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Abstract. In this work we present a practice-oriented approach for gen-
erating load profiles as a means to forecast energy demand by using smart
metering time series. The general idea is to apply fuzzy clustering on his-
toric consumption time series. The segmentation yielded helps electricity
companies to identify customers with similar consumption behavior. This
knowledge can be used to plan available energy capacities in advance.
What makes this approach special is that this approach segments con-
sumption time series by time in addition to identifying customer groups.
This is done not only to accommodate for customers potentially behaving
completely different on working days than on local holidays for example,
but also to build the resulting load profiles in a way the electricity com-
panies can adapt with minimal adjustments. We also evaluate our app-
roach using two real world smart metering datasets and discuss potential
improvements.

Keywords: Big data · Data mining · Knowledge discovery · Clustering ·
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1 Introduction

When electricity companies are confronted with the task to ensure the availabil-
ity of energy for every customer, they are faced with the important obligation
to announce the demand to the energy producers in advance. This is due to the
fact that energy producers require lead time to ensure the availability of neces-
sary capacities. Thus, in order to be able to announce the demand in advance,
electricity companies require a means to forecast the total energy demand of
their customers.

In general however, the electricity demand is not known in advance. Among
other things, this is because not every customer behaves the same on every day;
for example, it seems reasonable that during working days energy consumption is
different from weekends. In addition, customers like families, singles, agricultural
organizations and businesses typically each have different daily routines and thus
might genuinely differ in their consumer behavior. To forecast the energy demand
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for all customers, electricity companies use so called load profiles. In the case of
Germany, the specific profiles used are usually the standard load profiles released
by the “Bundesverband der Energie- und Wasserwirtschaft” (Federal association
of the energy and water economy). These profiles, having been created during
the 1990s, have not been adjusted to the technological advances and are thus
deemed as an increasingly bad model to forecast the energy demand [28]. Due to
the growing competition and legal obligations like the liberalization of the energy
market and the policies towards green energy usage, there is an increasingly high
interest and necessity to convert the information available thanks to modern
technologies into valuable knowledge [15]. In this paper we focus on applying
fuzzy clustering [5] on smart metering time series to generate load profiles as
a means to provide such knowledge. We also assess our approach in the way
electricity companies in Germany implement load profiles; we do think however
that assessments in other regions might be comparable.

2 Related Work

Along with the increasing amount of data electricity companies and regulators
can measure, process and analyze during the past decades, research towards
understanding and making use of this kind of data gained significant atten-
tion [10,19,24]. These fields of research include, but are not limited to, outlier
detection [29], marketing and tariff optimizations [9,21]. [2,22] present methods
to predict long-term changes of the aggregated energy load. Publications that
rely on clustering often choose K-Means to analyze the data [4,11,16,23,25]
or approaches based on it [20]. Newer publications also increasingly use fuzzy
clustering [19,27,29] and include newer technologies like Smart Metering [3,12].

In this paper, we continue our previous work [6] and present an approach
based on fuzzy clustering [5] for electricity companies to generate load profiles
using smart metering time series. We focus on not only identifying customer
groups to aggregate customers with similar consumption behavior, but also to
dynamically find day types, which help to model long- and short-term periodic
changes in consumer behavior. We also assess our approach using two real-world
smart metering datasets and grade the quality of the energy forecast in a way
closely related to how electricity companies would evaluate the generated load
profile in a production environment.

3 Structure of Load Profiles

When electricity companies forecast the energy demand and negotiate corre-
sponding capacities with producers, they typically assign one load profile and a
year consumption forecast (YCF) to each customer. Load profiles work by seg-
menting all calendar days into groups of so called day types and by segmenting all
customers into customer groups. The idea behind the usage of day types is that
customers tend to have a finite set of genuinely different daily routines. Exam-
ples for this type of behavior are that office employees typically consume less
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energy at home on working days and more on weekends, while seasonal events
like funfairs orientate themselves by local holidays. Load profiles allow for differ-
ent day types to accommodate for these trends. However, each customer group
gets assigned exactly one consumption pattern on a given day type, which is
why this model expects a customer to behave the same for all calendar days
belonging to the same day type. This is a rather strong simplification as cus-
tomers rarely behave exactly the same, even on days with the same daily routine.
Thus, load profiles expect a consumption pattern assigned to a set of customers
to be representative and to even out deviations between individual consumer
behaviors and their associated consumption pattern. This characteristic makes
load profiles bad at forecasting the energy demand of a single user, but useful
at the use case relevant for electricity companies, which is predicting the aggre-
gated total demand. Thus, a good day type segmentation groups calendar days
in a way such that the total demand over the course of a day on calendar days
belonging to the same day type are as similar as possible while aiming to make
the total demand on calendar days belonging to different day types as dissimilar
as possible. This task description closely matches the goal of generic clustering
algorithms which is why we opted to rely on fuzzy clustering for our approach.

