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ARTICLE INFO ABSTRACT

Keywords: Load shapes derived from smart meter data are frequently employed to analyze daily energy consumption
Machine learning patterns, particularly in the context of applications like Demand Response (DR). Nevertheless, one of the most
Clustering

important challenges to this endeavor lies in identifying the most suitable consumer clusters with similar
consumption behaviors. In this paper, we present a novel machine learning based framework in order to
achieve optimal load profiling through a real case study, utilizing data from almost 5000 households in
London. Four widely used clustering algorithms are applied specifically K-means, K-medoids, Hierarchical
Agglomerative Clustering and Density-based Spatial Clustering. An empirical analysis as well as multiple
evaluation metrics are leveraged to assess those algorithms. Following that, we redefine the problem as a
probabilistic classification one, with the classifier emulating the behavior of a clustering algorithm, leveraging
Explainable AI (xAI) to enhance the interpretability of our solution. According to the clustering algorithm
analysis the optimal number of clusters for this case is seven. Despite that, our methodology shows that two
of the clusters, almost 10% of the dataset, exhibit significant internal dissimilarity. As a result, these clusters
have been excluded from consideration for DR programs. The scalability and versatility of our solution makes
it an ideal choice for power utility companies aiming to segment their users for creating more targeted DR

Electricity loads
Residential consumers
Demand response

programs.
1. Introduction electricity costs in wholesale markets and reduced retail rates [6].
Methods for involving consumers in DR programs include offering time-
As renewable energy sources like solar and wind power become based pricing options such as time-of-use rates, critical peak pricing,
more and more prevalent, the intermittent nature of these sources variable peak pricing, real-time pricing, and critical peak rebates [2].
necessitates a more flexible approach to energy consumption [1]. A For the effectiveness of the DR programs clusters of consumers are
direct response to this changing energy landscape is the adoption of essential [7]. Clusters help streamline the deployment of DR programs

Demand Response (DR) mechanisms. DR allows consumers, both resi-
dential and industrial, to actively participate in managing the electric
grid by adjusting their electricity usage in response to specific signals,
typically from utilities or grid operators [2]. In times of peak demand
or grid instability, consumers reduce or shift their electricity usage,
lessening strain on the grid and preventing potential blackouts [3]. DR
not only promotes grid reliability but also contributes to environmental
sustainability by synchronizing energy usage with the availability of
renewable energy, reducing the need for backup power sources [4].
Additionally, DR creates opportunities for cost savings, as participat-
ing consumers can benefit from incentives and lower electricity rates . . o g
during non-peak hours [5]. sights, thf:y often proved to be 1nsuff1c1entl.y precise and a.d.aptable

Power utilities and grid operators are increasingly using DR pro- as they did not manage to capture the details and complexities that
grams to help balance supply and demand, ultimately leading to lower define energy consumption patterns. This lack of precision and agility

by creating homogeneous groups of consumers. By grouping consumers
with similar energy consumption patterns, preferences and resources,
DR programs can tailor their approaches and incentives, maximiz-
ing participation and impact [8]. Clusters also encourage collabora-
tion among prosumers facilitating peer-to-peer energy sharing, promot-
ing local energy resilience, and fostering community engagement in
sustainable energy practices [9,10].

Traditionally, power utilities define consumer behaviors using rudi-
mentary methods, relying solely on broad demographic categories and
historical consumption data. While these methods provided some in-
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Nomenclature

Al Artificial Intelligence

CHI Calinski-Harabasz Index

DBI Davies-Bouldin Index

DBSCAN Density-based Spatial Clustering

DL Deep Learning

DR Demand Response

FCM Fuzzy C-Means

HAC Hierarchical Agglomerative Clustering
ML Machine Learning

SIL Silhouette Score

SOM Self-Organizing Maps

t-SNE t-distributed Stochastic Neighbor Embedding
ToU Time-of-Use

XAl Explainable Artificial Intelligence

hindered the ability of utilities to respond effectively to changing
consumer preferences and emerging energy consumption trends and
as a result their ability to provide tailored services and effective DR
strategies was limited.

The advent of digitization and smart meters has revolutionized
consumer behavior analysis. Real-time data from smart meters provide
a granular understanding of energy consumption patterns, allowing for
more accurate and timely insights [11,12]. For instance, analyzing time
of day energy consumption, daily usage pattern stability, and actual
volume of energy use can provide valuable insights into household en-
ergy consumption habits [13,14]. Moreover, Artificial Intelligence (AI),
with its advanced analytics and machine learning capabilities, plays a
pivotal role in transforming this data into actionable knowledge [15,
16]. AI algorithms can semi-automatically identify and refine clusters
of consumers based on a multitude of factors, such as consumption
habits, peak demand periods, and response preferences. Techniques like
Hierarchical Agglomerative Clustering (HAC), K-means, Fuzzy C-means
(FCM) and Self-Organizing Map (SOM) uncover complex patterns in
large datasets, facilitating the creation of more accurate and meaningful
consumer clusters [17].

While various clustering techniques and methodologies have been
proposed, a significant gap still remains in establishing a systematic
approach to identify the ideal number of consumer clusters for the
effective design of DR programs. Additionally, there is a need to gain
a deeper understanding of the underlying factors contributing to the
formation of these segments. This paper seeks to address this critical
gap in the existing literature by introducing a systematic, data-driven
method for determining the optimal number of clusters when clas-
sifying electricity consumers for DR programs, using historical data
as the basis. Through this contribution, our research aims to provide
valuable practical insights to energy industry stakeholders and utility
companies, ultimately facilitating the development of more efficient
and tailored DR initiatives, for a greener and more sustainable future
in the residential energy domain.

The contributions of our study are summarized as follows:

+ Implant thorough description of time-series data through feature
engineering, targeted for DR-programs. The pipeline is tested on
4438 houses for more than one year of data, thus showing the
generality of our approach in terms of load and time.

We utilize and compare four different clustering algorithms —
namely K-means, K-medoids, Hierarchical Agglomerative (HAC)
and Density-based Spatial (DBSCAN) clustering — using various
dissimilarity indexes. We assess them using Davies-Bouldin Index
(DBI), Calinski-Harabasz Index (CHI) and Silhouette Score (SIL).
However, to end up with the prevailing clustering algorithm, in
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terms of cluster meaning, we perform an additional similarity ma-
trix and visual evaluation, considering the specific requirements
of a practical DR policy, taking into consideration factors such as
optimal number of clusters, similarity and dissimilarity.

We propose a solution that is scalable over time, allowing the
integration of a significantly large number of households into the
existing classes within mere seconds. This remarkable speed is
attributed to the exceptionally low inference response time of the
classifier.

Reinterpretation of the problem as a probabilistic classification
one, leveraging Explainable Artificial Intelligence (xAl) to gain
deeper insights and build a trusted environment between the
power utilities and Machine Learning (ML) solutions. This way,
the power utilities can clarify the reason that drives the formation
of each user group, giving reliability to the solution, bridging the
gap between empirical knowledge and Al

The rest of the study is organized as follows. In Section 2 a thorough
literature review is presented. In Section 3 the developed methodology
is described. In Section 4 an experimental application based on a real
case study is presented. In Section 5 we delve into an analysis and
exploration of the findings,implications and limitations of our study.
Finally, concluding remarks are provided in Section 6.

