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1 Introduction
Residential Demand Response (DR) and Energy Efficiency (EE) programs are more and more
essential to manage the peak load demand in the electricity grid.
Demand response programs would take benefit from the heterogeneity of the residential
customers. For instance, while some customers could be compensated by either curtailing
or deferring their consumption during peak energy hours, another set of users might be
interested on the intervention at their homes, for example to renew domestic appliances or
HVAC systems, change the windows or improve the envelope insulation.
In order to direct users to the right programs or the right services, a set of customer
characteristics should be known. Obtaining them from surveys would be costly and
unfeasible. Therefore, applying data mining techniques to electricity smart metered data
could be a proper solution. The major advantages are that these time series are already
gathered for billing purposes and they are feasible to be analysed at an effective cost with
todays data center facilities.
The electricity consumption in the residential sector is composed by three main components:
1. Building component: It is related to the building specs, for instance, the heat transfer
coefficient, the air tightness, the solar aperture or the location of the building. It affects
the electricity consumption of HVAC systems in terms of energy demand requirements.
2. Systems component: It concerns the energy systems installed in the building and their
efficiency. The more performance a system has, the less electricity consumption is needed
for the same function. It has a high significance for HVAC systems, but it is also an important
factor for the most used domestic appliances.
3. User component: It concerns the consumption due to the user occupancy and behaviour.
When the dwelling is occupied, the energy consumption is higher because the occupants use
domestic appliances depending on the activity they are developing in that moment.
As shown in Figure 1, consumption from Domestic Hot Water (DHW) and domestic appliances
are more influenced by the user component and less by the systems efficiency. On the
contrary, the HVAC consumption is mainly affected by the building and systems component.
However, this figure also shows that the user component affects all types of electricity
usages. In the case of managing the HVAC system, the occupants can configure their
thermostat set point temperature or the schedule of the operation, which affects directly
the systems component. Additionally, they can affect the building component by opening
windows, which could increase significantly the heat losses of the dwelling. Therefore, if
the user occupancy and behaviour can be modelled, this information should be highly
relevant for electricity consumption prediction and the estimation of the flexibility for
demand response (DR).
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Figure 1 – Building electricity consumption depending on the type of usage.

This deliverable proposes a novel technique to model the activity of users based on their
electricity consumption data. Essentially, the methodology consists on the daily
classification of the electricity consumption over a subset of representative daily load curves
obtained by a clustering proceed, and the usage of the classification results in order to train
a decision tree which is the model used for predicting one day ahead user behaviour.
The applications for this methodology are suitable for the following tasks:
1.
2.
3.
4.
5.
6.

Detect groups of similar users based on similar frequencies of representative daily load
curves.
Improve the accuracy of Building Energy Models (BEM), using a user behaviour model as
another input for the BEM.
Estimate the amount of DR flexibility for a single or a cluster of customers. It will be
helpful for building managers to simulate multiple scenarios and interact with demand
aggregators.
Detect the most suitable customers for implementing DR services.
Predict the most suitable user occupancy pattern in order to improve the
communication strategy, such as to contact user when the receiver is already at home.
Scale up the evaluation of the DR services implemented in SIM4BLOCKS pilots to
national energy markets.

