profit from
– such services.

The analysis of our data shows that the interviewed con-
sultants consider two groups of households as particularly in-
teresting targets for an energy consultation: households with
a large energy saving potential, and households occupied by
certain types of consumers. The first category of households
can be identified by looking at high average consumption
(e.g., caused by a high number of appliances) as well as the
presence of inefficient appliances or of an old infrastructure.
The type of heating or cooling used in a household is for in-
stance relevant in order to select “high-potential” customers.
As for the second category, one of our respondents points out
that retired individuals represent an example of an interesting
class of consumers. Indeed, many retired individuals are of-
ten ready to invest their time and engage in a consulting ses-
sion and might be more keen in adapting their consumption
behavior. Another of the respondents also indicates “DINK”
(Double-Income-No-Kids) households as particularly inter-
esting as their occupants are more likely to invest in renova-
tion measures to improve their energy efficiency.

In summary, our application-driven analysis allows to de-
fine the following properties of a household as particularly
relevant in order to support energy consulting services: type
of employment of the occupants, number of adults/children
living in the household, type of space heating, type of water
heating, total number of appliances in the household, age
of the household dwelling. Whether these characteristics
can actually be detected from typical electricity consumption
data is discussed in the following section.

4 Data-driven Analysis
The goal of the data-driven analysis presented in this sec-

tion is to provide a list of household properties that can likely

Table 1. Household properties extracted from the ques-
tionnaires accompanying the CER data set.

(1) Properties related to the occupants of the household

Number of adults #adults
Number of children #children
Number of adults and children #persons
Adults at home during day #adults@home
Children at home during day #children@home
Persons at home during day #pers@home
Employment of chief income earner employment
Social class of chief income earner soc class

(2) Properties related to the dwelling

Type of dwelling type house
Relationship to property own house
Age of building age house
Floor area floor area
Number of bedrooms #bedrooms

(3) Properties related to the appliances in the household

Type of cooking facilities type cook
Type of water heating type water
Type of space heating type heat
Number of appliances #appliances
Percentage of energy saving lamps lighting

be automatically detected through the analysis of electric-
ity consumption data. These properties roughly correspond
to the classes that will be included in the first prototype of
our household classification system. The data-driven anal-
ysis also allows us to verify beforehand the existence of an
adequately significant overlap between the properties that are
interesting for realistic application scenarios – described in
the previous section – and those that can most likely be dis-
covered from the data.

Our analysis relies on the publicly available CER data
set, a collection of electricity consumption traces from 4,225
private households as well as from 485 non-residential con-
sumers. The traces contain measurements taken at intervals
of 30 minutes between July 2009 and December 2010, thus
for roughly 1.5 years. The data has been collected as part
of the Smart Metering Electricity Consumer Behaviour Trial
(CBT) carried out between 2008 and 2011 by the Irish Com-
mission for Energy Regulation (CER)2. Along with the raw
electricity consumption measurements, the data set also con-
tains the answers to questionnaires that have been compiled
by the participants of the study before and after the trial.
Among other relevant information, these answers reveal a
number of interesting properties of the observed households
like the number of persons living in the household and their
type of employment. Table 1 shows the complete list of prop-
erties that we extracted from the questionnaires in order to
investigate to what extent they can be inferred from the elec-
tricity consumption traces. The experiments presented below
are based on a subset of 3,488 out of the 4,225 traces avail-

2www.cer.ie



able from private households. The neglected data traces are
those for which questionnaires answers were not available.

For carrying out our data-driven analysis we utilize a self-
organizing map (SOM) – a well-known method to project
high dimensional data onto a 2-dimensional space [9]. A
SOM is an artificial neural network that relies on unsuper-
vised learning to group input vectors into regions of a map.
Each vector is assigned to a specific region depending on
its Euclidean (or other type of) distance to already mapped
vectors. Clustering procedures can then be applied to group
vectors within neighboring regions into clusters.