2. Literature review
2.1. Related work

Numerous research papers in the literature have explored the com-
parative analysis of various clustering techniques within the domain
of electricity consumer classification and load pattern segmentation.
In Table 1 we present some of the ML methods used for segmenting
electricity load consumers.

Chicco et al. conducted a study [31] that comprehensively compares
different unsupervised clustering algorithms — HAC, K-means, FCM,
Modified Follow the Leader (FDL) and SOM - in terms of their effec-
tiveness in classifying electricity customers based on their consumption
patterns. The findings of the study indicate that HAC and FDL methods
when run with the average distance linkage criterion offer a more
detailed separation of clusters and electricity consumption behavior
patterns compared to alternative clustering techniques. In the study by
Amin Rajabi et al. [17], among the clustering methods considered, the
K-means algorithm emerges as the most commonly utilized, followed
by FCM, HAC, and SOM.

The domain of smart meter data has also witnessed the application
of artificial intelligence techniques [32]. In the study [33], utility cus-
tomer segmentation based on smart meter data is empirically examined.
The researchers introduce statistical methods that leverage variability
measurements to identify consumer segments of varying sizes, which
can yield significant outcomes for tailored energy programs. They
group the daily profiles of 85 customers using clustering techniques
such as K-means, K-medoids, and SOM. This approach sheds light on
the fact that predicting individual-level energy consumption is more
feasible for customers with stable load profiles and lower variability, as
opposed to those with erratic load patterns. Kwac et al. [11] explore the
segmentation of household energy consumption patterns using hourly
data and propose the use of entropy to capture consumption variability.
McLoughlin, et al. [20] present another clustering approach for charac-
terizing domestic electricity load profiles via smart metering data. Their
study encompass a comparison of the effectiveness of three commonly
used unsupervised clustering methods — K-means, K-medoids, and SOM
- based on the DBI. Subsequently, a multi-nominal logistic regression is
employed to establish connections between profile classes and various
factors such as dwelling type, occupants and appliance characteristics.
Czetany et al. [28] conduct a comprehensive analysis of smart meter
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Table 1
Literature review on ML methods used for clustering electricity load consumers.
Title Year Models Metrics Citations
Overview and performance assessment of the 2012 K-means, FCM, HAC, Clustering Dispersion Indicator (CDI), DBI, [18]
clustering methods for electrical load pattern Follow-The-Leader Modified Dunn Index (MDI), Mean Index
grouping Adequacy (MIA), Scatter Index (SI),
Similarity Matrix Indicator (SMI), Variance
Ratio Criterion (VRC), Ratio of Within
Cluster sum of squares to between Cluster
Variation (WCBCR)
Deriving the optimal number of clusters in the 2013 Minimum Variance Method WCBCR, Bayesian Information Criterion [19]
electricity consumer segmentation procedure (MVM), FCM (BIC)
A clustering approach to domestic electricity load 2015 K-means, K-medoids, SOM DBI [20]
profile characterization using smart metering data
Application of clustering technique to electricity 2015 K-means, FCM Proposed clustering validity indicator [21]
customer classification for load forecasting
Analyzing the segmentation of energy consumers 2015 Mixed Fuzzy Clustering (MFC) CHI, DBI, SIL [22]
using mixed fuzzy clustering
A review on clustering of residential electricity 2017 K-means, K-medoids, CDI, DBI, MIA, SMI, Dunn Index (DI), MDI, [23]
customers and its applications K-medium, FCM, Adaptive SIL, WCBCR, SI
K-means, HAC, SOM, Modified
Follow the Leader (FDL),
Expectation Maximization
(EM)
Simulation Study on Clustering Approaches for 2018 HAC CHI, C Index, Duda Index, Ptbiserial Index, [24]
Short-Term Electricity Forecasting DBI, Frey Index, Hartigan Index, Ratkowsky
Index, Ball Index, McClain Index, KL Index,
SIL, DI, Standard Deviation Index (SDI)
Comparison of clustering approaches for domestic 2019 K-means SIL [25]
electricity load profile characterization -
Implications for demand side management
A comparative study of clustering techniques for 2019 K-means, FCM, HAC, Mean Square Error (MSE), SIL, DBI, MIA, [17]1
electrical load pattern segmentation Probabilistic Generative WCBCR, DI
Models (PGM), SOM
Load Profile Based Electricity Consumer Clustering 2019 Affinity Propagation (AP) SIL, CHI, DBI, DI, WCBCR, CDI [26]
Using Affinity Propagation
A Novel Clustering Index to Find Optimal Clusters 2021 K-means, Single Linkage CHI, DBI, Modified Davies-Bouldin Index [27]1
Size With Application to Segmentation of Energy (DB**), Gap Statistic (GS), BIC, SIL, S_Dbw
Consumers
Development of electricity consumption profiles of 2021 K-means, FCM, HAC DI, SIL, Elbow method [28]
residential buildings based on smart meter data
clustering
An embedded deep-clustering-based load profiling 2022 K-means, HAC, Gaussian SIL, DBI [29]
framework Mixture Model, Deep
Embedding Clustering (DEC),
Improved Deep Embedded
Clustering (IDEC), Dynamic
Autoencoder (DynAE)
K-means clustering of electricity consumers using 2023 K-means SIL, DBI, Elbow method [30]

time-domain features from smart meter data

data on electricity consumption in Hungarian households . They em-
ploy three typical clustering methods, including K-means, FCM and
HAC to identify daily and annual energy consumption patterns. Their
findings favored K-means over Fuzzy C-means and HAC clustering and
four clusters were proposed.

Additionally, Motlagh et al. address the clustering of residential
electricity customers through load time series data [13]. They pro-
pose a feature-based clustering algorithm that effectively tackles the
challenges posed by the high dimensionality of such data. This ap-
proach involves transforming load time series into map models, which
can be easily clustered, thereby mitigating the limitations associated
with extreme dimensionality. By clustering customers based on their
load patterns, valuable insights into customer preferences, usage pat-
terns, and energy demand characteristics are gleaned. This facilitates
the design of tailored electricity sales packages that align with the
consumption patterns of each cluster, ultimately leading to enhanced
customer satisfaction. Devijver et al. [34] explore the clustering of
residential electricity consumers utilizing high-dimensional regression

mixture models. This involves the calculation of clusters followed by
the fitting of predictive models for each cluster.