This deliverable summarises the outcomes from task 2.2 of WP2, which is related with user
behavioural models. Its conclusions and algorithms can be used for different tasks regarding
modelling (task 2.4, 2.5 and 3.1). The structure of the chapters is explained below.
Chapters 1 and 2 are the introductory parts of the deliverable. The first one explains
concisely the general idea behind the tasks and multiple applications. The second chapter
consists of a state of the art of time series clustering techniques and a brief literature review
on detection of user occupancy or behaviour patterns from monitored data.
Chapter 3 exposes the methodology to detect the occupancy and energy behaviour of
individual users based on the interpretation of electricity consumption.
Chapter Fehler! Verweisquelle konnte nicht gefunden werden. shows the results using the
proposed methodology. A testing dataset was used, as the pilot site of Sant Cugat did not
have any electricity dataset available. This dataset had 2 years of electricity consumption
data collected from about 6.500 customers with hourly time resolution.
Finally, chapter 6 and Fehler! Verweisquelle konnte nicht gefunden werden. explains the
conclusions and the applications of the technique in the context of SIM4BLOCKS.
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2 State of the art
2.1 Time series clustering in the energy domain
As seen worldwide, the smart metering rollout allows detailed measurements of power
consumption at a much higher frequency than the still common manual meter readings.
One of the most interesting analytics with smart meter data is the possibility of customer
clustering by similar load patterns. However, due to the high dimensionality, complexity and
noise level of high frequency meter time series, conventional clustering approaches often
fail to produce satisfactory results. Thus, more complex methodologies or a combination of
them, have to be used in order to cluster dynamic data. In (Aghabozorgi et al., 2015), a
comprehensive overview of time series clustering available methods, applications and their
development during the last decade is shown.
Different forms of pre-processing can be applied before the clustering. Most studies apply
some form of pre-segmentation before the clustering, based on additionally available
information such as voltage levels, industrial or residential consumer, lighting, heating,
cooling etc. In some cases, outliers and erroneous data are removed with Principal
Component Analysis (PCA) and other statistical tools (Hernández et al., 2012; Verdu et al.,
2006). Others aggregate a number of loads by calculating an average and perform a
normalization by division through the maximum value (Batrinu et al., 2005; Chicco et al.,
2004) while in another case only the latter has been applied (Verdu et al., 2006). Others do
not normalize or average load curve data or do not mention any such pre-processing (Benítez
et al., 2014; Hernández et al., 2012; López et al., 2011; Łuczak, 2016; Räsänen and
Kolehmainen; Sung et al., 2009).
Mainly, when dealing with time series clustering, two different approaches can be
distinguished, each with certain advantages and drawbacks.
The first one is to use the raw time series of data as the clustering input. It does not require
any prior assumptions about the data. Nonetheless, raw data has usually a high
dimensionality, so applying cluster algorithms directly to it, can be very expensive in terms
of computational costs. In this type of approach, the choice of distance measure is crucial
for the clustering quality, since there are different ways to define similarity.
The second approach is feature extraction clustering. It can be applied, when a lower
dimensionality is necessary or when the clustering should only focus on certain aspects of
the time series. There is a large number of options which can be chosen, depending on the
data and the desired outcome. Some possibilities are the transformation into a different
representation such as Wavelet or Fourier Transformation (Mets et al., 2016; Verdu et al.,
2006), extraction of relevant statistics or discretization methods (Al-Otaibi et al., 2016;
Räsänen and Kolehmainen). When using feature extraction, one has to be aware of the risk
that important information might be removed from the data and that a bias might be
introduced.
Generally, clustering methods can be classified in a number of different categories.
Partitioning algorithms partition a data set into a specified number of clusters k (López et
al., 2011), where every cluster has a defined prototype. K-Means is the most prominent
member of this group. They are relatively fast, but the need for a specified number of
clusters is a major drawback. Fuzzy variations of partitional clustering allow each
3
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observation to belong to more than one cluster (D’Urso et al.). Hierarchical clustering
algorithms (Batrinu et al., 2005; Chicco et al., 2004; Łuczak, 2016; Rodríguez-Fernández et
al., 2017) use a decision tree for the clustering. They produce clustering result with a high
interpretability, but they tend to perform worse than other methods and have generally very
limited scalability. Density-based algorithms (Guo et al., 2012; Xu et al., 1998), such as
DBSCAN, address the problem of being affected by the noise and outliers of the input data.
It bases the clustering on the number of observations within a certain density neighbourhood.
Similarly, to the partitional clustering, the need for a specified density threshold parameter
is a drawback of some algorithms in this class. Finally, the model-based algorithms assume
an underlying model for each cluster and try to recover it from the provided data. The
outcome of the clustering generally depends strongly on the assumptions about the
underlying model. Self-Organizing Maps (Wang et al., 2004) or Hidden Markov Models are
examples of this category.
A common scope in clustering electricity consumption is to test different types of algorithms
to see which gives better results, either in terms of computing time or quality of clustering.
The majority of them include a partitioning algorithm such as regular K-Means (Batrinu et
al., 2005; Chicco et al., 2003; Hernández et al., 2012; Mets et al., 2016), Fuzzy K-Means
(Batrinu et al., 2005; Mahmoudi-Kohan et al., 2009; Räsänen and Kolehmainen), Hopfield KMeans (López et al., 2011), G-Means (Mets et al., 2016) or Dynamic K-Means (Benítez et al.,
2014). Most studies apply model-based algorithms as well as Self-Organizing Maps (Batrinu
et al., 2005; Chicco et al., 2003, 2004; Hernández et al., 2012; Verdu et al., 2006). Another
common choice is Modified Follow the Leader (Batrinu et al., 2005; Chicco et al., 2003, 2004;
Mahmoudi-Kohan et al., 2009) and hierarchical clustering methods (Chicco et al., 2003). For
the evaluation criteria of clustering results, these papers use the Davies-Bouldin Index
(Chicco et al., 2003, 2004; Hernández et al., 2012; Räsänen and Kolehmainen; Verdu et al.,
2006), Mean Index Adequacy and Clustering Dispersion Indicator (Batrinu et al., 2005; Chicco
et al., 2003, 2004; Mahmoudi-Kohan et al., 2009), and Calinski-Harabasz Index (López et al.,
2011). Finally, in one case the Scatter Index and Variance Ratio Criterion are being applied
as well (Batrinu et al., 2005).
A crucial aspect of time series clustering is the definition of distance between observations.
The most common metric in conventional clustering is the Euclidean distance, but for time
series, defining similarity is especially complex since the order of the dimensions can be
relevant and similarity might be defined by shape, rather than by dimension-wise similarity,
or similarity in time. The appropriate distance selection plays even a bigger role than the
clustering algorithm selection (Pereira and Mello, 2013). Some specialized distance measures
allow for distortions and shifts in time. They are capable of dealing with noise,
discontinuities and other problems in the data. Depending on the distance measure and its
parameters, it is possible to define time series as similar, if they show only slight variations
in the data, or in the other extreme, to find similarities in shape, even though a large
difference in amplitude, shift, skew or noise. Examples of such distance measures are
Dynamic Time Warping (Sung et al., 2009), Derivative Dynamic Time Warping (Keogh and
Pazzani, 2001; Łuczak, 2016), Correlation-Based Distance, Partial-Correlation-Based
Distance (Pereira and Mello, 2013), Shape-Based Distance (Paparrizos and Gravano, 2016),
Hausdorff distance (Benítez et al., 2016) or Area-based Shape Distance (Wang et al., 2016).
Since these types of distance measures are generally computationally more expensive than
simple metrics, such as the Euclidean distance, they are less scalable and their application
has to be adapted carefully to the available resources.
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Due to the continuing growth of data volumes, time series clustering must combine a high
performance and scalability with the quality of the more accurate clustering methods.
Possible approaches for this are the combination of different clustering techniques or the
optimization of parts of already existing clustering algorithms (Granell et al., 2015; Huang
et al., 2016; Mahmoudi-Kohan et al., 2009; Mets et al., 2016; Paparrizos and Gravano, 2016;
Tsekouras et al., 2007). Other approaches attempt to eliminate the dependency on
parameters, such as the number of clusters for partitioning clustering (López et al., 2011)
or a density threshold for density based clustering (Xu et al., 1998).
A number of papers have been published about the evaluation of electricity consumption
patterns and the segmentation of consumers with help of clustering algorithms. All of the
reviewed studies aimed to evaluate or compare the performance of one or multiple
clustering algorithms and multiple distances when applied to electricity consumption time
series. In one case, the goal was to extract a number of typical load curve patterns and
assign them to users (Räsänen and Kolehmainen), while others would like to develop a
customer grouping to develop tariff structures or to assist electricity DSOs in performing
efficient load profiling (Batrinu et al., 2005; López et al., 2011). Also the impact of raw data
frequency was analysed (Granell et al., 2015) and it was determined that, ideally, a
granularity of at least 30 minutes is the ideal.
Finally, all reviewed papers report successful clustering quality results. However, it remains
unclear if and how the clustering tendency of the used data has been evaluated. It seems
that these studies have been performed under the general assumption, that the data shows
an inherent clustered structure, which can be extracted with the applied methods. One
study mentions a dataset with a visually less distinguishable structure, but does not provide
clustering results for it (Hernández et al., 2012) and a group shows results, that could
indicate a lack of clustering tendency, such as a monotonically decreasing Mean Index
Adequacy value or other clustering evaluation criteria that do not indicate a clear optimal
choice of number of clusters (Batrinu et al., 2005; Chicco et al., 2003, 2004; López et al.,
2011; Mahmoudi-Kohan et al., 2009).

