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Clustering-based Analysis for Residential District Heating Data

Panagiota Gianniou, Xiufeng Liu∗ , Alfred Heller, Per Sieverts Nielsen, Carsten Rode

Technical University of Denmark

Abstract

The wide use of smart meters enables collection of a large amount of fine-granular time series, which can be used to improve the
understanding of consumption behavior and used for consumption optimization. This paper presents a clustering-based knowledge
discovery in databases method to analyze residential heating consumption data and evaluate information included in national build-
ing databases. The proposed method uses the K-means algorithm to segment consumption groups based on consumption intensity
and representative patterns and ranks the groups according to daily consumption. This paper also examines the correlation between
energy intensity and the characteristics of buildings and occupants, load profiles of households, consumption behavior changes
over time, and consumption variability. The results show that the majority of the customers can be represented by fairly constant
load profiles. Calendar context has an impact not only on the patterns but also on the consumption intensity and user behaviors.
The variability studies show that consumption patterns are serially correlated, the customers with high energy consumption have
lower variability, and the consumption is more stable over time. These findings will be valuable for district heating utilities and
energy planners to optimize their operations, design demand-side management strategies, and develop targeting energy-efficiency
programs or policies.

Keywords: Clustering, Load pattern, Load profiling, Load transition, Variability

1. Introduction

Information and communications technologies (ICTs) are
revolutionizing today’s energy management systems. The dis-
tinct characteristic is to use smart meters to monitor energy con-
sumption. Smart meters are the digital devices that can collect
energy consumption at a fine-granular time level, typically ev-
ery 15 minutes [1]. Smart metering systems are being widely
installed globally. European countries have set the goal of con-
verting their legacy meters to smart meters by 2020 in line with
the Third Energy Package in the Electricity Directive [2] and
Gas Directive [3] issued by European Commission in 2006. It
is expected that 72% of European consumers will own elec-
tricity smart meters by 2020 and 40% of them will have gas
meters [4]. In Denmark, more than half of current electricity
customers have smart meters [5]. In recent years, several large-
scale smart meter installation projects have been carried out,
including the project undertaken by Enel SpA in Italy covering
30 million customers between 2000 and 2005, the Linky pilot
project in France involving 300,000 customers and the national
Australian initiative in Victoria covering a total of 2.6 million
electricity customers. Furthermore, smart meters have been in-
stalled by Chubu Electric Power in Japan for most of their high-
voltage customers, office buildings, and individual households.

The main drivers behind the employment of smart meter-
ing in different countries include load management, peak or
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demand reduction, fraud reduction, accurate billing and wa-
ter conservation [6]. Smart meters can also be utilized to de-
velop more accurate prediction models and detailed analyses
on the drivers of building energy consumption [9]. For exam-
ple, the data can reveal potentially valuable information about
buildings and end users that are useful to energy management.
In particular, building-related data can unveil hidden correla-
tions between energy use and its influencing factors in build-
ings. Smart meter data can also help developing and applying
control strategies to improve building energy performance and
efficiency [10]. In addition, building energy-related informa-
tion can be provided to customers [11], which can help them
use demand-response techniques to reduce energy consump-
tion, improve energy efficiency, reduce carbon emissions and
improve the use of renewable energy sources. There is also
an expectation that smart metering or advanced metering in-
frastructure can contribute to demand and cost reduction and to
the adoption of domestic low-and zero-carbon technologies [6].
Therefore, they can be utilized to decrease uncertainty related to
building energy performance and provide detailed information
on energy monitoring. Smart meter data analyses are therefore
not only of value to the research community and customers but
they also help utilities to improve their meter-to-cash processes.
They enable them to use advanced tariff schemes and ultimately
contribute to the value of metering infrastructure [7, 8].

Buildings account for nearly one-third of the world’s energy
consumption. Among others, half of the global energy con-
sumption of buildings comes from space heating and cooling
as well as hot water [12]. In heating-dominated climates, such
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as Scandinavia, the main source of building energy demand is
space heating. The increasing availability of smart meter data
makes it possible to gain insights into heating consumption of
buildings to help with energy management, such as extracting
hidden temporal patterns - knowledge which can not be cap-
tured at its detailed level without the use of smart meters. De-
spite the promising benefits, it is still difficult to obtain reliable
and detailed heating data, largely due to commercial sensitiv-
ity and privacy issues. Moreover, heating sector management
is typically more challenging than other energy sectors, such as
electricity, due to the high variation of production and demand.
It is therefore difficult to obtain reliable data on heat production,
usage patterns, and production costs. In addition, the installa-
tion of heating meters is more challenging and costly than smart
electricity meters [13]. This also means that data analyses in the
heating sector receive much less attention.

In this paper, a clustering-based knowledge discovery in
database approach is proposed for analyzing residential heat-
ing consumption data. The objective of this study is to pro-
vide the information to district heating utilities, which they can
use for optimizing their operations and for better understand-
ing their customers. At the same time, the analysis can be used
by customers to understand their consumption profiles and be-
haviors to improve energy efficiency. In addition, this study
can help utilities and decision makers to develop energy effi-
ciency strategies and policies, as well as provide personalized
energy services to specific customer segments. Due to the in-
troduction of renewable energy sources and the electrification
of the heating sector, the Danish energy sector is in a transition
period, which means that the balancing of the power grid is
challenging. Energy flexibility solutions can support this tran-
sition, including demand-side management techniques that bal-
ance utility and customer needs. Identification and mapping
of consumption patterns enable district heating utilities to im-
plement new operational strategies. This study will perform
a statistical clustering analysis on heating consumption data
of Danish dwellings connected to a local district heating net-
work. The data consists of the load profiles of 8,293 single-
family households from Aarhus, Denmark. The study clusters
the customers into different groups by the K-means cluster-
ing algorithm, ranks the groups according to their consump-
tion intensity, and labels them using different alphabets. An ex-
ploratory analysis is conducted on the energy consumption and
socio-technical data of the dwellings, which reveals the correla-
tion between energy consumption and the characteristics of the
buildings and occupants.