Furthermore, several novel Deep Learning (DL) clustering algo-
rithms customized for electricity customer classification and load pat-
tern segmentation have been proposed. For example, [35] introduces
a clustering algorithm that combines the hopfield neural network and
K-means algorithm to enhance electricity customer segmentation ac-
curacy. The hopfield artificial neural network is utilized to eliminate
the random generation of initial cluster centers. In another study, the
Iterative Refinement Clustering (IRC) method merges desirable prop-
erties of hierarchical clustering and the Follow-the-Leader approach to
achieve effective clustering outcomes [36]. This method operates with
a predetermined number of clusters and incorporates a specific mecha-
nism to prevent the creation of empty clusters. Zarabie et al. [26] assert
the superior grouping capabilities of the Affinity Propagation (AP)
algorithm compared to other methods such as K-means, K-medoids, and
spectral clustering in terms of grouping residential load profiles. In their
study [29], Eskandarnia et al. explore DL clustering algorithms like
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Deep Embedding Clustering (DEC), Improved Deep Embedded Cluster-
ing (IDEC), and Dynamic Autoencoder (DynAE), based on autoencoders
on two real-world datasets namely the 5567 London Households dataset
and the 5000 Irish Households dataset. Comparatively, traditional ma-
chine learning methods — K-means, HAC, Gaussian Mixture Model —
were employed to benchmark the autoencoder-based algorithms. The
DynAE effectively grouped consumers into four clusters, providing
unique load profiles for each group. These innovative approaches aim
to improve the accuracy and efficiency of clustering techniques in the
electricity domain.

At last, studies have explored the optimal number of clusters in the
electricity consumer segmentation process. Nameer Al Khafaf et al. [27]
propose a clustering index derived from eigenvalue analysis on the
correlation matrix of smart meter data to determine the optimal cluster
size. To control the number of features, they also incorporate a ge-
netic algorithm-based feature selection process. Similarly, [19] suggests
methods for optimizing cluster numbers by considering factors such as
geographical characteristics, voltage level, and demographic features.
Wang et al. [37] introduce an algorithm based on DBSCAN and K-
means for consumer segmentation as a potential application in the
Yunnan Electricity Market. The optimality of the clustering result is
evaluated by the SIL, CHI and DBI indexes. In parallel Zhang et al. [38]
propose a method to analyze the power consumer behavior based on
the K-means and DBSCAN. In another study [30], researchers employed
unsupervised classification techniques on real data from a sample of
5567 London Households, to group consumers based on their similar
electricity consumption patterns. Their approach involved utilizing the
K-means clustering algorithm to identify consumption patterns among
households. The optimal cluster number was determined through the
elbow method, with cluster validity assessed using the SIL coefficient
and DBI. Their findings revealed that the average electricity usage for
all users is depicted across three clusters.

After conducting a review of the existing literature we identified sig-
nificant gaps in the interpretation of formed clusters and the scalability
of the methods employed. Many studies present segmentation methods
that appear effective on a small scale but lack consideration for their
applicability to larger populations. As power utilities increasingly seek
to engage a broader range of consumers in DR initiatives, it is crucial to
develop scalable segmentation methods that can support the complexity
and diversity of the utility’s consumer base. Additionally, while studies
may successfully identify distinct consumer groups based on various
characteristics such as consumption patterns and demographics, they
often fall sort in explaining the reason why these clusters were formed
and how they can translate into actionable strategies for utilities.
Furthermore, the presented solution handles a large dataset producing
meaningful results, whilst deciding the best number of clusters for
demand response programs in a unique way to other studies.

In this paper, we address the identified knowledge gaps in the
literature by proposing an innovative solution that compares K-means,
K-medoids, HAC and DBSCAN algorithms using DBI, CHI and SIL
indexes. In order to determine the most suitable algorithm based on
cluster meaning we conduct a similarity matrix and visual assessment
with attention to DR needs. To provide a scalable solution we utilize
a classifier for rapid household integration into clusters and xAI for
detection of the reasons behind each user group’s formation.

3. Methodology

The proposed methodology is presented in Fig. 1. First, a detailed
description of the first phase of the pipeline that extracts the features
from the given data is issued. Following, clustering algorithms and the
appropriate evaluation metrics are utilized to obtain the optimal num-
ber of clusters. In the next subsection, similarity matrices between the
different algorithms are used to obtain the nominal clusters produced.
On top of those clusters, a probabilistic classification function and xAI
part are introduced as the final step of our proposed approach.
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More specifically, the first phase of the process begins with load
profiling of different residential households, capturing essential en-
ergy usage patterns and creating new features to enable data-driven
decision-making. The obtained load profiles are then subjected to var-
ious clustering algorithms, utilizing evaluation metrics to determine
the optimal number of clusters for accurate representation. To en-
sure the robustness of the results, similarity matrices are employed to
assess the consensus among those clustering algorithms and produce
the nominal clusters. Subsequently, the problem is reinterpreted as a
probabilistic classification challenge and xAI techniques are used for
the creation of additional specific clusters, failed to be identified in
the previous step, facilitating deeper insights into energy consumption
behavior. Through this seamless combination, stakeholders can gain
comprehensive knowledge of household energy usage, identify energy
saving opportunities, and implement effective DR programs to achieve
environmental and economic benefits. Furthermore, the transparency
facilitated by advanced xAI can bolster the confidence of power utilities
and offer them a clear view of the key factors influencing the catego-
rization of user groups, thus promoting well-informed decision-making
processes.

3.1. Load pattern extraction

In this phase, energy consumption data from different residential
buildings are initially collected and analyzed to create load profiles.
Load profiling refers to the careful analysis of how energy is consumed
or used over a specific period. It involves a detailed examination of
patterns and behaviors in energy consumption during that defined
timeframe. This examination involves identifying peak consumption
periods, overall statistics of the consumption, and providing a detailed
characterization of the overall usage patterns.

Through an extensive literature review, three distinct groups of
attributes have been identified as the most important inputs for the
subsequent clustering. The first group encompasses the raw time-series
data, representing the average energy consumption for each examined
house in 30-minute intervals throughout the day. The second group
comprises features to pinpoint peak energy consumption during differ-
ent periods throughout the day, namely the peak early morning,
peak morning, peak noon, peak evening, peak night, and
peak late night. More specifically for the mentioned time periods:

» peak early morning: Represents the time frame from 05 : 00
AM to 10 : 00 AM, signifying the early morning peak in energy
usage.

peak morning: Encompasses the hours from 10 : 00 AM to
02 : 00 PM, identifying the morning peak in energy consumption.
peak noon: Corresponds to the period between 02 : 00 PM and
05 : 00 PM, highlighting the midday peak in energy usage.
peak evening: Covers the time span from 05 : 00 PM to 09 : 00
PV, indicating the evening peak in energy consumption.

peak night: Extends from 09 : 00 PM to 12 : 00 AM, repre-
senting the nighttime peak in energy usage from 09 : 00 PM to
midnight.

peak late night: Spans from 12 : 00 AM to 05 : 00 AM,
indicating the late-night peak in energy consumption, covering
the early morning hours.

The third group encompasses statistical descriptors, such as mean
of the time-series, std (standard deviation), min, max, 25th per-
centile, 50th percentile, and 75th percentile. These sta-
tistical measures offer a comprehensive view of data variability, and
distribution characteristics, further enhancing our understanding of
energy consumption patterns in the specific dataset. Leveraging these
three distinct groups of attributes yields valuable insights into the
intricacies of energy consumption behaviors, forming the cornerstone
for subsequent clustering and classification algorithms.
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Fig. 1. Proposed methodology.