3 Methodology
The focus of task 2.2 is to develop a methodology to model the user behaviour of
householders. Hence, the interpretation of the daily load curves, initially, as an activity
pattern and, subsequently, as a user occupancy and behaviour pattern is one of the main
scopes in this task.
The proposed methodology to achieve this scope is based on a multi-stage proceed explained
on Figure 2. Essentially, the technique consists of:
• Execute a data cleaning process to the electricity input raw data.
• Form subsets of multiple daily load curves from the whole population.
• Cluster the subset and determine the representative daily load curves.
• Classification of the whole population considering the representative daily load curves.
• Use the results from the classification for the needed application. In this case, a day
ahead prediction of the load curve is tested.

5
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Figure 2 – General diagram of the methodology

3.1 Data cleaning
Data cleaning in the energy domain is a process of detecting, diagnosing, and editing faulty
data in consumption time series. In the methodology developed, this is a critical step
concerning that the analysis is made based on the raw electricity consumption time series.
As shown in (Akouemo Kengmo Kenfack, 2015), there are multiple approaches to detect
outliers in consumption time series.
In this case, two outlier detection approaches are considered. The first is a non-recursive
elimination of extreme scores based on a Z-score of one-week sliding window population in
order to detect outliers when its value is above three. The Z-score is the signed number of
standard deviations by which the value of an observation or data point is above the mean
value of what is being measured. The second method consider a value as an outlier when
the real hourly consumption is above the theoretical maximum consumption based on
customer’ contracted power.
Additionally, data gaps are detected using a data-padding algorithm, which already considers
the original time series frequency. NA values are the replacement for each of the faulty
timestamps in raw time series.
Finally, a new dataset, hereinafter called ‘valid days’, is generated for all the users’ daily
load curves, aggregating, in a daily basis, information such as the total daily consumption,
the hourly inter-quartile consumptions, the hourly standard deviation or the number of
outliers and gaps.
The complete data cleaning process is parallelizable in order to improve the computational
speed.

6
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3.2 Clustering
3.2.1 Pre-processing

Clustering results depend strongly on the form, in which the data is presented to the
algorithm. Therefore, it is crucial to examine each pre-processing step carefully and consider
the possible effects it could have on the outcome. The following pre-processing methods
have been used.
Extraction of periodical patterns from raw data
The focus is on determining load curves patterns of periods that are likely to show cyclic
characteristics. Daylight imposes a natural rhythm on human behaviour, making daily load
curves an obvious choice. Infer on how consumers use electricity during different times of
the day and in different days of the week and different seasons of the year, is considered as
the most relevant information.
Smoothing of the daily load curves
Load patterns of electric consumption generally show rugged patterns with fluctuations with
high frequencies and amplitudes. Here it is assumed, that the exact time and amplitude of
such spikes are not relevant and that the focus should be much more on the average
consumption of a larger time window. Therefore, two averaging techniques have been
applied to smooth the individual load curves.
1. Aggregate sum: Several time steps are aggregated by calculating their sum. This balances
short peaks and valleys with a short duration and at the same time decreases the
resolution and dimensionality of the data.
2. Moving average: The value at each time step is recalculated as the average of a number
of values from a range around it. This does not change the dimensionality of the data,
but it removes flickering and makes the data more comparable with respect to the
average consumption during a limited period.
Normalization of the daily load curves
Normalization transforms the data into a representation that is better comparable with
respect to certain properties such as peak location, and general load curve shape. However,
each transformation removes certain information from the data. Therefore, it has to be
carefully evaluated, how the data is normalized and what this implies for the further
processing steps. If information is removed, it could make sense to include it again at a later
stage. Two different forms of normalization have to be tested to the extracted daily and
weekly load curves:
1. Proportion of daily consumption: Each load curve element is divided by the overall
consumption of the day. This methodology is easily understandable in energy domain
data because it represents the proportion of usage in each time step related to the
overall day. The sum of elements in the each normalized load curve is 1.
2. Z-normalization: The mean value is subtracted from the load curve, which is then divided
by its standard deviation. This aligns the mean at zero and removes differences in
amplitude of the deviation from the mean. This is a commonly recommended method for
clustering based on the shape of a time series.