Another important aspect of load profiles is the aforementioned year con-
sumption forecast (YCF) assigned to each customer. This YCF is needed because
the consumption patterns used by load profiles are represented by one normalized
time series. The normalization is done to ensure that the consumption patterns
describe only the shape of the consumer behavior, rather than the total amount
used. When used in practice, the model will first determine what day type the
calendar day for which a prognosis shall be generated belongs to. Depending on
the regularity and complexity of day type patterns, this can be done via rule
sets or using the help of an analyst. The appropriate consumption pattern of
each load profile is then chosen depending on the day type. The aforementioned
YCF of each customer is then used to scale the applicable consumption pat-
tern to match the estimated demand. Specifically, scaling is done so that the
estimated total energy demand from the beginning to the end of a given year
equals the YCF, which in turn requires the model to be able to forecast the day
type segmentation for an entire year. Including the YCF as part of the model
accommodates for customers with similar daily routines but different total con-
sumption. In the next section, we describe an approach to generate such load
profiles.

4 Generating Load Profiles

Due to the way load profiles are structured when used in practice, our approach
for building them consists of three stages:

1. Determine the optimal number of day types as well as their segmentation onto
the individual calendar days. In addition, compose rules to classify future
calendar days.
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2. For each day type, determine the optimal number of consumption patterns
and their characteristics.

3. Compile load profiles by combining former results and assign a profile to each
customer.

4.1 Day Type Segmentation

The most important criteria for the day type segmentation is finding calendar
days where the total energy consumption is sufficiently dissimilar. In addition,
the quality of the process of building the partitions must satisfy the properties
of being independent of the number of measurements available and focussing on
the shape of the consumption time series rather than on the amount of energy
consumed. Requiring these properties is based on multiple reasons. First and
foremost, independence from the number of customers is desirable because it
enables electricity companies with both small and big customer bases to use the
approach. It also helps to diminish the impact of missing values introduced by
temporary malfunctions in the way measurements are gathered, transmitted and
processed. As we demonstrate in Sect. 5.1, management of missing values in the
available time series is a non-negligible task in real-world datasets. In addition,
focusing on the shape of the consumption time series is required because the
daily routine that will be predicted by the load profiles is scaled using the year
consumption forecast (YCF) as mentioned in Sect. 3. Thus, we want customers
whose consumption behaviors differ almost only by a scalar to be assigned to
the same load profile. The YCF of a given customer for the current year itself
is usually known in advance; common ways electricity companies calculate the
YCF include setting it equal to the total energy consumed in the previous year
by said customer, or using a moving average of the total consumption over the
last periods. Because of this, even though the YCF is used in combination with
the load profiles when forecasting the energy demand, it is not part of the process
of building the load profiles themselves. As a result, for the purpose of this paper,
we assume the YCF to be known when evaluating our approach.

To construct the day type segmentation, we first build a new time series
X = {x1, x2, ..., xT } for each point in time tj , 1 ≤ j ≤ T using the smart
metering time series Si, 1 ≤ i ≤ N as follows:

xj :=
1
Nj

N∑

i=1

si,j
Y CF i,j

(1)

Here, N stands for the number of distinct customers and Nj represents the
total number of measurements available for tj . The term YCF i,j is a time series
specific scalar we use to normalize each customer; it represents the aforemen-
tioned year consumption forecast for the customer associated with Si for the
year that tj belongs to. This enables us to solely concentrate on the shape of
the consumption time series during clustering. The time series X can be vividly
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descriped as an average time series of all normalized smart metering time series.
Using X we subsequently construct dataset D with elements dl as follows:

D :=
{
dl := (xj , ..., xj+m)

∣∣∣∣
∀a with 1 ≤ j ≤ a ≤ j + m ≤ T :
ta belongs to the l-th calendar day

}
(2)