3.2. Clustering algorithms

Once the load profiling process has been completed, the next step
involves applying various clustering algorithms, as an unsupervised
learning technique, to group together similar energy consumption pat-
terns within the data. Different clustering techniques, such as K-means,
K-medoids, HAC and DBSCAN clustering, are employed to partition the
data into distinct clusters. Each of these algorithms offers a unique
approach to identifying patterns and structures within the energy con-
sumption data, allowing for a comprehensive exploration of potential
groupings. By applying multiple algorithms to the same data, it is possi-
ble to assess which one yields the best results in terms of cluster quality,
inner-similarity and dissimilarity. The drawbacks and advantages of
each algorithm, as applied in the proposed methodology, are described
in the following paragraphs.

3.2.1. K-means

The K-means algorithm [39] is one of the most widely used unsu-
pervised learning technique in machine learning and it is commonly
employed for clustering analysis, where a given dataset is divided into
k clusters. The minimization of an objective function is the main goal of
the K-means algorithm. This function represents the sum of the squared
distances between each data point and its assigned cluster center.

Mathematically, the aforementioned function J is defined in (1):

k n
J= Y llx; -l ¢8)
i=1 j=1
Where J represents the objective function, k is the number of
clusters, ¢; is the centroid of cluster i, x ;isa data point, and llx; =
¢;|| denotes the Euclidean distance between data point x; and cluster
centroid c;.
The K-means algorithm operates through an iterative process that
involves the following steps:

1. Initialization: Randomly select k initial centroids or use a prede-
fined initialization method.

2. Assignment: Assign each data point to the nearest centroid,
forming k clusters.

3. Update: Recalculate the centroids of each cluster as the mean of
all data points in that cluster.

4. Convergence: Repeat the assignment and update steps until con-
vergence is achieved, i.e., when the centroids no longer change
significantly or a predefined convergence criterion is met.

The K-means algorithm is known for its simplicity, ease of im-
plementation, and computational efficiency, which makes it suitable
for analyzing large datasets. Over the years, various modifications
and improvements have been proposed, including the use of different
distance metrics, initialization methods, and convergence criteria, to
enhance its performance in various applications.

3.2.2. K-medoids

The K-medoids algorithm [40], is a variation of the K-means algo-
rithm. It is widely used for clustering analysis and has the advantage
of being robust to outliers. K-medoids, unlike K-means, uses data
points themselves (medoids) as cluster representatives. The medoid of
a cluster is defined as the specific piece of data that exhibits the lowest
average dissimilarity when compared to all other points within the
same cluster.

The main objective of the K-medoids algorithm is to partition the
dataset into k clusters in a way that minimizes the total dissimilarity
or cost. This cost is typically calculated as the sum of distances (using
the Euclidean distance metric) between each data point and its assigned
medoid.

Mathematically, the objective function J for K-medoids can be
represented in Eq. (2):

k
T=Y Y dx,m) )

i=1 x;€C;
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Here, J represents the objective function, k is the number of clus-
ters, C; is cluster i, x; is a data point in cluster C;, m; is the medoid
of cluster C;, and d(x;,m;) is the distance between data point x; and
medoid m;.

The K-medoids algorithm proceeds as follows:

1. Initialization: Select k initial medoids, either randomly or through
a predefined method.

2. Assignment: Assign each data point to the nearest medoid, form-
ing k clusters.

3. Update: For each cluster, choose the data point as the new
medoid that minimizes the total cost (dissimilarity) within that
cluster.

4. Convergence: Repeat the assignment and update steps until con-
vergence is achieved. Convergence occurs when the assignment
of data points to clusters and the selection of medoids no longer
change significantly.

The K-medoids algorithm is particularly useful when dealing with
datasets that contain outliers, as it is less sensitive to outliers than K-
means, due to its nature. It also offers flexibility in terms of the choice
of distance metric, making it suitable for various types of data and
applications. However, besides the advantages it has over K-means,
it is more computationally expensive than the K-means algorithm,
especially for large datasets.

3.2.3. Hierarchical Agglomerative Clustering (HAC)

Agglomerative Clustering is a hierarchical clustering technique that
initiates by assigning each data point to its own cluster. It is also known
as the bottom-up approach or Hierarchical Agglomerative Clustering
(HAC). The assumption is that data points that are close to each other
are more similar or related than data points that are farther apart.
A dendrogram, a tree-like figure, is created by iteratively merging or
splitting clusters based on a measure of similarity or distance between
data points. HAC is quite flexible as it allows different linkage criteria to
calculate the distance between pieces of data, and clusters by extension.
Namely:

» Single linkage: Measuring the distance between the nearest pair
of points from different clusters.

» Complete linkage: Evaluating the distance between the farthest
pair of points from different clusters.

» Average linkage: Calculating the average distance between all
pairs of points from different clusters.

» Ward linkage : Minimizes the variance of the clusters being
merged.

In mathematical terms, the agglomerative clustering algorithm can
be described as shown in (3):

d;; = linkage(C;, C) 3)

where d;; signifies the distance between clusters C; and C;, and
linkage is the chosen linkage criterion. HAC has several advantages,
including its capability to handle non-linearly separable data and its in-
terpretability through the dendrogram. Nevertheless, in the downsides
section, it tends to be computationally intensive for sizable datasets and
can exhibit sensitivity to noisy data.

3.2.4. Density-based spatial clustering (DBSCAN)

DBSCAN [41] is a density-based clustering algorithm that is particu-
larly effective for identifying clusters with varying shapes and handling
noisy data. It operates by defining clusters as dense regions of data
separated by sparser areas, unlike the previous techniques.

The main objective of the DBSCAN algorithm is to partition the
dataset into clusters such that each cluster is a dense region separated
from other clusters by areas of lower point density. DBSCAN has several
advantages, including its ability to discover clusters of varying shapes
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and sizes and its robustness to noise. It does not require specifying
the number of clusters in advance, making it suitable for datasets
with an unknown or variable number of clusters. Moreover, the choice
of & (epsilon) and MinPts parameters can significantly impact the
clustering results. Tuning these parameters is often necessary to achieve
the desired clustering outcome.

3.3. Evaluation metrics

To determine the optimal number of clusters for the data, the
application of evaluation metrics becomes indispensable. Widely used
metrics in the scientific literature, such as the SIL, DBI and the CHI
were utilized for evaluating the quality of the clustering results. They
assist in selecting the most suitable number of clusters that effectively
capture and represent the inherent patterns in the data. By leverag-
ing these evaluation metrics, researchers and practitioners can make
informed decisions about the clustering outcomes and refine their
analyses accordingly, enhancing the overall quality of the load profiling
process.

3.3.1. Silhouette score (SIL)

SIL [42] is probably the most popular measure to evaluate cluster

validity. Considering the mean intra-cluster distance, denoted as a, and

the mean nearest-cluster distance, denoted as b, for each sample. SIL

for an individual sample is given by the formula:
b —a;

C)

s max(a;, b;)

where b; is the distance between the sample and the nearest cluster
that the sample does not belong to. It is crucial to note that the SIL
Coefficient is only defined when the number of labels satisfies the
condition 2 < nigpels < Mgamples — | and that SIL can range from -1
to 1. We execute the clustering algorithms across a spectrum of cluster
numbers, ranging from 2 to 32, and compute SIL for each outcome. The
optimal number of clusters is determined by selecting the clustering
configuration that yields the highest SIL.