7
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3.2.2 Clustering procedure and scalability
After the daily load curves are extracted, smoothed, normalized according to the described
methodologies, load curves with similarities are to be extracted with the below described
clustering algorithm. It is worth noting, that at this stage, the focus was more on partitioning
the population of load curves into groups that show a high level of similarity. Additionally,
it is preferred, but not required that these resulting clusters were significantly distant from
each other. This contradicts the common definition of good clustering results, which requires
a high intra-cluster similarity, combined with a high inter-cluster dissimilarity. Nevertheless,
the clustering procedure should be adapted to the applications for which it has been
designed.
In this case, scalability is one of the most important capabilities, which the procedure must
accomplish. Commonly, clustering is a problem hard to manage when applied to large
datasets. To solve this issue, the clustering procedure should be implemented taking
advantage of the Map-Reduce paradigm (Dean and Ghemawat, 2008). The idea is to split the
big problem into smaller ones, which are more reasonable to solve in an efficient amount of
time.

In Figure 3, the clustering proceed schema is depicted. The procedure has the following
steps (Consider the ‘Subset1’, ‘Subset2’,…, ‘SubsetN’ as the HDFS block of the ‘Cleaned
dataset’ treated on each mapper):
1. Each mapper process
a. Selects a determined number of valid daily load curves across all the population
of its SubsetX. The valid days are defined in the ‘Valid days dataset’. In Figure 4,
an example of the random selection of 13 daily load curves across 10 different
users is shown. As can be seen, only the 26% of the daily load curves are selected.
Due to the clustering objective, only daily load curves which have significant
consumption (>2.5 kWh) and standard deviation (>0.15) are allowed to be
selected. Insignificant daily load curves means inoccupation or no activity days.
Thus, there is no need to spend computational time trying to detect this kind of
plain profiles.
b. Smoothes and normalizes the daily load curves selected.
c. Calculates the partitioning clustering to reduce the dimensionality of the dataset
using a SOM or a K-means algorithm with Euclidean distance.
d. Emits the centroids detected to a unique reducer.
2. The reducer process
a. Calculates a refined clustering proceed with all the centroids obtained in the
mapper procedures. The results emitted by the reducer are the representative
daily load curves finally detected.

8
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Figure 3 – MapReduce procedure for the clustering phase

Figure 4 – Example of 5-day time series from 10 users. Blue daily load profiles are the random selected curves
used in the initial clustering (Note that any daily load curve with plain shape is selected)

3.2.3 Clustering techniques
Four different clustering techniques are used at various stages during the data processing.
Three of them belong to the group of partitioning clustering methods, which separate a set
of observations into a specified number of distinct clusters (k). Initially, Dynamic Time
Wraping (DTW) and Euclidean distance are used. Additionally, some tests with correlation
distances using the k-Shape approach are done.
9
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Contrary to those three, Self-organizing maps belongs to model-based clustering. It is a type
of artificial neural network, which is trained using unsupervised learning to produce a lowdimensional, discretized representation of the input space of the training samples and it is
therefore a method to reduce the dimensionality of input datasets.
K-Means Clustering with Euclidean Distance
K-Means is one of the oldest and best known clustering algorithms and it is still widely used
for different purposes, often in combination with other clustering methods. It attempts to
group the observations of a data set into a fixed number of clusters with a minimized withincluster variance. In the current case, the algorithm of Hartigan and Wong (1979) was chosen,
which uses Euclidean distance to calculate the variance and defines the cluster center as
the mean of each dimension of all observations in the cluster.
It is a relatively simple and fast algorithm, but it has a number of drawbacks, that have to
be kept in mind when applying it. If the number of clusters is not known prior to clustering,
the algorithm has to be run for a range of cluster numbers and the results have to be
compared with an appropriate criterion. The result of the algorithm depends on the
randomly initiated cluster centres. It does not necessarily converge to the global optimum
and therefore, the algorithm is usually executed a number of times with different
initializations.
The algorithm will assign each observation to a cluster, even if the data does not show any
distinct clusters. It is therefore necessary to not only compare different runs of the
algorithm, but as well to evaluate the clustering tendency of the used data.
Only a spherical cluster has a low variance. Therefore, this algorithm will only produce such
clusters and cannot be used to extract clusters with a more complex structure.
K-means Clustering with DTW Distance
K-Means with Euclidean distance considers each dimension separately and does not account
for any ordering of the dimensions. However, when using time series data, as is the case
with electricity consumption load curves, there is a relation between neighbouring
dimensions that has to be considered, when calculating the distance between two load
curves. With an Euclidean metric, two load curves with a sharp peak just a few time steps
apart, will have the same distance as two load curves with the same peaks, but at completely
different locations. Only load curves with peaks and valleys at exactly the same time steps
will be considered similar. However, consumers with a similar daily consumption pattern do
not have a perfectly synchronized consumption. Therefore, it is necessary to introduce a
distance measure that allows for small shifts in time and thus calculates rather a similarity
in shape than in time.
DTW attempts to calculate the distance between two time series, based on an optimal
alignment, which allows for shifts and distortions in time. There are other distance measures
that focus more on the shapes of the time series than on the exact alignment, but DTW is
widely used and has proven to outperform other distance measures in direct comparison.
The calculation of the DTW distance is resource intensive and scales poorly. However, it is
possible to restrict the search window for the optimal alignment. This not only reduces the
computational cost, but it allows to look only for limited distortions and shifts in time. This
is important in the current case, since load curves are considered similar, when only small
deviations in time and amplitude are visible.
The clustering algorithm used with the DTW distance is K-Means. Therefore, the same
drawbacks as mentioned for K-Means have to be considered.
k-Shape algorithm

10
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k-Shape is a partitional clustering algorithm that preserves the shapes of time series. It relies
on a scalable iterative refinement procedure, which creates homogeneous and wellseparated clusters. The distance used is a normalized version of the cross-correlation
measure in order to consider the shapes of time series while comparing them. The clustering
algorithm works very similar to K-means, computing the clustering centroids, which are used
in every iteration to update the assignment of time series to clusters.
Self-Organizing Map
A self-organizing map (SOM) is a type of artificial neural network (ANN) that is trained using
unsupervised learning to produce a low-dimensional, discretized representation of the input
space of the training samples, called a map, and is therefore a method to do dimensionality
reduction. Self-organizing maps differ from other artificial neural networks as they apply
competitive learning as opposed to error-correction learning (such as backpropagation with
gradient descent), and in the sense that they use a neighborhood function to preserve the
topological properties of the input space.