This paper makes the following contributions: First, this pa-
per presents a clustering-based approach for district heating
consumption data analysis, including data preparation, cluster-
ing, and the analysis based on the clustering results. Second,
this paper uses the K-means algorithm to segment consumption
intensity groups, studies the correlation between the consump-
tion intensity and the characteristics of buildings and occupants,
and analyzes the transition of consumption behaviors over time.
Third, this paper identifies representative patterns by clustering
normalized daily consumption patterns and studies the variabil-
ity of consumption patterns using an entropy approach. Fourth,

this paper leads to a number of interesting findings from the
clustering-based analysis including non-intuitive results, such
as the calendar impact on consumption, the serial correlation
of consumption patterns, and high consumption with a lower
variability.

The remainder of this paper is organized as follows. Sec-
tion 2 gives a review of related work. Section 3 presents the
methods applied. Section 4 presents the data and the results
of the clustering-based analysis. Section 5 discusses the sig-
nificant findings of this paper and the related issues. Section 6
concludes the paper and points to the future research direction.

2. Literature review

Clustering is one of the most commonly used techniques in
data mining. It is used to discover groups and identify inter-
esting distributions in the underlying data [15]. Specifically, a
clustering problem is about partitioning a given data set into
groups, classes or clusters such that the data points in the same
cluster are more similar compared with the data points in other
clusters [15]. The goals of cluster analysis are data reduction,
hypothesis development and testing and prediction identifica-
tion, based on groups [16]. The main steps of clustering include
feature selection, choice of the clustering algorithm, validation
and interpretation of results [17]. Clustering algorithms fall into
the following categories based on how clusters are defined: par-
titional clustering, including K-means and K-medoids methods,
and hierarchical clustering, which includes density-based and
grid-based clustering [18]. Clustering has been applied to dif-
ferent fields such as biology, web mining etc. Clustering tech-
niques are being applied to the analysis of smart meter data
in buildings and district heating systems, because of the rapid
introduction of smart meters. Knowledge about the characteris-
tics of clusters of consumers with similar consumption patterns
can facilitate the development of novel tariff schemes and im-
prove network management [19].

Most of the studies on clustering analysis using smart me-
ter data are found in the electricity sector where smart meters
are common [20]. In [21], the clustering methods for electric-
ity consumption pattern recognition were assessed, including
hierarchical and K-means algorithms. It was found that the
K-means algorithm is more useful for segmenting customer
groups, and that information hidden in the consumption pat-
terns has a great potential to be exploited towards load control,
demand response actions, real-time pricing etc. In [22], hourly
electricity consumption data from 4,500 smart meters, cover-
ing all categories of Danish customers were used to identify the
load profiles and classify them. It was concluded that modeling
of individual load profiles should be differentiated between dif-
ferent categories of customers, such as between industrial and
residential uses, between weekday and weekend, and between
summer and winter. In [19], an automatic classification method
was proposed based on self-organizing maps, which identified
a set of household properties that could be deduced from elec-
tricity consumption data, such as the size of household and the
income of occupants. Two methods were introduced in [23] for
modeling total energy consumption of buildings with regards to
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predictive accuracy and cluster stability: clusterwise regression
and cluster validation methods to measure stability. Clusterwise
regression gave very accurate predictions but relatively unstable
clusters, while K-means gave more stable clusters but poor pre-
dictions in several clusters. Thus, clustering methods should
be carefully selected considering the main objective, whether
it is accuracy or stability. In [24], a Bayesian non-parametric
clustering algorithm was used to distinguish specific features
between electricity consumption patterns of 219 households in
UK and Bulgaria. The main advantage of the method was that
it was not necessary to pre-define the number of clusters be-
fore analyzing. However, the algorithm was a bit slower in data
processing than other clustering techniques. It was found that
features such as nationality, family size, and type of dwelling
can be successfully assigned to the members of a specific clus-
ter.

Fewer studies have been found on data analysis in the heating
sector compared with the electricity sector. In [25], the heating
data from 139 single-family houses in Denmark were investi-
gated for identifying patterns in space heating profiles using the
K-means algorithm. It was found that the heating load profiles
varied with external load conditions (high, medium and low de-
mand periods). Two main clusters of load profiles were iden-
tified for weekdays and weekend days, one of which was quite
stable and the other had a higher variation throughout the day.
The latter was characterized by two peaks, one in the morn-
ing and the other in the afternoon/evening. It was concluded
that building characteristics like floor area, building year and
type of space heating distribution system, the existence of chil-
dren or teenagers and the postcode proved to explain the differ-
ence between the two patterns. In another study [26], typical
daily heating profiles were identified in a three years data set
for 19 high education buildings in Norway using a Partitioning
Around Medoids clustering algorithm. The Pearson Correlation
Coefficient was used to determine the dissimilarity measure to
cluster the daily load profiles based on the similarity of the vari-
ability, rather than the magnitude similarity. The typical heat-
ing load profiles provided information on the peaks and troughs
of the daily heating consumption, daily high heating consump-
tion period and daily load variation. Two statistical analysis
approaches were introduced in [27] to develop random domes-
tic profiles based on 15-min interval time series data from 25
typical Danish households. The results showed that space heat-
ing consumption had larger variability during a year, compared
with domestic hot water consumption, which was more spo-
radic and transient.