3.3.2. Davies—Bouldin Index (DBI)

The Davies-Bouldin Index (DBI) [43] is employed as a vital evalu-
ation metric to determine the optimal number of clusters, denoted by
K. The index is defined as follows:

1 & S+
DB = — max (5)
K i=1 J# ij

where:

+ S, is the average distance between each data point within cluster
i and its centroid.
* d;; is the distance between the centroids of clusters / and ;.

Again, we perform the clustering algorithms with a range of cluster
numbers, from 2 to 32, and calculate the DBI for each result. The
optimal number of clusters is selected based on the clustering configu-
ration that yields the lowest DBI. A lower index indicates better-defined
clusters with reduced overlap, making it an appropriate criterion for
identifying the optimal number of clusters.

3.3.3. Calinski-Harabasz Index (CHI)

The Calinski-Harabasz Index [44] which was proposed in 1974 by
Calinski T and Harabasz J, (also known as the Variance Ratio Criterion)
is used as a significant evaluation metric to determine the optimal
number of clusters, denoted by K, in the clustering process. It is defined
in (6)

_ BK)
- WK

where:

N-K

K-1 ©
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B(K) is the between-cluster sum of squares, representing the
dispersion between the cluster centroids.

W (K) is the within-cluster sum of squares, measuring the com-
pactness of data points within clusters.

* N is the total number of data points.

Similar to the aforementioned metrics, we apply the clustering
algorithms with various cluster numbers, ranging from 2 to 32, and
calculate the CHI for each result. The optimal number of clusters is
selected based on the clustering configuration that achieves the highest
CHI. A higher index value signifies well-separated and compact clusters,
making it an appropriate criterion for identifying the optimal number
of clusters.

3.4. Similarity matrices

After obtaining the clustered energy consumption patterns, various
algorithms are used for the clustering process. It is essential to evaluate
the consistency and agreement between these different algorithms. To
achieve this, similarity matrices are constructed to compare the labels
assigned to data points in each cluster. A high similarity score indicates
a strong consensus among the algorithms, ensuring potent results in
the clustering outcomes and obtaining the nominal groups. On the
other hand, having low similarity in cluster label indicates that this
cluster might not be an accurate fit for the specific use case, despite
the algorithms previously selecting it.

Adding to this, we employ t-SNE [45] (t-distributed Stochastic
Neighbor Embedding) as a crucial tool to visualize and interpret our
clustering results. t-SNE is a dimensionality reduction technique that
excels in revealing the underlying structure of high-dimensional data
by projecting it into a lower-dimensional space while preserving pair-
wise similarities. This reduction not only simplifies the representation
but also enhances our ability to discern distinct clusters and patterns
within the data. By utilizing t-SNE, we can transform complex multi-
dimensional data into a two-dimensional space, like our case, where
the clusters become visually apparent, enabling a more intuitive and
insightful understanding of our clustering outcomes. This visualization
not only assists in validating the quality of our clustering algorithm but
also in generating valuable insights that enrich the broader context of
our research, alongside the examination of similarity matrices.

3.5. Classification & xAI

In this phase, additional clusters are created by incorporating business-
related features and domain-specific information. After thorough ex-
perimentation with popular algorithms such as XGBoost [46] and
LightGBM [47], we opted for the CatBoost Classifier [48]. This choice
it not inherited only by the goodness-of-fit on the clustered data but
also unlike its counterparts, CatBoost stands out for its versatility
in handling big data and categorical features, as highlighted in a
comprehensive review [49] and a similar classification task [50].

CatBoost, proposed by a team of engineers from Yandex in 2017
is an efficient classifier algorithm that uses gradient boosting on deci-
sion trees and handles categorical features in the data. Furthermore,
categorical features are not handled during processing but are instead
addressed during the training phase. Rather than employing binary
substitution for categorical data, it utilizes random permutations and
calculates a mean label value. To illustrate, similar class values are
positioned ahead of the known ones in the permutation.

Additionally, while clustering algorithms are effective in grouping
data points into clusters based on their similarities, they often struggle
with generalization when applied to new, unseen data. This is where a
classifier comes in handy. By training a classifier to perform the same
function as the clustering algorithm, we enable it to make predictions
on new data points and assign them to the appropriate clusters, thus
extending the clustering model’s ability to generalize. Needed to be
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said, the data points are of an unlabeled nature before the clustering
algorithms take place and segment them into categories. As seen in 1,
the phase four of our pipeline redefines the problem as a classification
one, using the labeled data produced by the clustering algorithms
and their filtering during phase 3. This combined approach not only
enhances the accuracy and robustness of the clustering results but
also provides a more versatile and adaptable framework for handling
diverse data, making it a valuable tool in the case of electrical energy
behavior analysis.

In traditional clustering methods, you might obtain clusters, but
they might seem arbitrary or lack context. You have clusters, but you
are not entirely sure why certain data points ended up together or how
these clusters relate to your specific business goals. Due to this fact, xAI
methods are employed to interpret the classifiers results and provide
insights into the probabilities of each cluster. That way we can provide
new clusters with actual business value and create them according to
the objectives of the whole clustering approach.

4. Case study
4.1. Data set

Open energy consumption data were used for the examined study
that originated from 5567 households in the city of London that span
from November 2011 to February 2014.' The dataset captures energy
readings at half-hour intervals and includes the energy consumption
(kWh), the respective timestamp and a household identifier. Around
1100 of the households were exposed to dynamic Time of Use (ToU)
energy prices throughout 2013. These customers received advanced
notifications of different price signals through Smart Meter IHD or
mobile phone messages. This setup aimed to simulate potential future
scenarios for effectively managing high renewable energy generation
and leveraging high prices to ease the strain on local distribution grids
during critical periods. In contrast, about 4500 customers who were
not enrolled in ToU tariff schemes were considered more appropriate
for examination due to their unfiltered data, which provides a better
representation of real-world circumstances. Fig. 2 presents the average
energy consumption of the examined houses throughout the entire
duration of data collection. As it can be seen, different groups of houses
can be distinguished in terms of the volume of energy consumption. In
addition, there are notable energy consumption peaks in the day, with
most occurring early in the morning and in the evening, which can
be attributed to the specific consumption pattern of the users for each
household.

Real-world data often exhibit imperfections, such as incompleteness,
inconsistency, inaccuracy, as well as the presence of errors, outliers, or
missing values. Before delving into the data analysis, the data cleaning
process was conducted to enhance data quality and uncover meaning-
ful relationships within the dataset. Initially, data points containing
missing or erroneous values were removed to ensure data integrity,
resulting to the final number of households reviewed in this study,
4438. Subsequently, a normalization procedure was employed, utilizing
the Min—-max normalization method to scale all values within the range
of 0.0 to 1.0. More specifically, for every feature, the minimum value
of that feature gets transformed into a 0, the maximum value gets
transformed into a 1, and every other value gets transformed into a
decimal be-tween O and 1. This normalization step plays a pivotal
role in mitigating the potential impact of varying data magnitudes
on subsequent clustering analyses, thereby averting associated biases.
The applied data preparation procedure aims to enhance the robust-
ness of the subsequent clustering analyses by normalizing data scales,
while also facilitating the application of distance-based metrics in data
exploration.