3.2.4 Interpretation of the clustering results
The clustering procedure discretizes the daily load curves of the initial dataset in a subset
of representatives. The implementation of this phase before the interpretation of user
activity has the following main advantages:
• Utilities, energy managers and aggregators will understand better the different types of
energy usages and they would be able to simulate other scenarios
• The rare load curves of individual users do not influence the global clustering proceed
because they do not have sufficient weight as the most common load curves. Therefore,
a lot of noise is extracted from the initial raw data. In addition, in the classification
phase, these rare load curves could be easily identified if the distance against any of
representative patterns is not low enough.
• It allows standardizing the average activity within each representative load pattern, this
prevents the interpretation to be extremely influenced to local peaks of users.
Therefore, the user activity is determined by the general tendency of the load curve.
• It allows to implement a semi-supervised methodology of activity detection, as the
number of representative patterns is usually less than a hundred. Hence, an algorithm
will consider automatically which is the activity associated to each load curve pattern
but the data analyst can improve manually this assumption in order to consider a
different criteria.
However, also some drawbacks have to be pointed out:
• As the clustering procedure reduces enormously the data resolution, it must be tuned
as best as possible in order to consider the optimal number of representative load
curves.
• Besides, discretizing the load curves in too many groups (>100) could be self-defeating,
especially when input datasets are not very big, because the analytics between the
representative load curves and their related occupancy profiles could have very low
significance.

3.3 Classification
11
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The representative daily load curve curves are used to classify all available load curves of
each consumer into distinct categories of shape, by assigning each load curve to the most
similar to it. In this case, the similarity is calculated using the minimum Euclidean distance
between the representative load curve and the real one.
The result is summarized in a categorical time series of load shapes. This information,
complemented with the statistics used for the normalization, summarizes the spectrum of
usage patterns of each user in a concise way and it shows how the electricity usage behaviour
changes over the time.
A direct application of this classification is to produce a user segmentation based on similar
signatures of daily load curves. The shape categories are extracted from a defined period
and then summarized in a histogram that provides an individual signature profile for each
user during the same period that is compared between multiple users.

3.4 Application: Day ahead load curve prediction
The most interesting application for SIM4BLOCKS is the day ahead prediction of user
behaviour. This information provides an estimation of the day ahead domestic appliances
consumption and can be used by BEM to improve their accuracy.
The technique for implementing this model is a conditional inference tree trained with the
lagged shapes and seasonality variables. If the electricity consumption is weather
dependant, this means that some type of HVAC system is installed, and then weather
exogenous variables can be used in addition to the initial variables.
As said in (Levshina, 2015), conditional inference trees are a method for regression and
classification based on binary recursive partitioning. The latter involves several steps:
- The algorithm tests if any independent variables are associated with the given
response variable, and chooses the variable that has the strongest association with
the response.
- the algorithm makes a binary split in this variable, dividing the dataset into two
subsets. In case of a binary predictor with values A and B, one subset will contain all
observations with value A, and the other will contain all cases with value B. If a
variable has more levels, one group may have values A and B, and the other may
contain observations with C. If the variable is quantitative, the range of its values
can be split into two, e.g. values from 0 to 100 can be split into two subsets: from 0
to 50 and from 51 to 100.
- The first two steps are repeated for each subset until there are no variables that are
associated with the outcome at the pre-defined level of statistical significance. This
is why the algorithm is called recursive. The result of this process can be visualized
as a tree structure with binary splits forming ‘branches’ and ‘leaves’
Conditional inference trees offer several advantages over traditional approaches. First,
variable selection is unbiased (the traditional method is biased towards variables with many
possible splits). Second, one does not have to ‘prune’ (i.e. simplify) the resulting tree to
avoid over fitting. Third, the algorithm also returns the p-values that show how confident
one can be about every split.
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To obtain the p-values, the algorithm uses permutation. Permutation means that the labels
on the observed data points are rearranged many times, and for each rearrangement the
relevant test statistic is computed. This is a way of obtaining the distribution of the test
statistic under the null hypothesis of no difference, no association, etc. Next, one
determines the proportion of the permutations that provide a test statistic greater than or
equal to the one observed in the original data. If that proportion is smaller than some
significance level, then the result is significant at that level. Permutation is similar to
bootstrapping in that they both are non-parametric resampling methods, which use the same
data for validation of results. However, they are not identical, since the former involves
reshuffling of the labels, whereas the latter draws numerous random samples from the
original sample.
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4 Configuration of the clustering and classification
algorithm
4.1 Dataset characteristics
None of the SIM4BLOCKS pilots has historical electricity data available for this first draft of
the deliverable. Hence, the implemented methodology is tested using an electricity hourly
dataset of 6672 customers. This data comes from smart meter readings situated in Caldes
de Montbui (Barcelona, Spain) within mid-2012 and mid-2014.
Due to the type of data, the data cleaning process is highly important in this case because
the raw time series have many gaps and outliers, which could affect negatively our data
analysis. Table 1 shows the number of daily load curves and unique users depending on
ranges of gaps, outliers, daily consumption and standard deviation. Only the daily load curves
with more than 2.5 kWh of daily consumption, 0.15 kWh of standard deviation and without
any outlier or gap are considered in the clustering proceed.
Gaps

Outliers

0
0
0
0
≥1
≥1
≥1
≥1
0
0
0
0
≥1
≥1
≥1
≥1

0
0
0
0
0
0
0
0
≥1
≥1
≥1
≥1
≥1
≥1
≥1
≥1

Table 1 – Summary of the data cleaning process

Daily
consumption

Standard
deviation

Number of daily
load curves

Users

≥ 2.5 kWh
< 2.5 kWh
≥ 2.5 kWh
< 2.5 kWh
≥ 2.5 kWh
< 2.5 kWh
≥ 2.5 kWh
< 2.5 kWh
≥ 2.5 kWh
< 2.5 kWh
≥ 2.5 kWh
< 2.5 kWh
≥ 2.5 kWh
< 2.5 kWh
≥ 2.5 kWh
< 2.5 kWh