Many studies identify the shape of load profiles as the pri-
mary objective and determine stable representative clusters.
These methods are commonly referred to as shape-based. A
shape-based approach to classifying energy consumption pro-
files at the household level was presented in [28]. The method
was based on a dynamic time warping method that reflected the
effect of hidden patterns of regular end-user behaviors. This
method resulted in a smaller number of clusters, higher clus-
tering efficiency and a lower household variability. In another
study [29], a k-shaped approach was introduced, relying on a
scalable iterative refinement process that created homogeneous

and well-separated clusters. In order to consider the shape of
the time series, a normalized version of the cross-correlation
measure was used as the distance metric for the clustering. It
was concluded that the proposed shape-based approach outper-
formed all scalable and non-scalable approaches in terms of ac-
curacy, it was domain-independent and highly efficient for time
series analysis.

In summary, clustering algorithms have been widely used for
customer segmentation, pattern recognition, and classification.
Most of the literature uses electricity data, which are more read-
ily available and accessible. There is much less research carried
out for residential heating consumption data analysis. Load
shape recognition is the major objective of the reviewed arti-
cles. In contrast, in this paper, the analysis is conducted based
on the clustering results, including load profiling, consumption
behavior change over time, and the variability of the heating
consumption patterns.

3. Methods

This paper uses a three-stage approach to process and ana-
lyze district heating consumption data. Figure 1 describes an
overview of this approach, which includes data preparation,
clustering and the analysis based on the clustering results. First,
the heating consumption data are collected by the preparation
module. The data usually contain some anomalous and missing
consumption values that need to be cleaned. Data cleansing is
an important step for ensuring data quality for the subsequent
clustering-based data analysis. The data are pre-processed by
filtering the single-family household data, removing the data
with missing values, and adjusting the reading time stamp to
align winter and summer time. The second module does the
clustering on the load profiles. The K-means algorithm is em-
ployed for the clustering to segment different customer groups
for further analysis in the third module. Two clustering analyses
are applied. The first one is applied on the non-normalized data
to identify the consumption intensity groups. The second clus-
tering analysis is applied on the normalized data to identify the
representative load patterns of all customers. It is expected that
the first clustering analysis highlights the difference in the mag-
nitude of heating consumption among customers. The second
analysis points out the patterns of heating loads with regards to
time. The optimal number of clusters is determined separately
in both approaches, and different labels are assigned to the
identified customer groups. The analysis of the clustering re-
sults is conducted in the third module, including customer seg-
mentation according to the clustering results, logistic regression
analysis to identify influencing factors on heating consumption,
load profiling for individual customers, studying load transi-
tion over time, and consumption variability. The analysis algo-
rithms are implemented using the in-database machine learning
library, Apache MADlib [30], and run as database procedures
in the open source database management system, PostgreSQL
[31].
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Figure 1: Overview of the clustering-based analysis

3.1. Clustering
The K-means clustering algorithm [32] is used in this anal-

ysis for clustering district heating consumption data. The goal
of the clustering is to identify and segment the customers with
similar load intensity and consumption patterns in the first place
and secondly to specifically look at the consumption patterns
on normalised data. Given a set of load patterns (daily load
patterns based on hourly readings in this paper), the clustering
algorithm classifies the load patterns into K groups or clusters.
The patterns are similar within the same cluster, but dissimilar
to the other clusters, according to a distance metric. K-means
clustering is an iterative process with the aim of minimizing the
intra-cluster inertia criterion defined by:

C(P, µ) =
n∑

i=1

∑
Xi∈Pk

||Xi − µk ||
2 (1)

where P = (P1, P2, ..., Pk) is the set of clusters, µ =

(µ1, µ2, ..., µk) is the set of cluster centers, and || � || is the L2
norm associated to the distance metric.

In this paper, the clustering approach is used for identify-
ing the consumption intensity and representative patterns of the
customers. This is done as follows:

− Consumption intensity: This clustering is applied on the
representative daily load profiles of all the customers with-
out normalization, (X̂1, X̂2, ..., X̂n). The representative load
profile of a customer i, X̂i, is estimated by the mean of the
hourly consumption:

X̂i =
1
N

∑
n∈N

X(n) (2)

where N is the number of days in a time series, and X(n)
is the n-th day’s daily load profile, X(n) ∈ R24.

− Representative patterns: This clustering is applied on all
the normalized daily load profiles of all customers. For
a given customer i and the n-th day, the normalized load
profile is defined as

X∗i (n) =
Xi(n)
S i(n)

(3)

where X∗i (n) and Xi(n) denote the 24h-period vectors of
normalized and raw hourly consumption data, respec-
tively. S i(n) is a scalar value representing the total con-
sumption of the day n. The clustering on the normalized

load profiles will only discover the patterns regardless of
the consumption intensity.

3.1.1. Number of clusters K
The challenge of using the K-means algorithm is that it re-

quires the user to provide the initial number of clusters K, and
it is often difficult to determine the optimal number of clusters.
There have been a number of approaches proposed, such as the
random initialization for gaussian mixture models criterion in
[33], using gap statistic to estimate the number of clusters [34],
and an information measure for classification [35]. In this pa-
per, the number of clusters for load intensity and consumption
pattern are chosen according to the Bayesian Information Cri-
terion (BIC) [36], which is based on the following consider-
ations. In clustering, adding more clusters will decrease the
variance (and increase the Bayesian likelihood). To avoid con-
stantly adding centroids, the BIC works by penalizing the log-
likelihood more when the complexity of the model (e.g. the
number of parameters) increases [36]. Therefore, this approach
can search for different values of k, score each clustering model
according to the BIC value, and determine the optimal number
of clusters. BIC is defined as

BIC(C|X) = L(X|C) −
p
2

log(n) (4)

whereL(X|C) is the log-likelihood of the data item of X belong-
ing to a cluster C, and p = k(d + 1) is the number of parameters
in the C with dimensionality of d and k cluster centroids.