1 https://data.london.gov.uk/dataset/smartmeter-energy-use-data-in-
london-households
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Fig. 2. Average daily energy consumption for all households.

Table 2

Optimal number of clusters for each algorithm based on three evaluation indexes.
Clustering algorithm SIL DBI CHI
K-means 7 7 7
HAC 7 7 8
K-medoids 2 2 7

4.2. Experimental design

After the cleaning process of the utilized data, the proposed pipeline
is applied. The first step involves a careful analysis of the energy con-
sumption patterns in the examined households. This analytical phase is
pivotal in gaining insights into the temporal dynamics of energy usage
for each consumer throughout the years.

Moving into the second part of the proposed framework, the four
clustering algorithms, mentioned in 3.2, are applied to segment the
data based on the features of each load profile. In the context of
clustering analysis, determining the optimal number of clusters is a
challenging task, as it typically cannot be precisely known in advance.
Consequently, the various clustering algorithms are subjected to testing
over a predefined range, spanning from 2 to 30 clusters. This broad
range of cluster numbers is explored systematically to identify the most
suitable or “best” number of clusters based on three evaluation metrics,
including the SIL, DBI and CHI, as mentioned in 3.3.

In Fig. 3, we can see the difference in SIL scores for all the afore-
mentioned algorithms, except DBSCAN, for every number of clusters
tested. As can be seen from the diagram, the optimal number of clusters
based on this metric is seven. The only exception can be found in 3(b),
where the number seven comes second in rank. Following this, the
SIL scores for the K-medoids algorithm are too low compared to the
other two algorithms and thus we do not consider this diagram quite
representative to our case.

As previously mentioned, DBSCAN is a density-based clustering
algorithm that does not necessitate users to pre-define the number of
clusters as an input parameter. Instead, DBSCAN dynamically deter-
mines the number of clusters based on the epsilon (¢) value and other
criteria. Remarkably, during empirical testing with various epsilon
values, it consistently identifies seven as the optimal number of clusters.
Consequently, we select the cluster labels associated with the highest
evaluation metrics across a range of epsilon values.

Adding to the previous, as we can see in Table 2 most of the
algorithms and their corresponding indexes agree that the number
seven is the optimal one, in terms of load profile clustering, with the
given features. Another useful visual that can be used to reduce the
dimensions of the problem and give further insights into the clusters

similarity and dissimilarity employing t-SNE, can be seen in Fig. 4.
As we can witness, the clusters are quite separated but improvements
can be made. This is due to the fact, that some points that belong to
different clusters are quite close in this diagram and can probably be
a part of some other cluster or create a new, not already formulated
one. Nevertheless, we anticipate confirmation from the similarity ma-
trices to discern that the blue and red clusters are indeed the primary
ones identified by the algorithms. Moreover, it is noticeable from this
visualization that the cluster points highlighted in light blue exhibit the
highest degree of dissimilarity. This observation suggests that there is
room for enhancement in terms of improving cluster similarity within
this specific cluster.

In Fig. 5, we present a visual representation of the clustering results
obtained from our data analysis, on top of the time-series data. Each
line showcases the division of data points into seven distinct clusters,
which were generated using the K-means algorithm. Each cluster is
denoted by a unique color for visual clarity. It is evident that the data
points within each cluster share common characteristics and exhibit
a certain level of intra-cluster similarity, depending mostly on the
daytime peaks of the time-series. The distribution of data points across
these clusters provides initial insights into the underlying structure of
our dataset and the distinct cluster patterns it encompasses.

The decision to combine all clusters into a single figure serves as
a powerful visualization strategy to showcase the antagonism (dis-
similarity) between clusters. This choice is influenced by several key
factors, with a primary emphasis on the incorporation of density in-
formation. Density serves as a fundamental metric, offering valuable
insights into the concentration of data points within each cluster. The
figure, by showcasing the density profiles of distinct clusters, aids in
the identification of clusters exhibiting different levels of dispersion.

Adding to the previous, Fig. 6 presents a comprehensive visualiza-
tion of all clusters, each displayed in separate sub-figures, accompanied
by essential statistical measures such as density, mean, and median.
This integrated representation offers a holistic view of the clustering
results, enabling a better understanding of each cluster. Moreover,
the inclusion of mean and median values for each cluster’s features
further enhances the interpretability of the clusters. The mean provides
a measure of central tendency, indicating the average behavior of
data points within a cluster, while the median offers insights into the
distribution’s central point, the starting point for every center-based
clustering algorithm.

Moving on to the similarity matrices between the algorithms, Ta-
ble 3 illustrates the comparative performance of each clustering algo-
rithm. Each row and column represent a cluster, and the values within
the matrix reveal the degree of similarity between these clusters for
the corresponding algorithms in comparison. Notably, as can be seen in



V. Michalakopoulos et al.

Applied Energy 361 (2024) 122943

P4 1 !
as0 IlI 15 \ i
7 \
\ o101\ i
055 I\
# NENE I
& e g |
o / H_\ 2 oo ‘\il I] f\ .'/' L
§ | /\ /
£ nas \ £ 0,05 h\.- - I,'(L\-_./
- II {
o.40 S =, o I\ |||
~" 0,18 | {
| |
035 \\".v .20 L/‘\i’\ql
5 10 15 20 25 0 5 10 15 20 25 3
Wumber of Clusters Wurmber of Clusters
(a) K-means (b) K-medoids
|
nEg / L
1
1
.’I.’ II|
ass |
/ L it
@ |
& aso .'J 4
¢ / \
MK x
i | g SN
040 \
\i—oﬁ—ﬁ-'_l
a3s \'_"_'\
—
10 1 0 25 %

MNumber of Clusters

(c) HAC

Fig. 3. SIL score for every number of clusters and algorithm.

60
40 l LY
20 4 f
0-
—20 -
LY
=40
Cluster 0
Cluster 1
A Cluster 2
-60 4 & Cluster3
X Cluster 4
¥ Cluster5
Cluster &
-B80 T T T T T
—60 —40 -20 1] 20 40

Fig. 4. 2D representation of the clusters for K-means labels.

Table 3a, clusters 0 and 1 in the K-means vs. HAC comparison exhibit a
high degree of similarity, suggesting consistent and robust performance
across these algorithms for these specific clusters. However, Cluster 4

in the same comparison shows a significant dissimilarity, indicating
challenges in achieving agreement.

Similarly, the comparison between K-means and K-medoids reveals
strong similarities in clusters 1 and 4, but also highlights variations in
other clusters, as can be seen in Table 3b. This divergence underscores
the inherent differences in these two methods, with K-means prioritiz-
ing cluster centroids and K-medoids focusing on medians, leading to
variations in cluster assignments. As expected from the low validation
indexes scores produced by K-medoids, it is obvious that the latter is
not suitable for our case and it will no longer be under consideration.

Table 3c depicts the assessment of HAC against DBSCAN, where
distinct patterns of cluster formation emerge. The two algorithms agree
almost in every data point for clusters 0,1 and 2, showing again that
those are the nominal classes as previously shown in the other tables.
To the contrary, classes 3 of HAC and 6 of DBSCAN exhibit significant
disagreement on data points between the algorithms. his discrepancy
suggests that there is indeed room for improvement.

