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Abstract: The recent development of renewable energy sources (RES) challenges energy
systems and opens many new research questions. Energy System Models (ESM) are
important tools to study these problems. However, including RES into ESM strongly
increases the model complexity, because one needs to model the fluctuant,
weather-dependent electricity production from RES with a high level of granularity. This
leads to long execution times. To deal with this issue, our objective is to reduce the
input time series of ESM without losing their energy-related key characteristics, such as
weather-dependent fluctuations in production or peak demands. This task is challenging,
because of the variety and high-dimensionality of the data. We describe a carefully
engineered data-processing pipeline to reduce energy time series. We use Self-Organizing
Maps, a specific kind of neural network, to select “representative days”. We show that
our approach outperforms the existing ones with respect to the quality of ESM results,
and leads to a significant reduction of ESM execution times.
ACM CCS:
Computing methodologies → Cluster analysis; Applied computing → Forecasting
Keywords: Energy System Models, Self-Organizing Maps, Data Reduction, Forecasting

Renewable energy sources (RES) will soon have the largest share of electricity production in many countries.
These sources, such as wind and photovoltaics (PV), are
weather-dependent – a challenge for energy systems and
markets. To study the development of energy systems,
so-called Energy System Models (ESM) have been proposed. In recent years, their focus is on understanding
the impact of fluctuating electricity production [1].
In a nutshell, an ESM simulates parts of an energy system – or an entire one – in order to study various research questions. Thereby, a broad spectrum of techniques
are used for modeling. Mathematical optimization is often used to determine the minimum system costs under
various constraints (e.g., political or environmental) for
a given geographical area and a pre-defined time horizon, which can range from days to decades, and the area
may be arbitrarily large. An ESM outputs a solution in
terms of financial costs, greenhouse gas emissions, use
of natural resources, energy efficiency, etc.
ESMs can be complex, and they do not scale well with
high-resolution data [2]. On the one hand, large input
data tends to lead to long execution times, i.e., hours
to days. On the other hand, naive data reduction, e.g.,
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1 Introduction
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Figure 1: Wind, PV and Electricity Demand Profiles

via aggregation, reduces the quality of model results by
much. This is because energy-related key characteristics,
such as fluctuations or peak demands, are lost.
Figure 1 graphs the normalized electricity production
from wind and PV and the demand in four countries on
the first day of 2015. PV shows a Gaussian-like profile, of
varying mean and amplitude. Wind in turn is rather irregular and fluctuant. The lower part shows the “average
day” for that year. Averaging days together – known as
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the “typical day” approach [3, 2] – is a common way
to reduce the input data for ESM. By comparing the
wind profiles, one can see that averaging loses much information: One can no longer observe any fluctuation in
electricity production from wind. This kind of reduction jeopardizes the output of ESMs, since the RES data
is not realistic anymore. However, one still needs to reduce the volume of data to keep ESMs solvable within
acceptable execution times.
Consequently, reducing the execution time of ESMs by
reducing energy data without destroying the energyrelated key characteristics of the data is challenging.
Several methods to reduce energy data have been recently proposed [4, 5, 6]. They all target at selecting
days which are “representative” of the data.
However, when extending the analysis to larger scales,
e.g., to the European level, or to more fine-granular data, we find that existing methods are ineffective.
For example, let us assume that one wants to select a
day from a year, when the data consists of three energy
time series from four countries, with one measurement
per hour. The problem is equivalent to selecting a point
with 3 ∗ 4 ∗ 24 = 288 dimensions from a set of 365 points.
In other words, the problem is “high-dimensional”.
Existing state-of-the-art methods, relying on distancebased clustering, fall prey to the so-called “curse of dimensionality” [7], and the selection of days is only marginally better than random.
Our main contribution is proposing a carefully engineered data-processing pipeline to reduce high-dimensional
energy time series. It leads to superior results compared
to the state of the art. We also show that Self-Organizing
Maps (SOM) [8], a prominent type of neural network,
helps in our specific context. SOM gives way to good
ESM results with a high reduction in execution times.
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Figure 2: Schema of our pipeline

sults suggest that the best method heavily depends on
the input data and the model constraints.
While averaging is outperformed by all other methods,
no approach yields the best results for all problems. A
crucial drawback of the methods used so far is that they
are ineffective with high-dimensional data. The reason
is that the sparsity of the data increases exponentially
with increasing number of dimensions such that, for metrics based on all coordinates, e.g., the Euclidean distance, the relative differences in the distances between each
pairs of points become dramatically smaller and smaller
[11, 12]. In this context, SOM seems to be a particularly
promising approach. Bação et al. [13] compare k-means
to SOM and conclude that SOM is superior as it leads
to a better exploration of the search space. Mangiameli et al. [14] show that it yields higher accuracy than
hierarchical clustering. SOM was applied in Astel et al.
[15] to cluster a large data set of chemical indicators
and in Park et al. [16] to select representative species
for ecological communities.
In comparison, this study is – to our knowledge – the
first to propose a generic pipeline to reduce energy time series, and to consider SOM as a means to reduce
reducing energy data.