3.1.2. Distance metrics
The clustering is based on the distance to decide which clus-

ter an element belongs to. The Euclidean distance is one of the
most commonly used metrics by clustering algorithms, which
is defined as the following.

d(X,Y) = ||X − Y ||2 =
√∑

(X − Y)2 (5)

where X and Y are the two vectors with the same dimension-
ality. In the clustering of consumption intensity, they are the
24h-vectors representing the hourly consumption values of the
day. This paper uses an improved distance metric derived from
the Euclidean distance to discover representative patterns. It is
called KSC-distance [37], which is suggested by [38] to dis-
cover energy consumption patterns with a minor shift on the
time scale. The KSC distance is defined as

d(X,Y) = min
q
||Xq − Y ||2 (6)
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where Xq is a shifted version of X by the amount q that min-
imizes the instance. KSC-distance can remedy the “double-
penalty” problem of the peaks that are only slightly different
in timing when the peaks occur [38]. Figure 2 shows the exam-
ple where there are two vectors with the peak value of 1.0kWh.
If q is shifted to the left for one hour, i.e., −1, the distance d will
be 0, otherwise

√
2. This means that the difference between the

two patterns regarding a slight shifting along the time scale can
still be classified into the same cluster. This can solve minor
pattern shifting problems. For example, a person getting up late
with the morning peak at 8–9 am, instead of his/her usual morn-
ing peak at 7–8 am. The slight variance on the time scale should
not lead to a wrong classification.

Figure 2: Double-penalty problem

In this paper, the daily pattern is shifted between −1 and 1,
i.e., the last hour of the previous day and the first hour of the
next day. The distance is computed iteratively for the three
shifts, and the minimal one is used for the clustering.

3.2. Correlation study based on the consumption intensity
The customer groups in terms of consumption intensity are

identified by the clustering analysis without normalization. A
correlation study is conducted to investigate the influencing fac-
tors to each of the consumption intensity groups based on the
clustering results. The influencing factors include the charac-
teristics of buildings and occupants. The purpose of this anal-
ysis is to determine the impact of building-related parameters
on the heating consumption intensity, since these parameters
are commonly used in national building databases to classify
building stocks. Therefore, this study is to find out whether
these parameters are representative to be used in classification
schemes when the focus is on energy use intensity. Further-
more, occupant-related parameters are investigated to deter-
mine if they are suitable for characterizing heating consump-
tion classification. The reason for selecting such parameters is
that occupant behavior introduces large stochasticity to residen-
tial space heating demand [39, 40]. This study is first done in
an intuitive way simply using bar charts, followed by a logistic
(binomial) regression analysis.

Logistic regression refers to a stochastic model in which the
conditional mean of the dependent dichotomous variable (usu-
ally denoted Y ∈ {0, 1}) is the logistic function of an affine func-
tion of the vector of independent variables (usually denoted x).
That is,

E[Y | x] = σ(cT x) (7)

for some unknown vector of coefficients c and where σ(x) =
1

1+exp(−x) is the logistic function. The logistic regression finds

the vector of coefficients c that maximizes the likelihood of the
observations. The relevance of studied characteristics is quan-
tified by studying the significance of the coefficients.

3.3. Variability study based on the representative patterns
Based on the representative patterns discovered by the clus-

tering with normalization, a variability study is conducted to in-
vestigate the consumption behavior change over time for house-
holds. In this study, each of the patterns is represented by
an alphabet, and the daily consumption patterns of each cus-
tomer will, therefore, be labelled as a sequence of the alphabets.
Based on the alphabet sequence, the customer behavior changes
over time will be quantified as the entropy in this study. Vari-
ability reflects the consumption habits of customers, and has
a determining impact on operation cost for utilities. Utilities
can rely on it to design energy efficiency programs for the rel-
evant types of the users or neighborhoods that contribute to the
variability. This study also provides the information for utili-
ties to provision the supply of energy. The concept of entropy
is hereby adopted to quantify variability. Entropy originally
comes from the physics field and can be generally perceived as
a measure of disorder. Entropy has been widely used in com-
puter science and information theory mainly to characterize the
uncertainty in the data [41, 42]. In this case, a higher entropy
value means that the user consumption is more variable, i.e.,
more unstable or less predictable. Otherwise, it is more pre-
dictable. There are typically two approaches for estimating the
entropy: one is believing that the appearance of an alphabet α
is uncorrelated, while the other is believing that the appearance
is serially-correlated [38], i.e., the appearance of an alphabet
for the next day depends on its previous days. For the first ap-
proach, the entropy can be calculated by

Euncor = −
∑
α

p(α)logp(α) (8)

where p(α) is the posterior probability of an alphabet α. The
probability can be estimated by

p(α) =
#{S (n) = α}

N
(9)

where the numerator is the count of an alphabet α in the se-
quence, and the denominator N is the length of the sequence,
i.e., the number of days. The second approach estimates the en-
tropy using the Lempel-Ziv compression algorithm [43]. The
entropy is estimated as:

Ecor = (
1
N

∑
n

Ln)−1log(N) (10)

where Li is the length of the shortest sub-sequence at position n
which doesn’t previously appear from position 1 to n − 1.