The term (m + 1) describes the number of measurements per day. Since smart
metering time series are typically measured at fixed points in time, e.g. every
15, 30 or 60 min, each dl corresponds to a 96-, 48- or 24-tuple, respectively.
Afterwards we apply clustering on the dataset to retrieve a good day type seg-
mentation. In principle, an arbitrary clustering algorithm can be used for this
task. For our purposes, we have opted to use Fuzzy-C-Means [5] as the clustering
algorithm and repeat the clustering process with different values for the number
of clusters c; the optimal value for c is then determined using a variety of Cluster
Validity Indices [7]. The reason we chose Fuzzy-C-Means is its tendency to build
spherical clusters [7] as this better conforms to the way load profiles are expected
to even out derivations between the individual consumption time series belong-
ing to the same customer group by using a representative consumption pattern
as outlined in Sect. 3. The optimal clustering yielded by this procedure is the
desired day type segmentation. By knowing which dl got assigned to the same
cluster and which calendar days they represent, it is possible to determine which
calendar days belong to the same day type. For categorizing future calendar days
we rely on the expertise of an analyst to review the day type segmentation and
derive rulesets based upon obeserved regularities.

4.2 Identifying Typical Consumption Patterns

To determine the optimal number and characteristics of customer groups and
their corresponding consumption patterns, we look at the smart metering data
available for each day type separately. For this purpose, let Kn, 1 ≤ n ≤ L be
the sets of day types built in Sect. 4.1 where each Kn contains its matching tj .
We then construct the disjoint sets Pn, 1 ≤ n ≤ L with elements pe,n as follows:

Pn :=

⎧
⎨

⎩(yi,j , ..., yi,j+m)

∣∣∣∣∣∣

∀a, b with 1 ≤ j ≤ a, b ≤ j + m ≤ T :
ta, tb ∈ Kn and yi,a, yi,b belong to

the same calendar day

⎫
⎬

⎭ (3)

with yi,j :=
si,j

YCF i,j

Each Pn is, similar to D, a dataset where smart metering measurements have
been aggregated to (m+1)-tuples. Pn however does only contain data belonging
to the day type Kn and contains the individual normalized measurements yi,j
rather than the average of the normalized measurements. Each Pn is then indi-
vidually segmented using clustering. Contrary to identifying the day type seg-
mentation however, this time we are restricted to centroid-based clustering algo-
rithms. The reason for this is that the cluster prototypes Cq,n, 1 ≤ q ≤ cn,optimal
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for a given Pn that have been deemed optimal by the algorithm directly cor-
respond to the desired typical consumption patterns for the day type Kn. For
our experiments, similar to the day type segmentation, we have opted to use
Fuzzy-C-Means, try different values for the number of clusters c and evaluate
each segmentation using Cluster Validity Indices.

4.3 Compiling Load Profiles

Load profiles as outlined in Sect. 3 can be represented as a set of L-tuples where
the n-th entry contains the consumption pattern to use for calendar days assigned
to Kn. In order for a set of load profiles to be usable however, we also require a
way to assign each customer exactly one load profile; ideally the one that best
suits him. Thus we propose to individually build the optimal load profile for
a given customer based on the available consumption patterns and assign the
constructed load profile to the customer in the process. For this purpose, let each
customer be represented by its smart metering time series Si. We then propose
that for the day type Kn a given customer gets assigned to the consumption
pattern Cq,n if the highest membership degrees of Si-based elements of Pn most
commonly point to Cq,n.

Algorithm 1. Compiling load profiles
Input: Si, Pn,Kn, Cq,n, Un

Output: set of all load profiles G, set of profile assignments Z
1: G ← ∅
2: Z ← ∅
3: for i = 1 to N do
4: for n = 1 to L do

5: H [n] ← Cq,n with q := arg maxq′

∣
∣
∣
∣

{

pe,n

∣
∣
∣
∣

∃j : (yi,j , ..., yi,j+m) = pe,n
∧ �q′′ : uq′′,e,n > uq′,e,n

}∣
∣
∣
∣

6: end for
7: G ← G ∪ H
8: Z ← Z ∪ (Si, H)
9: end for

10: return G,Z

This procedure is illustrated in Algorithm 1. Here, the profile assignments
Z are described by a set of 2-tuples where the first entry contains the customer
Si and the second entry the load profile H constructed for him. H itself is
a L-dimensional array with H [n] containing the consumption pattern for the
day type Kn. The uq,e,n ∈ Un used in Algorithm 1 correspond to the final
membership degree of the dataset-tuple pe,n towards the consumption pattern
Cq,n we determined in Sect. 4.2 via Fuzzy-C-Means.
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5 Evaluation

5.1 Description of Datasets

To evaluate the performance of our approach we have used two real world smart
metering datasets which are both visualized in Fig. 1.