In our analysis, the input vectors consist of features we
extract from electricity consumption traces. If a large num-
ber of households having the same value for a specific prop-
erty are mapped to the same cluster on the map, we can con-
clude that it is also possible to classify households according
to this property – or class – using electricity data only. We
should however point out that this procedure does not pro-
vide a classification of the households. Indeed, we use the
SOM to explore the data set and to discover which classes
are more meaningful to be included in an automatic classi-
fication system. The implementation and evaluation of the
classification system itself is part of our future work.

Before discussing the results obtained by analyzing the
CER data set using a SOM, we first describe the features we
have defined to describe the electricity consumption traces.
4.1 Feature Extraction

Building and extending upon related work [16, 2, 7], we
define features based on consumption values of individual
days as well as aggregated over the entire week or over work-
days and weekends separately. In particular, we identify 4
groups of features: (1) consumption figures; (2) ratios; (3)
temporal properties; (4) statistical properties.

Consumption figures correspond to simple aggregates of
the actual consumption values of a household. For instance,
the minimum or maximum consumption values of a day or
the average consumption within a specific period (e.g., in the
morning or during the night) are referred to as consumption
figures. Ratios are quotients of average consumption val-
ues of different periods of a day. An example is the ratio
between the average consumption in the morning and that
during lunch-time. Temporal properties describe the time of
the day in which certain events occur. Examples include the
time where consumption reaches its daily maximum or the
time of the day at which a given consumption threshold is
exceeded for the first time. Finally, statistical properties al-
low to capture qualitative characteristics of the consumption
curve. For instance, in order to determine how consumption
profiles (of the same household) correlate to each other over
subsequent days we compute the cross-correlation between
these profiles. Table 2 provides a list of all features we define
and use in the context of this work. The table also shows the
labels (on the right column) we use to indicate the different
features. The intervals morning, noon, evening, and night
are defined as the time periods 6 a.m. – 10 a.m., 10 a.m. –
2 p.m., 6 p.m. – 10 p.m., and 1 a.m. – 5 a.m., respectively.

To perform our experiments we first compute all the fea-
tures described above for each household. To this end, we
use the consumption data corresponding to a single week of

Table 2. List of features used to build the input vectors of
the self-organizing map. P̄ denotes the 30-minute mean
power samples provided by the data set.

(1) Consumption figures

P̄ (daily) c day
P̄ (daily, weekdays only) c weekday
P̄ (daily, weekend only) c weekend
P̄ for (6 p.m. – 10 p.m.) c evening
P̄ for (6 a.m. – 10 a.m.) c morning
P̄ for (1 a.m. – 5 a.m.) c night
P̄ for (10 a.m. – 2 p.m.) c noon
Maximum of P̄ c max
Minimum of P̄ c min

(2) Ratios

Mean P̄ over maximum P̄ r mean/max
Minimum P̄ over mean P̄ r min/mean
c night / c day r night/day
c morning / c noon r morning/noon
c evening / c noon r evening/noon

(3) Temporal properties

First time P̄ > 1kW t above 1kw
First time P̄ > 2kW t above 2kw
First time P̄ reaches maximum t daily max
Period for which P̄ > mean t above mean

(4) Statistical properties

Variance s variance
∑(|P̄t − P̄t−1|) for all t s diff
Cross-correlation of subsequent days s x-corr
#P̄ with (P̄t − P̄t±1 > 0.2 kW) s num peaks

Figure 1. Clusters obtained when training the SOM using
input vectors that contain all the features listed in table 2.



(a) Employment status of the chief income earner of the house-
hold (employment property).

(b) Time-controlled water heating (type water property).

(c) Number of appliances present in the household (#ap-
pliances property).

(d) Ownership statistics of the household (own house prop-
erty).