4. Analysis and Results

This section will first describe the data, followed by a de-
scriptive analysis of the data. Then, this section will do the
clustering-based analysis to study consumption intensity, load
transition, and variability.
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4.1. Data

The district heating consumption data are from 8,293 single-
family households in Aarhus City, Denmark, with hourly time
resolution. Single-family houses represent 44% of the total
residential households in Denmark [44]. The readings were
collected from different starting dates, with the earliest being
March 02, 2009, but all end on November 29, 2015. These
data are private and owned by the district heating supplier of
the area, Aarhus Affaldvarme (AVA). AVA provided the au-
thors with the data for research purposes after applying some
anonymization techniques like removing personally identifiable
information such as names, addresses and social security num-
bers to ensure the sources’ privacy. The additional data include
building information from the Danish National Building Regis-
ter (BBR) such as the construction years, sites and areas. These
data are publicly available at [45]. BBR is a nationwide regis-
ter which includes the data of the majority of Danish buildings
and households. It contains the information about 1.6 million
properties, 3.8 million buildings and 2.7 million dwellings and
commercial units [46]. It was originally established in 1977
by collecting the information from building owners via ques-
tionnaires. Since then, it has been updated by local authorities
and by citizens [47]. Specific customer information was also
provided to the authors, including family sizes, date of birth of
residents, addresses and the dates of moving in and moving out.

4.1.1. Descriptive analysis of data
Initially, a descriptive analysis is conducted to visualize the

time series of district heating consumption data. Figure 3 shows
three typical consumption time series (high, medium and low)
in the year 2014. The figure indicates that most of the heat-
ing consumption occurs in the winter period between October
and April of the following year, while there is very little heat-
ing consumption during the summer period May to September.
This is in line with the typical assumption for the Danish heat-
ing season, starting on October 1st and ending on April 30th

[48]. Figure 4 represents the average hourly consumption of
all households for weekdays and weekend days during January.
The results show that the peak loads occur in the morning and
evening on weekdays, while the morning peak is occurring later
– approximately 3 hours – in the weekends. Based on these re-
sults, it can be observed that there are different consumption in-
tensity levels. District heating data follow certain patterns and
seasonality, which may be due to the weather conditions, build-
ing performance, living habits of customers and/or something
else. In the following, this paper will conduct an exploratory
analysis based on the clustering to study consumption intensity,
load transition and variability.

4.2. Clustering for studying consumption intensity

In the following, an exploratory analysis will be conducted
using the proposed clustering methods. Initially, the clus-
tering is based on the daily load profiles without normaliza-
tion. A daily load profile of day n is denoted as X(n) =
〈x0, ..., xh, ..., x23〉, where xh represents the consumption of the
hour, h.

Figure 3: Three typical examples of heating consumption time series

Figure 4: Average daily heating consumption patterns

According to the proposed methods, the number of clusters is
defined by using the BIC approach. Figure 5 shows the evolu-
tion of BIC values with the increasing number of clusters. The
BIC value decreases up to 5, k = 5 and increases progressively
thereafter. Therefore the appropriate number of clusters is 5.

Figure 5: Determining the optimum number of clusters

The clustering, therefore, segments the customers into five
consumption groups. The silhouette score 1 [49] of the cluster-
ing is 0.641, indicating that the clustering achieves a satisfac-
tory result in terms of intra-cluster cohesion and inter-cluster
separation. The clusters are ordered by their daily average heat-
ing consumption, and labelled using the alphabet from A to E,
which also represents the consumption levels ranging from the
lowest to the highest. The purpose of this clustering is to iden-
tify the customers with a similar consumption pattern and con-
sumption intensity. This information is valuable to utilities to
target the customer for offering personalized services, e.g., giv-
ing energy-saving recommendations or heat emission system

1Silhouette score is a measure for evaluating clustering results according to
cohesion within a cluster, and the separation to other clusters. The score ranges
from −1 to +1, where a high value indicates a good matching [49].
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replacement. Figure 6 shows the clustering results. In each
cluster, the bold red line is the cluster centroid which is the
representative group load profile, while the other lines are the
mean daily load profiles of the customers in the cluster. Cluster
A represents 24.2% of the households having the lowest heating
consumption among all households. The cluster load profile is
rather flat, having a slight peak between 5am and 8am. Cluster
B represents the majority of households, which is 36.2% of the
total examined stock. The heating consumption is a bit higher,
while the cluster load profile is rather constant with a small vari-
ation. The daily heating consumption of the centre of cluster B
does not exceed 2.5 kWh. Cluster C exhibits a similar pattern
as B, with the heating consumption being a bit higher. The
morning peak occurs between 6am and 8am, while the evening
peak is very weak. Cluster D represents 11.2% of the house-
holds, with the daily heating consumption ranging from 2.7 to
4 kWh. Cluster E indicates the highest heating consumption
among all households, representing only 2.1% of all dwellings.
The morning and evening peaks are more pronounced, with the
former occurring between 6am and 8am and the latter between
5pm and 8pm.

The hourly readings of the households are now explored in
each cluster using the boxplot method. The boxplot method can
unveil the descriptive statistics regarding dispersion and skew-
ness, as well as outliers of the data [50]. Figure 7 illustrates the
results (the line in the box represents the median). In each clus-
ter, there are some outliers that lay beyond the quartiles by 1.5
interquartile range. The distributions of the clusters A, B and
D are more skew for their median lies at the quartile boxplot.
The boxplots depict the distribution of the data in each cluster
(the length of the box represents the variance, and the standard
deviation range from 8.1 to 24.9 kWh). Cluster A has the low-
est variability and consumption, while Cluster E has the highest
variability and the highest consumption.