≥ 0.15 kWh
< 0.15 kWh
< 0.15 kWh
≥ 0.15 kWh
≥ 0.15 kWh
< 0.15 kWh
< 0.15 kWh
≥ 0.15 kWh
≥ 0.15 kWh
< 0.15 kWh
< 0.15 kWh
≥ 0.15 kWh
≥ 0.15 kWh
< 0.15 kWh
< 0.15 kWh
≥ 0.15 kWh

1,884,011 (52.24%)
958,754 (26.58%)
498,175 (13.81%)
17,353 (0.48%)
26,783 (0.74%)
80,425 (2.23%)
8,645 (0.24%)
52,012 (1.44%)
78,846 (2.19%)
36,684 (1.01%)
5,530 (0.15%)
3,656 (0.10%)
1,684 (0.05%)
851(0.02%)
376 (0.01%)
113 (0.003%)

6,003
4,259
5,355
1,561
4,894
5,586
2,785
2,128
5,068
2,459
1,142
940
837
487
131
59

In the case of Caldes de Montbui dataset, 1.8 million of curves are selectable for the
clustering proceed. To exemplify a time series of the described dataset, Figure 5 depicts the
electricity consumption of a single user. In this graph, the facet represents each different
year, the Y-axis represents the hours of the day and the X-axis represents the month/day of
the year. Therefore, each column in each of the facets are the visualization of a daily profile.
As seen, the user has much more consumption during hotter seasons than in colder ones.
However, it also preserves a similar daily load shape across the year, with peaks of
consumption during the mornings and the afternoons. Regarding gaps and outliers, the black
circles in the heat map means that an outlier was found on that measure and the white color
represents the data gaps.
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Figure 5 – Heat map consumption of contractId 1001038

4.2 Clustering
4.2.1 Clustering tendency
Before clustering the daily load profiles of the dataset, a clustering tendency assessment
should be done. The reason is to understand if the dataset contains any inherent clusters or
not.
The Visual Assessment of cluster Tendency (VAT) has been applied in multiple subsets of
valid daily profiles. The algorithm of VAT works as follow:
1. Compute the dissimilarity matrix between the objects in the dataset using Euclidean
distance measure
2. Reorder the dissimilarity matrix so that similar objects are close to one another. This
process creates an ordered dissimilarity matrix
3. The ODM is displayed as an ordered dissimilarity image (ODI), which is the visual output
of VAT.
Figure 6, Figure 7 and Figure 8 depict multiple VAT plots from different clustering settings
configurations. Considering that some square shapes on the diagonals are shown, it means
there are some daily load profiles that are similar to each other and different from the
others. Nevertheless, in determined pre-treatment cases, some plots do not contain any
evident clusters. In the parametric analysis section, some of the final settings parameters
are selected based on the VAT criteria.
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Sample 5,000, Partitioning Kmeans
K=500, Hourly data, no MA,
proportion normalization

Sample 5,000, Partitioning Kmeans
K=500,
Hourly
data,
MA=3,
proportion normalization

Sample 5,000, Partitioning Kmeans
K=500, Hourly data, no MA, Z-norm
normalization

Sample 5,000, Partitioning Kmeans
K=500, Hourly data, MA=3, Z-norm
normalization

Figure 6 – VAT plots for partitioning based on K-means (K=500) and sample size 5,000
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Sample 50,000, Partitioning Kmeans
K=500, Hourly data, no MA,
proportion normalization

Sample 50,000, Partitioning Kmeans
K=500, Hourly data, no MA, Z-norm
normalization

Sample 50,000, Partitioning Kmeans
K=500,
Hourly
data,
MA=3,
proportion normalization

Sample 50,000, Partitioning Kmeans
K=500, Hourly data, MA=3, Z-norm
normalization

Figure 7 – VAT plots for partitioning based on K-means (K=500) and sample size 50,000
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Sample 10,000, Partitioning SOM,
Hourly data, MA=3, Proportion
normalization

Sample 8,000, Partitioning SOM,
Hourly
data,
MA=3,
Z-norm
normalization

Sample 25,000, Partitioning SOM,
Hourly data, MA=1, Proportion
normalization

Sample 40,000, Partitioning SOM,
Hourly
data,
MA=1,
Z-norm
normalization

Figure 8 – VAT plots for partitioning based on a Self-Organizing Map

4.2.2 Parametric analysis

Multiple combinations of sample sizes, initial partitioning algorithms, different pretreatment of the raw data and clustering algorithms were tested. The results are shown in
this section, which clearly defines the most recommended settings to consider in the
clustering procedure.
Pre-treatment of raw data
The clustering results highly depends on the given input data. As shown in Figure 13, moving
average is a good smoothing method, it allows to discover the general tendency of the profile
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and avoids local peaks and noise present in the raw data. Profiles with raw hourly data
(MA=1) have much more peaks than in the case of MA=3. This setting also affects the VAT
plot, as shown in Figure 6. Datasets with higher MA are more clusterizable.
Figure 12 shows the differences on daily load profiles when hourly, 2-hourly and 3-hourly
frequency are applied. It can be seen that the hourly profile is much more smoothed
compared to the others because of the moving average of 3. However, consider moving
average with lower frequencies (2-hourly, 3-hourly) does not have much sense due to the
resolution loss from the raw load profile.
The normalization method used in this procedure is the proportion of daily consumption and
a Z-normalization. As can be seen in Figure 11, the case of Z-normalization seems to
generalize better the profile, focusing on the general shape, not to fit an extremely similar
behaviour against peak values. This helps to discretize better the profiles and it is the most
feasible cause why the Z-normalization seems to be much more clusterizable than the
proportion of the day normalization (Figure 8). Despite this, all profiles plots are represented
using the proportion of the day normalization, which is easier to understand.
Partitioning algorithm
An important initial step for the clustering procedure is the partition of the initial dataset.
This algorithm must reduce and discretize the dimensionality of the input dataset. This is
important when specific time series clustering algorithms are applied, such as k-Shape or Kmeans with DTW distance. Two different types of partitioning methods were tested. The
first was a Self-Organizing Map (SOM) and the second was a K-means with k=500. The VAT
plots (Figure 8) shows similar clusterability using both methods.
Regarding the SOM, Figure 10 and Figure 9 represents the codebook vector obtained by each
neuron after a training with a dataset of 8,000 and 40,000 daily load curves. With this
methodology, not only very similar profiles are grouped, but also the topology of the data is
maintained. The closer a neuron is represented in the map, the more similar it is.