In our comparative analysis of HAC, K-means, and DBSCAN, using
the provided similarity matrices, intriguing insights into cluster per-
formance have emerged. Above all, while HAC and DBSCAN exhibit
alignment in certain clusters, such as cluster 2, 1 and 0, where they
agree strongly, K-means often deviates from this consensus, particularly
in cluster 4. This divergence highlights opportunities for improvement
in the cluster results. For instance, clusters where K-means does not
concur with other algorithms may benefit from further refinement.
Conversely, the regions where all three algorithms agree, such as cluster
0,1,2,3 and 6 of K-means, provide a stable foundation for clustering
analysis. On the other hand, clusters 4 and 5 indicate signs that further
improvements are needed.



V. Michalakopoulos et al.

Applied Energy 361 (2024) 122943

— Cluster @
— Cluster 1
= Clusker2

Cluster 3
—— Cluster 4

Chuster 5
—— Cluster 6

oE4

energy consumption

060000 OTI0OD0 Q0000 D9:00:00

and— e — e e
00:00:00 010000 CRO000 030000 040000 C5:00:00

1:00:00 110000 120000 13:00:00

00000 210000 IZO000  F00:00

18:00:00  19:00:00

17-00:00

HMO000 150000 16:00:00

hour

Fig. 5. Median values for each cluster during the day.

Table 3
Comparison of Similarity Matrices.
(a) K-means vs. HAC

(b) K-means vs. K-medoids

0 1 2 3 4 5 6 0 1 2 3 4 5 6
0 2442 0 0 0 0 0 0 0 557 223 509 660 0 242 251
1 0 0 485 0 0 0 0 1 0 0 0 0 475 10 0
2 0 0 0 0 417 0 0 2 0 0 0 0 414 3 0
3 0 0 0 0 0 239 0 3 0 0 0 0 235 4 0
4 111 9 6 123 0 0 0 4 0 0 0 0 4 245 0
5 0 399 0 0 0 0 0 5 0 0 0 0 396 3 0
6 0 0 0 1 0 0 206 6 0 0 0 0 205 2 0
(c) HAC vs. DBSCAN (d) K-means vs. DBSCAN
0 1 2 3 4 5 6 0 1 2 3 4 5 6
0 2553 0 0 0 0 0 0 0 2442 0 0 0 0 0 0
1 0 126 0 0 278 0 4 1 0 0 0 0 0 0 485
2 0 0 0 0 0 0 491 2 0 0 416 0 0 0 1
3 81 0 0 12 3 2 26 3 0 0 0 238 0 0 1
4 0 0 416 0 0 0 1 4 192 4 0 12 7 1 33
5 0 0 0 238 0 0 1 5 0 122 0 0 274 0 3
6 0 0 0 0 0 206 0 6 0 0 0 0 0 207 0
4.3. Results Table 4
CatBoost Algorithm Performance Metrics per class.

In the previous chapter, after comparing the clustering algorithms, Classes Precision Recall F1 Score
data points have been individually labeled based on the outcomes Class 0 0.99 1.00 1.00
obtained from each algorithm. Now that we have reached the final Class 1 1.00 0.99 0.99

. . . Class 2 1.00 1.00 1.00

phase of our proposed methodology, we introduce the integration of a Class 3 1.00 1.00 1.00
CatBoost classifier as a pivotal component of our analytical pipeline. Class 4 0.95 0.91 0.93
This classifier is strategically employed to complement the existing Class 5 1.00 1.00 1.00
Class 6 1.00 1.00 1.00

clusters generated by our clustering algorithms. The classifier always
learns from the clustering algorithm perfectly and thus it behaves
exactly like the corresponding unsupervised learning technique.

The labeled data sets are split into train and test parts, with an
80-20 split ratio. Then, test parts are hidden from the models during
the training phase. In order to obtain class probabilities and enable
probabilistic class interpretation, the CatBoost’s output is subject to a
probability calibration process. In addition to making class predictions,
this calibration procedure calculates the likelihood associated with each
respective label through the classification process. These probabilities,
computed for each data point, serve to provide a measure of confidence
in the prediction outcomes. This application is made to add a new
function to the clustering algorithms to return the probability value for
each data point that is decided to belong to a certain cluster.

Now for the baseline of our approach we use the labels produced
by the K-means algorithm as the training and test set, in order to see

10

the accuracy of the classifier. From Table 4, we can see that CatBoost
fits almost perfectly to the given data for every cluster. In this case,
while it is evident that CatBoost’s near-perfect fit to the data may
be indicative of over fitting, it aligns well with our objectives, as we
need the classifier to be mimicking the clustering algorithm. The only
difference is that the user groups, will be mentioned as classes instead
of clusters from now on, due to the change in problem formulation.
So from now on, we have a classifier that behaves almost identically
to a clustering algorithm. Utilizing widely recognized metrics like Pre-
cision, Recall, and F1 Score, we can discern that the CatBoost algorithm
exhibits remarkable performance across various classes. However, it
is noteworthy that in most classes, including Class 0, Class 1, Class
2, Class 3, Class 5, and Class 6, the algorithm achieves exceptionally
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Fig. 6. Cluster visualization.

high Precision, Recall, and F1 Score values, suggesting that it is adept
at identifying positive instances with a high degree of accuracy and
comprehensively capturing relevant instances. This performance pat-
tern means that it over fits to the existing data, as the algorithm seems
to act nearly identically across most classes. This is exactly what we
were aiming for, as mentioned earlier. Notably, in Class 4, we observe
a deviation from this trend, where all the metric values are slightly
lower, hinting at a divergence in algorithm behavior for this particular
Class.

As can be seen in Fig. 7, the only classes that hold room for
improvement, except three points in class 0, are the ones we mentioned
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in our similarity matrices explanation, classes 4 and 5. It is obvious that
instances assigned to classes with predictive probabilities falling below
the threshold of 0.8 not only appear unsuitable for their designated
class but also demonstrate limited suitability for the alternative existing
classes.

Another way of validating our results is through xAI [51]. Fig. 8,
depicts the average impact of each feature for all the classes for the
whole testing dataset as well as Fig. 9 for a random household. This plot
offers profound insights, thereby underscoring the substantial practical
implications of our methodology in a business context. The association
between each class and its respective peak hour is notably clear,



V. Michalakopoulos et al.

I
: S
0.9 4 5 | 1 "
0.8 1 L .
[ ]
2074 ot
[ ]
2 0.6 1
x °
0.5 1 '
0.4 4
0.3 4
Class0 Class1 Class2 Class3 Class4 ClassS Classé
Classes

Fig. 7. Probabilities for the predicted classes.

peaic ior:
peak_early_morning _
peak_morning _
S |

21:30:00 [
14:00:00 JJi
13:00:00 JJj
22:30:00
13:30:00 [
22:00:00 [|]
14:30:00 [Jj
16:00:00 JJj
percentile_75 '
12:30:00 ]
20:30:00 I . Class 4
15:30:00 I mmm Class 0
17:00:00 ] . C:assi
17:30:00 ] : Et:::3
o000 -
0 3 i 4 8 10 12

mean(|SHAP value|) {average impact on model output magnitude)

Fig. 8. Average impact of each feature for all classes.

shedding light on the classifier’s rationale for grouping them together
within a single class.