Figure 2. Distribution of selected household properties over the different clusters.

the CER trial. We then normalize the values of the features
using the unit variance scaling method [17]. This normaliza-
tion is necessary since we use the computed features as the
components of the input vectors of a SOM. In particular, we
use the Euclidean distance as the function that determines the
distance between different input vectors and, thus, their posi-
tion on the SOM. Due to their different nature these features
might however exhibit values of very different magnitude.
Without normalization, features with large absolute values
would thus bias the computation of the Euclidean distance
between input vectors and “mask” the effect of features with
small(er) magnitudes [17].
4.2 Using SOMs to Discover Interesting

Household Properties
To implement the SOM we use the SOM Toolbox 2.0 de-

veloped for Matlab by researchers at the Helsinki University
of Technology.3 This tool automatically determines the final
number of clusters into which the input data is grouped. In
particular, it determines a first set of regions on the map us-
ing all the input vectors and then applies a k-clustering filter
to balance the map and reduce the total number of regions.

Figure 1 shows the map resulting from feeding the SOM
with input vectors that contain all the features listed in table 2
as their components. The input vectors are grouped in 15
clusters. All clusters are of about the same size and contain
roughly the same number of households.

While figure 1 displays the final output of the SOM, it

3www.cis.hut.fi/somtoolbox/

does not allow to draw the conclusions we are actually inter-
ested in, i.e., if the features computed on the electricity con-
sumption data actually cause households with similar proper-
ties to get “naturally” grouped together on the map. To ana-
lyze this aspect we can display the percentage of households
that exhibit a specific property in each of the clusters iden-
tified by the SOM. Figure 2(a), for instance, displays these
percentages for the property employment, which describes
the employment state of the chief income earner (CIE) of
the household. The plot shows that the CIEs of about 80%
of the households assigned to clusters 7, 9, and 12 are em-
ployed, while this percentage decreases to about 30% for
clusters 15, 10, and 3. This means that the employment sta-
tus of the CIE is a property that can likely be discovered from
the data, as it is distributed unevenly over the different clus-
ters. In contrast to this, the percentage of households that
have a time-controlled water heating is nearly the same in all
clusters, as shown in figure 2(b). This means that using the
set of features we have defined it is most likely not possible
to determine automatically whether a household has a time-
controlled water heating or not. Similarly, figure 2(d) also
shows that the property own house, which tells whether the
occupants of the household are also its owners, can hardly
be distinguished according to the clustering provided by the
SOM. On the other side, figure 2(c) shows that detecting
whether a household has a number of appliances higher than
a given threshold might indeed be possible, although not
straightforward. In particular, about 80% of the households
included in cluster 15 have less than 6 appliances. In con-
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Figure 3. Component planes of a subset of the features used to train the SOM.

trast to this, nearly all of the households included in cluster
13 have more than 4 appliances. The results obtained by
analyzing the plots relative to all other properties defined in
table 1 are not reported here due to space constraints.

As an outcome of our data-driven analysis we can con-
clude that the following properties are most likely to be
inferable from electricity consumption data: employment,
type cook, #bedrooms, floor area, soc class, #pers@home,
#persons, #appliances. We thus argue that by applying
standard classification techniques to electricity consumption
data, it is possible to automatically classify private house-
holds according to these properties. The implementation of
such a classification system is part of our future work. The
other properties listed in table 1 that are not mentioned here
appear accordingly less likely to be automatically detectable
using electricity consumption data.
4.3 Component Planes and Feature Selection

To further analyze the clustering performance of the SOM
it is also interesting to observe the so-called component
planes. A component plane displays how a single feature
is distributed over the map or, equivalently, how the feature
contributes to the final shape of the map. For instance, the
upper left plot in figure 3 shows the component plane rel-
ative to the feature c day, which represents the daily elec-
tricity consumption of a household. A different color cor-
responds to a different value of the feature (as indicated by
the color bar on the right of each plot). The plot shows that
households with a low average consumption are assigned to
the top of the map while households with high consump-
tion tend to cluster on the lower right corner. A far less
regular distribution is instead exhibited by the component
plane relative to the feature t daily max – also shown in
figure 3 – which describes the time of the day at which
the maximal value of electricity consumption is reached.
Figure 3 displays other examples of features with fairly
regular (c morning, c weekday, c weekend, s variance,
r mean/max, r min/mean, r night/day, r evening/noon) or
quite irregular (s x-corr, t above mean) component planes.