It is now further investigated if there exists any relevance be-
tween the energy consumption levels and building and occu-
pant characteristics in an intuitive way. The analysis uses bar
charts to determine the effect of floor area, the age of build-
ing and number of occupants on the heating load profile (see
Figure 8). Visually, the results have shown that buildings with
large floor areas and old buildings have high heat demand on
average. Looking at Figure 8a, the average floor area is higher
for cluster E, which represents the high heat demand profiles,
as expected, since the heating consumption data are not nor-
malised per floor area. Furthermore, it can be observed from
Figure 8b that the older a building is, the higher heat demand
it has. Cluster A, which represents the lowest heat demand, in-
cludes buildings with the lowest average age of buildings. The
effect of the number of occupants is not as clear among the dif-
ferent clusters (Figure 8c).

The relevance is now quantified by the coefficient signifi-
cance using logit regression analysis. The following features
are selected: building age, floor area, the number of adults, the
number of teenagers, and the number of children in a house-
hold. In this case, the independent variables are the house and
occupant features. In logit regression, the dependent variable,
y, only takes two possible values, 0 or 1. In this analysis, y

corresponds to 1 or 0 if a sample is belonging to a cluster or
not. For example, for the logit regression of cluster A, if a cus-
tomer belongs to this cluster, then y = 1, otherwise, y = 0. The
coefficients of the regression, along with the odds ratio for the
coefficient, the Wald p-value and z are calculated and presented
in the following. Table 1 presents the regression analysis results
of the attributes of time-patterns for the five identified clusters.
According to the Pseudo R2, the models of the high energy con-
sumption groups D and E have a better fit than the lower energy
consumption groups (0.2-0.4 represents the good fit, which is
equivalent to 0.7-0.9 in traditional R2 [51]). According to the p-
value, the explanatory variables, floor or building area and age
of the building, are the most significant ones in all segments.
The number of teenagers in the household appears to be posi-
tively associated with the low and relatively constant heat load
represented by Cluster A. This may be attributed to teenagers
spending less time at home compared with other age groups. In
the high load segment, the number of teenagers changes 1.451
times the odds of a household to belong to that cluster. When
looking at the medium load segment, the number of children
changes 1.156 times the odds of a dwelling to belong to that
cluster. The effect of the number of adults is not easy to inter-
pret. Adult occupant behavior varies a lot and does not follow
a steady pattern due to different thermal comfort preferences.

Figure 9 shows the daily load profile of all customers after
quantification of the clustering differentiated between week-
days (a) and weekends/holiday (b). All five segments show a
similar trend for weekdays, but not for weekends. In partic-
ular, the magnitude of heating consumption differentiates the
five clusters on weekdays. All of the five clusters show a re-
markable morning peak. Furthermore, the segments of high
and medium load profiles are characterized by a morning peak
a bit earlier in the day (around 7am), while in the two lower
load profile segments the morning peak occurs approximately
one hour later. In addition, cluster E which represents high load
profiles has two soft evening peaks at 6pm and 9pm. Looking
at the load profiling for weekends, the trends are less clear. Oc-
cupants do not follow a steady schedule during weekends and
holiday. Cluster D which is the segment with the second high-
est heating consumption, has a striking morning peak at 9am.
The behavior of the rest of the clusters is quite similar to each
other and they show softer peaks during the day.

Figure 10 shows how a typical customer’s daily heating con-
sumption profile changes cluster throughout the year (2014).
In the customer segmentation process in Section 3.1 this cus-
tomer is in cluster E. It means that this customer is classified
into the highest heating consumption group. However, interest-
ingly, the customer changes consumption pattern from day to
day throughout the year, which means that this customer load
profile fits better with another cluster the next day. The figure
shows which cluster the customer is associated with at each day
within the year. Although this customer on average is a high
load profile consumer, the customer is fully associated with the
low load profile cluster A during the warmer summer months,
from May to September. During autumn in October and spring
in April and half of May, the customer is associated with the
medium heating consumption cluster C. This is in the two tran-
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Figure 6: Customer segmentation based on daily consumption patterns

Table 1: Logit regression results for load profile segmentation

sition months between heating season and non-heating season
where there is a medium heat demand. The customer is actually
only associated with the high heating consumption cluster, E,
during January and December, when ambient temperatures are
low, probably sub-zero degrees Celsius. The customer is mostly
associated with cluster B and D in February through April, as
well as in November and December. The share of the time this
customer is associated with the second lowest heat load cluster
B during winter months is quite high and that indicates a well-
insulated house that can possibly benefit significantly from so-
lar gains. The relatively low heat loads can also be associated
with specific calendar events, such as holidays, when occupants
are not home. It should be noted that this house was built in
1929 and its floor area is 150 m2. Therefore, it is an old house,
which explains the high heating consumption during the winter
months.

4.3. Clustering for studying load transition

This subsection investigates seasonal load transitions. Fig-
ure 11 presents the evolution of consumer behavior from one
cluster to another over the twelve months in the year of 2014.
First, this figure shows the clusters distribution of all house-
holds for each month. This can be explained by the behavior
changes that are dependent on the ambient temperature and on

calendar events. In particular, cluster D, which corresponds to
the second highest heat load segment, represents the majority
of the households during the winter months. It should be noted
for comparison that cluster D represented 11.2% of the cus-
tomers and cluster E 2.1% of the customers. The majority of
the customers in January moved to clusters with lower heating
consumption in February, namely cluster B and C. The propor-
tions of the clusters, D and E, further decrease while moving to-
wards the spring season. Cluster C is the dominating cluster in
March, which is a transition month from the cold winter months
to the non-heating season. During the summer season, the ma-
jority of the customers are represented by cluster A, which has
the lowest heat load and a fairly constant daily pattern. Similar
conclusions for the load transitions can be drawn looking at the
autumn months.