The first one, which we will call the BTU-Dataset, contains a total of 7668
distinct customers with a resolution of 1 measurement every hour over the course
of 26 months. Because this dataset is provided in cooperation with a German
electricity company who had a complete rollout of smart meters, we are able
to test our approach under realistic conditions. The dataset is maintained and
made available by the BTU EVU Beratung GmbH [1].

The second dataset, which we will refer to as the CER-Dataset, consists of
6445 distinct Irish customers with 1 measurement every 30 min over the course of
18 months. It is provided by the Irish CER (Commission for Energy Regulation)
and accessed via the Irish Social Science Data Archive (ISSDA) [8].

Since both datasets contain real world data they are also subject to tempo-
rary technical failures, e.g. by any of the smart metering devices installed in the
homes of the consumers or by network transmission errors. In either of these
cases, a missing value is introduced into the respective dataset.
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Fig. 1. Overview of (a) the BTU-Dataset and (b) the CER-Dataset. The black colored
graphs show the sum of the energy consumption of all customers (applied on the
primary axis); the grey colored graphs show the number of non-missing values from
distinct customers available for a given point in time (applied on the secondary axis).

5.2 Results

To derive the optimal segmentation of the day types and consumption patterns
for both datasets, we have preprocessed each dataset according to Eqs. 2 and 3.
As for the year consumption forecast required to normalize each time series, we
used the total energy consumed per customer per year:

YCF i,j :=
∑

j′∈Zj

si,j′ with Zj :=
{
j′ ∣∣ tj′ belongs to the same year as tj

}

(4)
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Fig. 2. Comparison of the actual consumption (black graph) and the consumption
predicted using the load profiles based on 2 day types and 2 consumption patterns
per day type (light gray graph) for (a) the BTU-Dataset and (b) the CER-Dataset.
The dark gray graph shows the absolute difference of the actual consumption and the
forecast. The apparent outlier on march 29 is due to a switch from standard time to
daylight saving time.

To handle the missing values present in both datasets, we have incorporated the
Partial Distance Strategy [14] adaptation of Fuzzy-C-Means, which has shown
a solid performance in experimental evaluations [17], using different values for
c (2 ≤ c ≤ 25). Since Fuzzy-C-Means uses random coordinates as the starting
configuration of the cluster prototypes, we have opted to improve the statistical
significance of our results by independently repeating the clustering process for
every value of c a total of 100 times each. We have then used the Cluster-
Validity-Indices Partition Coefficient [7], Normalized Partition Coefficient [17],
Compactness & Separation by Xie and Beni [7], Compactness & Separation by
Bouguessa, Wang and Sun [7], Fuzzy Hypervolume [13] and Partition Density
[13] to evaluate each clustering and choose the best day type segmentation as
the basis for the following consumption pattern analysis, as well as choose the
best consumption pattern segmentation as the basis for the following load profile
compilation.

Some of these day type segmentations are visualized in Fig. 4 and are further
discussed in Sect. 5.3. In order to test the accuracy of the profiles, we have excluded
the last month of smart metering data from both the BTU-Dataset and the CER-
Dataset while building the load profiles; we have then used the formerly excluded
month to compare the actual consumption in that month with the one predicted by
the profiles. Some of our results are exemplary shown in Fig. 2. If an electricity com-
pany were to use these load profiles, they would plan their buy-in of energy accord-
ing to the forecast-graph. Because the forecast is known and necessary capacities
can be planned for in advance, they are relatively cheap fromabusiness standpoint.
Deviations fromthe actual total consumptionhowever, bothbyoverestimating and
underestimating the actual demand, require extremely short-term adjustments in
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Fig. 3. Ratio of the deviations and the actual consumption in percent yielded by the
load profiles generated using different values for the number of day types and the
number of consumption patterns. The graphs visualize the results for (a) the BTU-
Dataset and (b) the CER-Dataset.
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Fig. 4. Overview of the segmentations of day types for the (a) (b) BTU-Dataset and
(c) (d) CER-Dataset yielded by using different values for the numbers of day types.
The graphs have been colorized depending on which cluster the total consumption time
series has been assigned to on a given day.