Furthermore, for programs and initiatives related to data-driven
decision-making or targeted interventions, the insights derived from
this analysis can serve as a crucial foundation. Specifically, in the case
of DR programs, the information gathered from the feature importance
analysis can guide the development of more effective and tailored
interventions to consumers. By understanding which features have the
most significant influence on a user’s profile being classified into a
specific group, program designers can focus their efforts on addressing
those key factors.

In this step having the aforementioned knowledge about the clusters
produced, we can restart our pipeline for the user profiles that were
assigned to clusters 4 and 5. For simplicity we are going to reach only
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Table 5
Optimal number of clusters for each algorithm based on three evaluation indexes.
Clustering algorithm SIL DBI CHI
K-means 4 4 3
HAC 4 4 4

the second level of our methodology, constructing the clusters in the
first place. As we can see in Fig. 10 and in Table 5 those two classes
can be split in half when processed alone. Obviously, K-medoids is not
a part of this analysis as it where excluded in earlier steps. Following
this, the density based algorithm again produces 4 classes for the best
indexes when tested for different (¢) values.

As previously mentioned, these user profiles do not align with any
of the pre-established clusters. As a result of this reevaluation, we
choose to exclude these clusters from further analysis due to their
evident dissimilarity. It should be noted that these clusters collec-
tively represent a significant portion, approximately 10%, of the entire
dataset. This disparity in residential user or household behavior may
arise due to discontinuity caused by various factors such as changes
in daily routines, lifestyle alterations, external influences like seasonal
variations in energy consumption patterns or discrepancies in appliance
usage. Their exclusion is imperative to ensure the effectiveness and
reliability of DR initiatives, as their erratic behavior could introduce
instability and undermine the program’s objectives. This discovery and
its adaptable nature is a valuable asset in electrical user profiling, as
it ensures that our pipeline remains relevant and effective in capturing
the inherent complexity of user behavior over time.

As we continue our analysis, it is essential to explore the relation-
ships between the remaining clusters and various DR programs. With-
out equal treatment, the potential for maximum active demand-side
participation that enhances market efficiency is unlikely to materialize.
In our case, data required for analyzing Critical Peak Pricing (CPP) or
dynamic pricing programs, such as detailed pricing information and
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real-time consumption data are absent as we are working solely with
historical data. Therefore, ToU programs are the ideal fit for implemen-
tation based on the time periods defined in Section 3.1. Supposing we
wish to encourage consumers to concentrate their consumption during
the evening, a pricing strategy that involves keeping prices low at
that time while maintaining higher prices before and after (noon and
night) should be implemented. Furthermore, for peak hours, the pricing
strategy should be reversed, entailing the establishment of elevated
prices during those periods and reduced prices during earlier and later
time frames. In this context, as evident from our results, this program
finds effective application in clusters 0,1,2 and 3 with higher prices
during early morning, noon and night and comparatively lower in the
morning,evening and late night. Accordingly, for cluster 6, we would
suggest higher prices during late night hours and lower prices during
the early morning and night. However, this recommendation is in
stark contrast with the proposed DR program, prompting the need for
an alternative initiative to be proposed for the specified cluster. By
adopting this approach, our findings can serve as a foundation for the
creation of more DR programs.

5. Discussion

The timely and accurate classification of electricity consumers into
clusters is crucial for optimizing energy distribution and ensuring ef-
ficient utilization of resources. Our study, while contributing valuable
insights to the energy sector, is not without its limitations. Notably,
this research is relied solely on residential data and thus creates uncer-
tainties regarding the reactions of the proposed method when extended
to power systems. The scope of residential data may not fully capture
the intricacies and dynamics inherent in broader power system sce-
narios, raising questions about the method’s robustness and efficacy in
such expansive and varied environments. Moreover, the available data
primarily pertain to energy consumption rather than specific demand
management programs. Nevertheless, we believe our solution would be
sufficient in the case that data of this kind were acquired and would be
equally efficient. It is evident that our methodology can output clusters
that can be incorporated into tailored DR programs, due to the insights
of user behavior retrieved from our analysis.

6. Conclusions and future work

In this paper, we address a critical challenge in the realm of elec-
trical load segmentation and by extension DR programs, which play
a pivotal role in achieving sustainable and resilient energy systems.
The efficient management of electricity consumption in households
is of paramount importance in the contemporary energy landscape,
and the segmentation of electricity consumers into distinct groups
based on their consumption patterns and behaviors is a fundamental
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requirement for the successful implementation of DR programs. Given
the lack of mature information systems to support such assessments,
several projects are currently straggling to receive financial support by
funding aggregators to incorporate smart meters in order to maximize
the knowledge of residential electrical load consumption.

In this respect, a data-driven methodology is proposed which aspires
to pave the way for aggregators and electricity providers to formulate
and adjust DR programs based on their business and environmen-
tal goals. The proposed framework includes unsupervised learning
techniques, namely clustering algorithms, that based on household
electricity trends analysis, can select the optimal number of user groups
based on some related indexes. Furthermore, the results are then evalu-
ated through similarity matrices between the algorithms, selecting the
nominal groups and the ones that need more attention. Finally, the
problem is reincarnated as a probabilistic classification one making way
for xAI techniques to give further business insights into the reason why
these clusters where created in the first place.

To expound upon this further, it is crucial to delve into the scalabil-
ity implications of our approach, particularly in light of integrating the
classifier component. Scalability concerns can encompass several facets,
including the capacity to handle larger datasets, the computational
efficiency required for processing, and the adaptability to a broader
range of applications and use cases. The methodology is evaluated
considering a real case study in London. In conclusion, the clustering
algorithm analysis indicates that the ideal number of clusters in this
scenario is seven. However, our methodology reveals that approxi-
mately 10% of the dataset comprises two clusters with notable internal
dissimilarities. As a result, we opt to omit these clusters from further
analysis and consideration for DR programs.

Incorporating these insights into DR programs can lead to enhanced
user outcomes, cost-effectiveness, and overall program efficiency. It
allows for a more precise allocation of resources and interventions
to individuals based on the specific factors that influence their clas-
sification, ultimately improving the program’s ability to achieve its
objectives. While acknowledging the limitations of this study, it is
imperative that future research in the field of electricity user seg-
mentation places a heightened emphasis on incorporating a compre-
hensive range of factors. These factors should encompass not only
behavioral and socio-demographic aspects but also dig into the intri-
cate realm of psychological factors that influence consumer choices
and behaviors. By integrating these dimensions into our segmentation
approach, we can construct more completed and meaning full user pro-
files for DR programs. More importantly, the proposed approach ought
to become more relevant for large-scale applications and datasets. The
inclusion of real-time data, coupled with robust forecasting capabili-
ties for predicting electricity consumption trends in the coming days,
would significantly reduce the complexity and limitations of the current
methodology. Moreover, addressing the limitations of relying solely
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on residential data and the absence of specific demand management
program data would be a huge step following this study. Expanding
the scope and incorporating comprehensive data aligned with demand
management initiatives as well as going beyond the residential sector
will improve the practicality of the proposed method in real-world
settings.
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