Furthermore, the transition probability from one cluster to
the others has been calculated to quantify the changes in heat-
ing consumption and consumer behavior (see Table 2). The
probability in this table is the statistic data of the transition be-
tween daily patterns for all the customers in the year of 2014.
The transition probability between months can also be calcu-
lated in a similar way. The table shows that the probability of
remaining in the same state (cluster) is higher than transiting
to another state. The transitions to the adjacent states are also
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Figure 7: Boxplot of hourly consumption distribution in each cluster

Figure 8: Statistical indicator of each group

detected, which depends on many factors, such as the changes
of ambient temperature.

4.4. Clustering for studying consumption pattern variability

To study the consumption variability regarding the daily pat-
terns, this paper first applies clustering on the normalized pat-
terns of all days of all the customers, then quantifies the vari-
ability of each customer based on the clustering results. The
normalization is conducted according to the Equation 3. In this

Table 2: Transition probability between clusters

Clusters A B C D E
A 0.9246 0.0624 0.0109 0.0019 0.0003
B 0.0990 0.7839 0.0327 0.0833 0.0012
C 0.1521 0.3037 0.3568 0.1716 0.0158
D 0.0046 0.1204 0.0294 0.7976 0.0479
E 0.0026 0.0065 0.0075 0.1816 0.8018

clustering, the chosen number of clusters is nine with regards
to the BIC value (see Figure 12). The silhouette score of the
resulting clusters is 0.396, which is a bit lower than the clus-
tering on un-normalized data. The reason is that the KSC dis-
tance metric is used in the clustering, and the patterns within the
same cluster are more cluttered. Figure 13 shows the clusters
ranked according to the percentage of the patterns in each clus-
ter from the highest to the lowest. The clusters are labeled with
the alphabets A –I (note that this labeling is different to the pre-
vious section which represents consumption intensity levels).
As shown, cluster A represents the largest share of daily load
patterns, 81.1%, where the patterns with morning and evening
peaks are almost evenly distributed (as seen from the crowded
lines of patterns). Since the KSC distance is used in the clus-
tering, the minor shift of patterns are classified into the same
cluster, and the centroid is flattened (represented by the bold
red line). Cluster B has a pronounced morning peak around
9am (merged due to the use of KSC distance), and an evening
lower peak around 7pm. Cluster D also exhibits two peaks in
the afternoon and evening respectively, while the remainders
have one peak, which differentiates in appearance time during
the day.

Based on the identified patterns, variability is quantified by
the entropy metrics. The variability can be used to provision en-
ergy supply, optimize the design and operation of the future en-
ergy system by utilities. Depending on whether the patterns are
serially correlated or not, the entropy is computed by the Equa-
tions 8 and 10, respectively. The distributions of the entropy are
displayed in Figure 14. The figure indicates that consumption
at the individual level seems to be serially-correlated since in
general Ecor < Euncor, i.e., the consumption at the present de-
pending on the past. The value of Ecor is much lower, which
shows that the appearances of daily patterns are serially corre-
lated. This can also be verified by the transition Table 2 which
shows that the probability between two identical states is much
higher. The entropy for the large portion of consumers is 0.25
for the correlated, and 1.25 for the uncorrelated.

Figure 15 compares the average entropy for the customer
groups identified by clustering approach in Section 3.1. The
result shows that the lower consumption intensity groups have
higher variability in terms of the entropy values, while the
higher consumption intensity groups have lower variability.
These findings can help utilities to identify the consumption of
which customer or customer group are more predictable (or sta-
ble), and to identify the customers, for example, to participate
in demand-response programs.
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Figure 9: Cluster daily load profiles into five groups for weekday and weekend/holiday

Figure 10: Load profiling of a customer over the year of 2014

Figure 11: Load transition over the months in the year of 2014

5. Discussion

One of the main objectives of this study has been to deter-
mine and map heating consumption patterns for district heat-
ing customers in Denmark. The analysis shows that heat load
profiles of Danish residential customers living in single-family
houses in Aarhus can be represented by five clusters with re-
gards to load intensity. In this case, the daily consumption pat-
terns are fairly constant with two weak peaks, one in the morn-
ing and one in the evening. Therefore, the space heating profile
shows a pattern similar to the electricity load profile that has
been identified in most of the electricity consumption pattern

segmentation studies, i.e., with two distinct peaks. The morning
peak is more pronounced than the evening peak in the heating
consumption profile, which is often the reverse for electricity.
When the focus is placed on identifying specific consumption
patterns, the customers are represented by nine clusters. The
cluster that represents the vast majority of customers shows a
fairly constant profile, while the remaining clusters are char-
acterized by one or two peaks during the day. This finding
is important as it indicates that the investigated district heat-
ing customers do not change their consumption during the day.
Such information is valuable for district heating utilities to fur-
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Figure 12: Determining the optimum number of clusters for normalized con-
sumption patterns

ther optimize their network and apply advanced solutions (i.e.
virtual storage on district heating network). Furthermore, the
identification of the morning and/or evening peaks is important
for implementing demand-side management strategies and for
the possible utilization of thermal storage solutions consider-
ing the needs of the grid. During peak load periods, the grid is
stressed and heating cut-off combined with activation of ther-
mal energy storage mechanisms are solutions that could be ex-
amined in conjunction with the load profile and consumption
patterns to balance the supply and demand sides.