Figure 9 – Codebooks for the Self-Organizing Map of a sample size = 8000
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Figure 10 – Codebooks for the Self-Organizing Map of a sample size = 40000

Figure 11 – Comparative of the partitioning procedure using different types of normalization
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Figure 12 – Comparative of the partitioning procedure using different frequencies
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Figure 13 – Comparative of the partitioning procedure using different moving averages
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Clustering algorithm
The algorithm selected for the refined clustering procedure also affects the patterns
detected. As seen in the state of the art section, there are some broadly used clustering
algorithms like K-means with Euclidean distance. However, there are also multiple clustering
algorithms specially created for time series clustering, such as K-means with DTW distance
or k-Shape algorithm. In this case, for a first approach of the analysis, K-means with
Euclidean distance and k-Shape were tested. Clustering algorithms with DTW distance was
discarded because too much computational power is needed. Additionally, K-means with
DTW distance results seem to be very similar as the k-Shape algorithm according to
bibliography (Paparrizos and Gravano, 2016).
In order to choose which clustering algorithm fits better to the refined clustering procedure,
the Gap Statistic (Tibshirani et al., 2001) was used. Figure 14 represents the results for this
criteria in different combinations of sample sizes, clustering and partitioning algorithms. It
can be seen that the Gap Statistic values becomes higher when SOM partitioning is applied
and the refined clustering is produced with a K-means with Euclidean distance.
This is a contradictory result against time series clustering literature, but in this research,
shifting in loads are not as much important than in other time series clustering applications.
Data treated by this clustering algorithm is not considering each single element as an isolated
hour.
Sample size
Multiple sizes of random selection of days were tested. This setting affects directly the
amount of data computed in the clustering procedure. For greater values than the optimal
sample size, the optimal number of detected groups (k) should be similar. Therefore, the
sample size should converge in optimal clusters detected after a determined value.
Figure 15 represents the optimal K using the Gap Statistic method to determine which is the
optimal number of groups. It can be seen that in case of SOM partitioning, either k-Shape
clustering or K-means with Euclidean distance algorithm have a convergence in detection of
optimal K approximately in K=70. Convergence in Gap Statistical is produced when the
sample size is around 100,000, as depicted in Figure 14. This is the recommended sample
size that was chosen.

Figure 14 – Gap statistic evaluation depending on the sample size, the clustering algorithm and the
partitioning method
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Figure 15 – Optimal K evaluation depending on the sample size, the clustering algorithm and the partitioning
method

4.2.3 Representative daily load curves detected
Finally, after the parametric analysis was done, the clustering procedure was executed using
the following settings:
• Sample size: 100,000
• Normalization: Z-normalization
• Smoothing: Hourly frequency with a moving average of 3 hours
• Clustering algorithm: K-Means with Euclidean distance
• Partitioning algorithm: Self-Organizing Map
• Optimal K detected: 69
Therefore, after running the clustering procedure, which takes approximately 12 minutes to
compute in a local machine, the representative daily load curves detected are depicted in
Figure 16.

Figure 16 – Representative daily load curves detected
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4.3 Classification
The classification procedure uses the obtained representative daily load curves to classify
the real load profile by the more similar load pattern, considering the minimum Euclidean
distance.
Figure 17 represents a visual validation of the clustering methodology from user 1000052.
Each facet in the graph corresponds to daily load curves (black lines) classified on the same
representative load pattern, which is coloured in green. Besides, the mean profile of the
daily load curves is painted in red.
As shown in Figure 18 the histogram represents the signature profile of the user, which
afterwards can be used for user segmentation proposes. Figure 19 shows the shape of the
most predominant profiles for this user in the right figure and the representation of the
selected load curve for each day in the left figure.

Figure 17 – Classification of all daily load curves of user 1000052
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Apparently, Figure 19 does not show any visual pattern in the representation of the load
curves over the time. Finally, a decision-tree model is used in order to make day-ahead
predictions of load shape based on exogenous variables such as weather conditions,
weekdays, holidays or the lagged shapes.