2 Related Work

3 Pipeline for Data Reduction

Clustering algorithms have been widely used to reduce
time series for ESMs. Heuberger et al. [9] use k-means
to reduce the size of a raw data set for their generation
expansion model, and Green et al. [10] use it to cluster electricity demand and wind generation data. They
conclude that reducing the input data to 10 days (10
clusters) yields a good trade-off between execution time
and accuracy. Nahmmacher et al. [4] use Ward’s hierarchical clustering for a long-term model of the European electricity system. They claim that 6 representative days are sufficient for good model results. ElNozahy
et al. [5] combines principal component analysis with
k-means, fuzzy c-means and hierarchical clustering. Based on their own internal validity index, k-means is the
best. Pfenninger [3] and Kotzur et al. [6] compare heuristic day selection, down-sampling and clustering methods for the selection of representative days. Their re-

This section describes our pipeline for reducing the input time series for ESMs. Section 3.1 describes the preprocessing of input data by filling the gaps, normalizing
and changing the format. Then, Section 3.2 explains how
we use this prepared data as input for clustering and
then select the representatives from the resulting clusters. Finally, Section 3.3 presents the post-processing
of data. The reduced data can then be used as input for
ESMs. Figure 2 serves as a summary. The pipeline relies
on a given algorithm to cluster the data. However, our
approach is “generic”, i.e., it is independent from which
algorithm and underlying data set one uses.
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Let C = {C1 , . . . , Cm } be a set of m countries and
S = {S1 , . . . , Sn } a set a n time series types (e.g., “electricity production from PV”, “electricity demand”). In
our case, the input data consists of a set of time series
at hourly resolution from C × S, as in Figure 3.
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Scaling: We scale the reduced data so that the sums of
each original time series equal the sums of each reduced
series weighted by the number of days for each representative. Skipping this step may lead to biased ESM
results. For example, if the total PV electricity production in the reduced data exceeds the one in the original
time series, the ESM may favor investments in PV.

Figure 3: Data in hourly format
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Format (hour): We format the data back to its original shape (Figure 3). Thus, the data does not have any
missing values, it is normalized and much smaller than
the raw data.
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4 Evaluation

Figure 4: Data in daily format

We evaluate the benefits of our method w.r.t. different
baselines (random and “typical days” approaches) and
clustering algorithms:

3.1 Pre-Processing
Filling Gaps: Real-world data typically has missing
values – our case is no exception. We replace missing
values, i.e., “gaps”, in time series by linear interpolation
between both ends of the gap.
Normalization: To compare values between countries,
we normalize the input time series. We divide the electricity production time series by the installed capacities,
and the electricity demand by the maximal peak demand in the related country. This way, the time series
are scaled to [0, 1].
Format (day): We format the data, such that each
instance (i.e., row) stands for an entire day. An instance
contains all values of all time series for all countries.
Figure 4 illustrates this format. We use it in the next
pipeline step for clustering. Here, the dimensionality of
the data increases inevitably. In our case, the number
of dimensions is multiplied by a factor of 24, i.e., the
number of values per day.

3.2 Selecting Days
Clustering: We cluster the pre-processed data. We assume that the output of the clustering simply is a set
of n cluster centers in the input space. Our main innovation here is to use Self-Organizing Maps, which we
describe in detail in Appendix 7.2.
Extracting Days: As in [4, 6], we select the closest
day to each cluster center as a “representative”. Then,
we weight each representative using the number of days
contained in their respective clusters. Representatives
from larger clusters have larger weights in the modeling
step, as they account for a larger share of the data.