The big data set that was used in the study increases the ro-
bustness of the method and the probability of finding statisti-
cally significant results. The sample of customers studied is
very homogeneous, as the data set only includes single-family
houses. Even though the results cannot be generalized for the
rest of the country, it is expected that residential district heat-
ing customers in Danish urban areas show similar patterns, as
the cultural habits are quite uniform in the bigger Danish cities
(e.g., work schedule, desired thermal comfort conditions). If
the study was to be expanded towards different building typolo-
gies, such as commercial buildings, the number of clusters to
represent all customers would probably increase to accommo-
date more diverse heating patterns. Furthermore, the correlation
of heat load patterns with building and occupant characteris-
tics is an important step to determine if these factors can suc-
cessfully reflect the heat load profiles, while partly explaining
the dynamics of the space heating consumption. From a build-
ing physics perspective, more variables should be investigated,
such as the time constant of the buildings, insulation level of
the building envelope, infiltration rate, etc. In addition, it would
be relevant to integrate a specific variable for holidays or cal-
endar events in the model. The investigated building-related
parameters (age of the building and floor area) were selected,
because they have been most commonly used in national build-
ing classification schemes apart from the building types [52].
Therefore, the aim was to find out if they can accurately reflect
residential heating load profiles. Results showed that they are
strongly related to the load intensity of the clusters, hence they
are suitable to be used for classification of Danish single-family
houses (in urban areas) when the focus is placed on the energy
use intensity. The family size and the age of occupants were

also investigated to determine if they could substitute some of
the already existing classification parameters to represent dif-
ferences in occupant behavior. However, no strong correlation
between the age of occupants with the consumption intensity
could be drawn in the study. To draw conclusions on the ef-
fect of occupants’ ages on the consumption patterns, the logit
analysis can be repeated on the normalized data.

A different categorization of occupants with regards to age,
such as children, adults and elderly or retired people could also
be investigated, since pensioners are likely to have a different
schedule than the rest of the occupants. The amount of investi-
gated variables could also be expanded towards socio-economic
characteristics, such as income per household, education level,
etc., in order to identify possible targeted groups for energy ef-
ficiency programs. Data on these variables are, however, more
difficult to obtain because they are not available at urban-scale
building databases.

The proposed techniques can easily be implemented on large
data sets. The selected algorithm, K-means has been success-
fully used on large data sets because of its simplicity and lin-
ear time complexity [18]. This makes it computationally at-
tractive. This study employs in-database analysis which has a
better performance than using the traditional analysis environ-
ments such as R or Matlab as the data does not have to be read
out of the database. The quantitative benchmarking studies can
be found at [7]. The proposed approach can be a generic solu-
tion for other energy consumption data analysis, such as elec-
tricity, water or gas. The results can help utilities for better
production-side management, such as developing new pricing
policies, dimensioning new parts of the network and targeting
specific customers to implement demand-side management so-
lutions. Furthermore, the results can help customers to better
understand their own consumption patterns and consumption
behaviors to improve their own energy efficiency. However,
smart meter data are difficult to acquire at a large scale, mainly
due to privacy issues. The data anonymization applied before
the analysis can greatly facilitate the process of data acquisition
and publishing.

The results of the current study can also be used to character-
ize building performance behavior at urban scale. The proposed
approach and the resulting load profiles can support a scaled
analysis of buildings in large urban-scale groups. The findings
are also useful for whole-building and district-scale simulations
to calibrate the heating consumption profiles, optimize the de-
sign of large-scale heating systems and detect anomalous be-
haviors.

6. Conclusions and Future Work

Smart meters have increasingly been used for monitoring
heating consumption. This paper has proposed a clustering-
based knowledge discovery approach for understanding resi-
dential heating consumption data, including data preparation,
clustering, and data analysis. The paper applied the K-means
algorithm to cluster the daily load profiles from 8,293 Danish
single-family households in Aarhus. The results revealed that
Danish district heating customers can be segmented into five
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Figure 13: Clusters of normalized daily consumption patterns

Figure 14: Distribution of entropy

Figure 15: The average entropy of each consumption intensity group

clusters (according to the optimal number of clusters) with re-
gards to their consumption intensity. The clusters were charac-

terized by fairly constant load profiles with two weak peaks in
the early morning and in the evening, respectively. The clus-
ters were labeled with the alphabets, A−E, to represent heating
consumption levels ranging from low to high. A discrimination
between weekday and weekend/holiday profiles showed that
weekend load profiles followed a similar pattern, but the morn-
ing peak was shifted a few hours later. To identify specific con-
sumption patterns, a new clustering analysis was conducted on
the normalized data which identified nine groups of customers,
with the most dominant one showing a fairly constant profile,
too. Thus, the vast majority of the examined district heating
customers only made minor changes to their consumption dur-
ing the day. The remaining clusters had one or two peaks in the
morning or evening time, respectively. The paper also studied
the correlation between heating consumption and characteris-
tics of buildings and occupants, and used logit regression to
quantify their relationship. The results indicated that building
age, area and family size had a pronounced impact on the con-
sumption, whereas the age of occupants was less pronounced.
Therefore, it is appropriate to use the first two factors to cat-
egorize Danish housing stock, and particularly single-family
households, in building classification schemes with regards to
energy consumption intensity. In addition, the paper studied the
load profile characteristics for a single customer using the clus-
tering approach, and, based on the clustering results, illustrated
the consumption transition probability over time and quantified
the consumption variability using entropy methods. The re-
sults showed that the consumption patterns for each individual
customer were serially correlated, and the higher consumption
groups had lower variability in terms of the patterns.

For future work, clustering-based short-term energy demand
forecasting will be investigated. In this study, it has been found
that the majority of the customers have regular and predictable
consumption behaviors. According to the transition probabili-
ties, there is a high chance for a household to repeat the same
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consumption pattern the following few days. This indicates that
clustering-based load forecasting is feasible. In addition, build-
ing samples could be expanded to study the consumption pat-
terns by including more diverse building typologies. Finally, it
is also interesting to use clustering-based approach to further
reveal heating consumption characteristics of buildings and oc-
cupants.
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