Figure 18 – Load shapes signature of user 1000052

Figure 19 – Most frequent representative load shapes and scatter plot of load shapes time series for user
1000052

4.4 Interpretation of user activity
The user activity indexes for every representative load pattern, which depends on the
quantile of the percentage of usage in each hour, are depicted in Figure 21. The distribution
considered for assigning the level of activity for each hour and each representative load
pattern is represented in the box plot of Figure 20.
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Figure 20 – Box plot of all representative daily load curves by hour

It can be seen that the hours during the night have normally a much lower percentage of
consumption than in the rest of the day, so the activity distribution associated to those hours
highly differs to the hours during the day. Besides, the lower tails of hours between 9:00 and
16:00 are much lower because there are some representative profiles that explains the
typical working schedule in Spain. On the contrary, upper outliers during the night hours
indicates the existence of some representative profiles with high activity during the night.
The hour of the day with higher consumption distribution associated is 20:00h, which
corresponds clearly with the dinner time in Spain.
Subsequently some representative load profiles of Figure 21 are explained as an example of
user occupancy interpretation.
• The profile 1 corresponds to a daily load curve with high activity in the evening and the
mornings. On contrary, the nights and the afternoons have very low activity, thus it
should be related with a non-occupancy period during the afternoon.
• The profile 2 have a twin peaks shape, with high activity during the breakfast-morning
and the dinner. It is the typical shape for working people during the mid-day.
• Profile 17 corresponds to a fixed occupancy during the day with periods of peak
consumption in the cooking periods. Very similar to profile 62, with less variation of
activity during the day in this last case.
• Profile 18 means a load curve with high activity during night and the first hours of the
morning and non-occupancy during the day.
• In profile 41 there is a highly probable non-occupancy period from 9:00 to 18:00,
therefore could be a typical pattern for working days and users that use their appliances
during the evening and the night. Profile 58 is very similar to 41 but in this case is not
very clear if there is any non-occupancy period.

27

www.sim4blocks.eu

1

2

17

18

41

58

62

Figure 21 – Daily activity associated with each representative load pattern
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5 Results in the Sant Cugat pilot site
The configuration of the clustering and classification algorithms was made using an external
dataset provided by CIMNE. The reason is because initially there was not any kind of data
from SIM4BLOCKS end-users. Nonetheless, from July 2017, the Sant Cugat pilot site is
gathering the electricity consumption of 44 households in La Clota building.
Considering that these users do not have electric HVAC or DHW systems, the user behaviour
is the main factor of the total electricity consumption. The same procedure (Data cleaning
+ Clustering + Classification) is performed using the SIM4BLOCKS dataset. Figure 22 shows
that the number of representative load curves is 18. Compared to the 69 detected in the
former case, this seems to be a pretty low number of patterns. Nevertheless, the reason is
that the amount of initial population between the datasets is very different (6500 users
against 44 users).

Figure 22. Representative daily load curves of Sant Cugat pilot site

Figure 23 shows the results of the interpretation of representative daily load curves to user
behaviour patterns, ordered by the instant when the first peak is produced. Additionally a
plain shape pattern is added to consider those days without significant activity. The
reordering proceed is helpful in the calculation of the user behaviour signatures of users,
because the similar user behaviour patterns will be considered close among them.
The results for the classification are shown in Figure 24. As can be seen, user 3358
concentrates his user behaviour between patterns 6, 7, 8, 10, 15, 16, 17 and 19. It is
remarkable that one of the most usual is the plain shape pattern, this means that this user
usually leave the house during one day or more.
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Figure 23. User behaviour patterns ordered by hour of the first peak at Sant Cugat pilot site

Figure 24. Classification of the daily load curves of SIM4BLOCKS user 3358 from July 2017 to March 2018.
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Finally, in order to implement the model to predict the day ahead prediction, a Conditional
Inference Tree is fitted with a historical daily dataset which contains the following variables:
- The classified representative load shape and their lagged versions (1 and 7 days
before)
- The lagged (1 and 7 days before) daily aggregations of hourly consumption (sum,
mean, standard deviation, minimum, maximum)
- The forecasted weather data, e.g. the daily average temperature, the average wind
speed or the daily solar radiation.
- The seasonality variables: Weekday (1-7), weekend period (0-1), holidays (0-1),
season of the year (winter-mid-summer)
As explained in section 3.4, the Conditional Inference Tree selects automatically which
variables are the most important for the construction of the decision tree. Figure 25
represents the selected variables and the estimated conditions to reach each of the
probability nodes. The weekend, the minimum hourly consumption of the day before, the
day of the week and the shape of the day before are the most important variables to predict
the load shape of the day ahead.
Figure 26 shows the results of applying the model in a validation dataset. The value
represented in X-axis corresponds to the position of the real daily load curve in the ordered
probability node. Thus, when the value is one, the real daily load curve is the pattern with
higher probability to happen according to the model and the exogenous conditions.

Figure 25. Conditional Inference Tree trained with the classification results
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Figure 26. Accuracy of the prediction of the user behaviour pattern (The closer to 1, the better)

32

www.sim4blocks.eu

6 Conclusions
The methodology developed is capable to recognize the representative daily load curves
from an electricity consumption dataset. This becomes an important step in modelling the
user behaviour in residential buildings, which is increasingly important as building and
appliance efficiency improve more and more.
The modular and easy scalable design of the methodology allows working with big datasets
coming from smart meter readings, which are necessary for the future implementation in
the DR market. Besides, the most computational part of the methodology, which is the
clustering of daily load curves, is recommended to be executed only twice or three times
per year, as the representative load curves detected will not change drastically for a stable
population. Also the data cleaning process and the classification phase are easily
parallelizable, as every user is treated individually. Therefore, no information needs to be
shared between different users, like in the case of the clustering proceed.
To conclude, the first version of the user behaviour model is ready to be tested with endusers in the electricity indirect incentivized use case. The results of it will be presented in
other WP2, WP3 and WP5 deliverables.

7 Acronyms and terms
DR
EE
DHW
HVAC
BEM
SOM
NA
HDFS
VAT

Demand Response
Energy Efficiency
Domestic Hot Water
Heating, Ventilation and Air Conditioning
Building Energy Model
Self Organizing Map
Not Available
Hadoop Distributed File System
Visual Assessment of cluster Tendency
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9 Appendices
Programming code is available on the following background documents:
Appendix 1: HTML of the main R script (D2.2-A1.html; available to partners in Task 2.2
bwSyncAndShare repository)
Appendix 2: HTML of the R functions developed for WP2 tasks (D2.2-A2.html; available to
partners in Task 2.2 bwSyncAndShare repository)
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