• Random: Select n days randomly from input data.
• Typical days (1): Divide the input data into n
(quasi-)equal sets of consecutive days, and average
them together.
• Typical days (2): Average week days, Saturdays
and Sundays for each season, producing 12 representative days.
• HC-DTW: Hierarchical Clustering based on Dynamic Time Warping distance, as in [17]. We choose
the level with n clusters from the resulting hierarchical cluster structure and select the days closest to the
cluster centers.
• Ward: Ward’s hierarchical clustering algorithm [18].
We proceed similarly as with HC-DTW. The only difference is the distance measure used for clustering.
• K-means: The well-known partitioning clustering algorithm, which was used in many other studies [19].
• SOM: We adapt SOM as a clustering algorithm by
considering each neuron in the grid after training as
a cluster center.
All in all, each method outputs a reduced number of
days from the input data. The only difference is how
they choose these days. Random, k-means and SOM are
not deterministic. Therefore, their results in our experiments are averaged over 10 executions.

4.1 Evaluation Methodology
We use the PERSEUS-EU [20, 21, 22] model as an exemplary ESM, which we review in Appendix 7.1. ESMs
use in general similar approaches [1]. Therefore, we expect the results to be comparable with other ESMs.
In our case, the input time series are the electricity production profiles from RES (wind onshore and PV) and
the electricity demand of four neighbouring countries:
Germany, France, Belgium and the Netherlands. We obtain the data for 2015 from ENTSOE [23].

3

To evaluate the quality of a data reduction approach, we
compare the output of the ESM model with the reduced
data Red and the full input data (reference case Ref). As
an “error” metric, we use the relative deviation of the
ESM production mix, and the deviation is calculated
for each country c, each model period p and each power
plant technology t in the output:
P P P
c
p
t Redc,p,t − Refc,p,t
P
P
P
(1)
Error =
c
p
t Refc,p,t

Random
Typical days (1)
Typical days (2)
HC-DTW
Ward
K-means
SOM

Error (in %)

70
60
50
40
30
20
10
0

Configuration 2

80
70

Error (in %)

• Configuration 1: Consider a time horizon of 40
years, under the constraint that RES must represent
at least 30% of the total electricity production in the
first period, then must increase linearly until 80%.
• Configuration 2: Consider a time horizon of 20
years, under the constraint that RES must represent
at least 30% of the total electricity production in the
first period, then must increase linearly until 50%.
• Configuration 3: Consider a time horizon of 5 years,
under the constraint that investment in renewables
are not allowed. In this configuration, we use the socalled “net demand” (the total demand minus the
renewable electricity production) as an input for data
reduction and the ESM.
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We follow the so-called “greenfield” [24] investment approach, i.e., we assume that there are no existing power
plants, and that ESM can invest optimally in a power
plant portfolio. The ESM is executed with three different configurations:
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4.2 Results

In Configuration 2, the error is slightly lower for every
approach, except for Random, compared to Configuration 1, due to the lower complexity of the ESM.
In Configuration 3, the error is much lower overall, because the ESM is much less complex. Here, the input
data is different and has fewer dimensions (96 instead of
288), thus the effects of the curse of dimensionality are
not that distinct. Therefore, k-means and Wards also
perform well.
Next, we show that our results hold for different SOM
configurations. We vary between an hexagonal (H) and
rectangular (R) topology, between a “gaussian” (G) and
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Figure 5 shows that the error decreases with increasing
number of days for each configuration and algorithm,
and that SOM is consistently better. Next, we see that
the results from the “Typical Days” approaches are not
much better than Random.
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We evaluate against different numbers of days, namely,
we run each approach for 4, 9, 16, 25, 36, 49, 64, 81 and
100 representative days. The experiment consists of the
execution of hundreds of model instances and after 100
days the ESM execution time becomes too long. Therefore, we analyze up to 100 days to limit the computation
time required for the experiment.
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Figure 6: Error for variants of SOM and execution time

“bubble” (B) neighborhood function, and between a torroidal (T) and non-torroidal grid (NT). This accounts
for 8 SOM parameter combinations in total. In Figure 6, we see that each combination performs well, and
that the difference between them is not very large. This
means that our results hold quite independently from
SOM’s (hyper-)parameters.
Finally, Figure 6 graphs the benefits of reducing energy
time series on the execution time of the ESM. For Configuration 1, selecting 25 days leads to less than 10% error
in the output for an execution time two orders of magnitude shorter, compared to the reference. After 64 days,
the error in the ESM results reduces very slowly. We
ran our experiments on a server with 72 cores (Intel R
Xeon R Processor E5-2697 2.30GHz) and 300GB RAM.
Each ESM instance runs with 10 parallel threads.