Features whose component planes exhibit a “regular” dis-

tribution over the map are likely to induce a similarly regular
structure on the overall map, which is the map that results
from a combination of all component planes. In contrast,
an “irregular” component plane indicates a feature that does
not succeed in inducing a regular clustering. This observa-
tion can be used to select a subset of the features that can
help improving the final classification results. For instance,
training the SOM using only the features with a regular dis-
tribution results in a map with only 3 clusters instead of the
15 obtained in the first experiment. Whether this also helps
improving the final household classification results will be
evaluated in our future work. However, the results obtained
observing the component planes of the SOM offer valuable
hints to identify the set of features that should first be con-
sidered when setting up our envisioned classification system.

4.4 Selection of Household Groups
Recalling the results from our interview sessions with

the energy consultants, it is also of high interest to energy
providers to select “high-potential” households among all
customers. Our data-driven investigation shows that prop-
erties employment and #appliances are distributed unevenly
over the different clusters of the SOM. We thus further ex-
plore our SOM-based analysis to enable the selection of
households that very likely have an employed CIE or more
than 6 appliances. To this end, we leverage the SOM trained
with electricity consumption data as described above. Scan-
ning the SOM we subsequently add households to groups
based on their position on the SOM. To determine house-
holds whose chief income earner (CIE) is most likely em-
ployed, we scan the SOM from the left to the right. This
direction is motivated by the fact that clusters that contain
households with an employed CIE are located at the left of
the SOM depicted in figure 1. Also, this is how features
related to consumption ratios (e.g., r evening/noon) – indi-
cating employment – are directed in the component planes.
Similarly, we scan the map from the bottom to the top to
identify households with a large number of appliances.

To evaluate this household selection method we scan the
map two times, adding households to group 1 (by scanning



the map from the left to the right) and to group 2 (scanning
it from the bottom to the top). We consecutively compute a
success factor for each group, which we define as the num-
ber of households in the group that have an employed CIE
(group 1) or more than 6 appliances installed (group 2) – both
divided by the total number of households in the group. Fig-
ure 4 shows the two success factors depending on the number
of households added to the group while scanning the SOM.
The x-axis describes the number of households in a group,
and the y-axis gives the success factor (i.e., the probabil-
ity that a randomly selected household from this group has
an employed CIE or more than 6 appliances, respectively).
The graph shows that it is possible to select a small number
of households with a high probability, i.e., of the first 500
households added to group 1, 87% have an employed CIE.

Figure 4. Success factor of a customer selection method
based on self-organizing maps.

5 Conclusions and Outlook
In this paper, we have addressed the problem of perform-

ing automatic classification of private households using the
data collected by digital electricity meters. In particular, we
have identified a set of properties of the households that can
be both relevant and promising to look for. To this end, we
first elicited a set of relevant properties by performing in-
depth interviews with employees of three different energy
providers. We then analyzed a large data set of electricity
consumption traces using a self-organizing map. Our anal-
ysis showed that there exists a set of household properties
that are likely to be inferable from electricity consumption
data using common classification methods. For instance, our
results show that properties like the size of a household and
the income of its occupants are both highly useful to energy
providers as well as very likely to be inferable from elec-
tricity consumption data. The identification of such proper-
ties represents a necessary first step towards the investigation
of the potential of automatic classification of private house-
holds using electricity consumption data. As a next step in
this line of research, we will focus on the actual classifica-
tion problem and address both the selection of adequate clas-
sifiers as well as the corresponding optimal feature sets.
6 Acknowledgements

The authors would like to thank the interviewees for their
valuable contribution. This work has been partially sup-
ported by the Hans L. Merkle Foundation, by NCCR-MICS

funded by the Swiss National Science Foundation, and by
the LOEWE Priority Program Cocoon, a research initiative
of the state of Hesse, Germany.
7 References
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