the amount of energy circulating in the energy grid. Because of the ad hoc nature,
their limited availability and the importance of these adjustments in terms of pre-
venting electricity outages, the cost of these reserves are generallymuchhigher than
long-term agreements with producers. Thus, electricity companies typically aim
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to keep deviations to a minimum and assess load profiles by the amount of energy
they are required to trade using the aforementioned short-term reserves to meet
the actual demand. This performance can be made comparable between electricity
companies of different sizes by looking at the ratio of the deviations and the actual
consumption [18]. The results of our approach are shown in Fig. 3. These results
pose a significant improvement over the standard load profiles that are in use by
most electricity companies today. Electricity companies using standard load pro-
files typically achieve ratios of roughly 14% [18]. In the next section, we will present
and discuss ideas to further improve the accuracy of load profiles generated by our
approach.

5.3 Improvements

The idea behind the segmentation of the total energy consumption is to identify
periods of time in which consumption patterns genuinely differ from one another.
Since we are only interested in accurately forecasting the total energy demand
rather than focussing on predicting the consumption of individual customers,
it is reasonable to use the same consumption patterns for each customer on
days where the total consumption is not expected to be significantly dissimilar.
Figure 4 shows a subset of the segmentation we got for the day types for the
BTU-Dataset and the CER-Dataset. One striking property of the clustering
using four or less day types is that it roughly resembles the seasonal segmentation
manually chosen in other publications, e.g. in [26,27]. Increasing the number of
day types further however, it becomes progressively clear that, for both datasets,
the identification of day types has approximately resulted in segmenting the data
according to a threshold filter. This fact by itself does not necessarily mean the
segmentation is flawed; however, while the load profiles based on these day type
segmentations have resulted in a significant performance improvement compared
to the standard load profiles as pointed out in Sect. 5.2, the repeating sine-shaped
pattern visible in the graphs has prevented our approach to compare the daily
consumption tuples based on their shape.

This yearly periodic pattern with its peak near the end of december is some-
thing we also see in a similar fashion in many other (non smart metering based)
total consumption time series. Because of this, we propose to apply a high-pass
filter on the dataset to create the load profiles based only on the daily consump-
tion behavior of the individual customers. We propose this high-pass filter to
be used during both the day type segmentation as well as the identification of
typical consumption patterns. The yearly periodic pattern is then reapplied onto
the time series when the load profiles have been later used to forecast the energy
demand. A candidate to fulfill these requirements is the Fourier transformation,
where the lowest-frequency terms from the total consumption time series can be
used to describe and filter the yearly periodic patterns from the dataset.

Another optimization we propose is to change the function for computing the
dissimilarity between tuples. For our experimental results presented in Sect. 5.2
we have used the partial distance, an adaptation of the euclidean distance for
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missing values originally introduced in [14]. However, to make the process of gen-
erating load profiles more sensitive to minimize these costly deviations between
the total energy consumption and its forecast, we propose to adapt the man-
hattan distance to handle missing values. Using this distance function and the
high-pass filter derived by using the Fourier transformation more closely com-
plies to our original vision to compare consumer behavior based on their shape
and optimize for low deviations between forecast and the actual total consump-
tion.

6 Conclusion and Future Work

In this paper we have introduced a clustering method for generating load profiles
using smart metering time series. In order to tailor our approach to the specific
needs of electricity companies we have incorporated the use of consumption
patterns and day types the same way they are treated by the industry. Further-
more, our method does predetermine neither the number nor the shape of the
consumption patterns or day types. Our findings show that using the presented
approach results in a significant improvement regarding the deviations between
the forecasted total demand and the actual energy consumption compared to
the standard load profiles typically in use. This helps electricity companies to
better plan the buy-in of energy ahead of time, which lowers costs and improves
the security of the energy supply. In addition, we have presented and discussed
possible enhancements for our method which we plan to further investigate in
future publications.

As of now, our approach requires the load profiles to be generated from
scratch each time new smart metering data is available. While this is not a
major concern for typical use cases since load profiles are usually changed at
most once per year, there is an interest to reduce the required computation
time, e.g. by looking into ways incrementally add new smart metering data as
it becomes available. This might be one potential area for future research.
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