5 Conclusion
In this paper, we have described a data-processing pipeline to reduce energy time series for energy system
models. Our results show that this pipeline yields better
results than common heuristics used in the field. Next,
Self-Organizing Maps as a clustering algorithm yields
better results than any other approach. We hypothesize
that the topology-preserving property of SOM [8] allows
to overcome the effects of the curse of dimensionality in
this particular setting more effectively. Our data reduction approach leads to very good ESM results for a much
shorter runtime, allowing the use of ESMs for larger scale energy system analyses which were intractable so far.

6 Discussion and Future Work
Traditionally, the input data for ESM must also include
the extreme cases affecting the grid, such as times of
very high electricity demand or very low solar and wind
power production, because energy systems need to satisfy the demand at all times. Still, with clustering, there
is no guarantee that those cases – which one can see as
“outlier” from a data perspective – are part of the reduced series. Thus, in the future, it would be interesting
to analyze the clustering results to understand why our
results are good, and if necessary, extend them to become aware of those outliers. In addition, one could assess
the impact of our approach on the other ESM outputs
and could analyze the results in more detail, e.g., with
respect to investment in individual power plant technologies. Furthermore, one could use other ESMs to confirm our results and the validity of our approach. Lastly
one could consider other approaches to deal with high
dimensionality, e.g., dimensionality reduction methods
such as principal component analysis.

7 APPENDIX
7.1 Exemplary ESM
PERSEUS-EU [20, 21, 22] is an optimization model for the electricity sector of 28 European countries with a multi-periodic linear optimization approach.
PERSEUS-EU is used in particular for analyzing the
impact of changing framework conditions caused by political or environmental reasons, with the objective to
minimize total system costs under a set of technical, ecological and political constraints. Examples of important
cost parameters are fuel costs for electricity generation,
variable and fixed operating costs of power plants as well
as fixed capital costs of new generation units.
The main decision variables of the optimization model
are the production level of the existing and new capacities, investment in new capacities and energy exchanges
between neighboring countries. In addition to future capacity and production mix, the model outputs – among
others – details on primary energy mix, cross border exchanges, emissions in each country and marginal costs
of electricity generation.
The model structure relies on a directed graph, where
the nodes are connected to each other through energy
flows. At the system nodes, several energy conversion
technologies (e.g. power plants) are available. The source node provides fuel imports to the graph, while sink
node contains the energy demand that is to be served
through the inflows to this node. Exchange flows represent the electricity exchange between the system nodes
(e.g. between European countries). A main restriction is
the flow balance for each node.
To reduce the model complexity, generally, periods with
duration of five years are selected and each 5 years is
represented by a characteristic year. In addition, each
characteristic year has an intra-year time resolution with
several model time slices. The reduced intra-yearly time
structure must represent the whole year.
For our experiments, we simplify the PERSEUS-EU model to limit the required computation time, since they
involve the executions of hundreds of model instances.
Still, we model the core restrictions of an ESM via the
following equations:

7.1.1 Objective function
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7.1.2 Energy balance restrictions
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7.2 Self-Organizing Maps

7.1.5 Expansion targets for RES
P Lpc,y = αy ·

uel
cfec,y
cinv
u,y

∀y ∈ Y

Availability of u in y at time t
Fixed annual operation costs of unit
u in year y
Fuel costs of ec in year y
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7.1.4 Load variation restriction
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(10)

Self-Organising Maps (SOM) are a specific type of artificial neural networks traditionally used for dimensionality reduction and visualization of high-dimensional data
[8]. It is a projection of a set of n-dimensional points to
a two-dimensional neuron grid. The SOM is a p × q neuron matrix, associating each neuron to a n-dimensional
weight vector wij , i ∈ {1, . . . , p}, j ∈ {1, . . . , q}. Figure 7
illustrates the architecture of the SOM. Training the
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Figure 7: Architecture of a Self-Organising Map

SOM happens in an iterative way. Let wij (t) denote the
weight vectors after iteration t, wij (0) the initial weight
vectors, α(t) a learning rate decreasing with t and hij (t)
a neighborhood function instantiated as a smoothing
kernel whose width decreases with t. At each iteration,
we randomly select an object xt and update the weight
vector of each neuron as follows:
wij (t + 1) = wij (t) + α(t)hij (t)(xt − wij (t))

(11)

until the model has converged. Then, for our data reduction approach, we select as a representative the closest day to each neuron. We consider only square grids,
i.e., p = q. This way, by setting p = 3, 4, 5, . . . we obtain
n = 9, 16, 25, . . . representatives.
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