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Abstract — With abundant availability of electricity customers
load data, and the growing trend toward smart distribution grid,
there is a need for more efficient approaches to exploit the valuable
customer load information from the high-resolution data collected
from customers by automatic meter reading (AMR). New effective
clustering methods such as affinity propagation are one of the ways
to tackle this issue by improving load prediction techniques and
devising efficient pricing schemes. In this paper, an affinity
propagation (AP) algorithm is used to cluster customer load data
and generate typical load profiles (TLP) for clusters. AP is a new
algorithm and has no need to have a predefined number of clusters.
Clustering results are compared with some traditional methods such
as k-mean, k-medoid, and spectral clustering. Also, the AP results
are evaluated by computing a range of well-known clustering
performance indices.
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I. INTRODUCTION
With the proliferation of smart meters in distribution networks,
electricity customers’ energy consumption data can be collected
vastly more than ever. In a smart distribution system, utility
companies and distribution system operator (DSO) can utilize
customers’ load information to develop and devise proper
management techniques which lead to an efficient electricity
distribution network. Areas such as load prediction, pricing
schemes and demand-side management (DSM) can leverage the
abundance of the customer load data. Utilities classify customers
into groups based on their energy consumption patterns using their
historical load data and generate a TLP considering the time
resolution and the high number of customers in a distribution
network. The TLPs provide valuable information about a customer
to the utility companies and DSOs. In a competitive environment,
knowledge of how and when customers use electricity is vital for
retailers[1],[2]. TLP can be used for improving the accuracy of the
load forecast[3]. Thus, choosing a better clustering algorithm to
segment customers is important.
Many clustering algorithms are used for consumer
segmentation such as k-means, self-organizing map (SOM),
hierarchical and fuzzy. Some of these algorithms are well
established and popular like k-means and hierarchical [4].
Clustering algorithms are compared to each other based on their
performance, complexity, and operating time. Some perform
better than the others in one area but not very good in other areas.
Clustering algorithms’ quality is determined based on clusters
compactness and cohesion which are measured by clustering
validation indices. Some important clustering performance indices
are Davis-Bouldin indicator, Silhouette, the Dunn index, and many

others. They measure the clustering algorithm’s performance and
behavior.
In [4], Zhou et al provide an adequate review of clustering
algorithms and performance indices used in electricity customers
segmentation. In [5] authors compare different clustering
algorithms with the SOM algorithm in two stages to classify
residential customers. Also, they try to draw a correlation between
a consumer’s load profile and their economic class. However, a
two-stage clustering algorithm can be time and resource
consuming. In [6] authors use a modified k-mean algorithm to
improve the convergence time of the algorithm. They classify
consumers into residential, commercial and industrial classes. In
[7], a k-mean algorithm is leveraged in two stages to cluster load
curves of electricity consumers. First, the authors develop a typical
load profile for each customer and then classify customers
according to their TLP. Also, performance indices are used to
determine the optimal number of clusters. While their work seems
promising, using two-stage k-means may not be very practical
when the number of customers is high. It may affect the accuracy
of the process and be computationally expensive. In [8], the
authors use a range of models for load profile, like time domain
model, frequency domain model, load shape factor, principal
component analysis and so on. They use k-mean and two other
modified k-mean algorithms for clustering. Also, various
measures are introduced in different papers to validate the
classification performance [9], [10], [11].
This paper uses an AP algorithm to cluster residential customer
in an electrical distribution network based on their load data. We
also implement another three well-known algorithms, k-means, kmedoids and spectral clustering on the same set of data. We
compute the six performance validation indices, Silhouette,
Calinski-Harabasz, Davis-Bouldin, Dunn index, Ratio of withincluster sum of squares to between-cluster variation (WCBCR) and
cluster dispersion index (CDI) for each algorithm to compare the
quality of the clustering. Our objective is to compare the AP
algorithm’s clustering with other well-known algorithms. AP is a
relatively new and simple algorithm. Comparing the clustering
quality indices shows that not only affinity propagation
outperforms other algorithms, it also addresses some of the
drawbacks other algorithms suffer. Partitioned algorithms such as
k- means, k-medoids are sensitive to noise, outliers and centroid
initialization. Also, the number of cluster must be known
beforehand in portioned algorithms[4]. While in AP algorithm, the
optimum number of clusters is determined by the algorithm.
Unlike k-means and k-medoids, AP is a deterministic similaritybased algorithm.
Main contributions of this paper are listed as followings:

1. This work implements a new clustering algorithm to
segment electricity customers based on their load profile
2. This work proposes the AP algorithm that outperforms
other major clustering algorithms
3. This work uses the AP algorithm in electricity customers
load profile clustering for the first time
4. Results and performance of AP algorithm is compared
with three other algorithms
The rest of this paper is organized as follows. Section II
introduces the AP algorithm and provides background in k-means,
k-medoids and clustering algorithms. Section III presents case
studies and results. Section IV provides conclusions and future
work.
II.

METHODOLOGY

In this work, we use the AP algorithm to cluster 𝑁 residential
customers based on their hourly load consumption patterns and
generate TLP for each cluster.
AP was introduced in 2007 by Frey and Dueck. It has been
used in many clustering applications such as bio-informatics, face
and speech recognition[12],[13]. Affinity propagation does not
need a predefined number of clusters. It is a deterministic iterative
method. AP leverages pairwise similarity between data points and
a set of preference measures. Preference measures value show the
chances of being a cluster exemplar. In each iteration, a couple of
message-passing values are produced. They are called
responsibility and availability. Responsibility illustrates how an
exemplar is well suited while availability shows how data points
are well allocated to a cluster. The detailed procedure is discussed
below.
A. Affinity Propagation Algorithm
Hourly customers’ historical load data is considered as a data
point, 𝒙𝒊 . The similarity matrix 𝑺 is devised by computing
pairwise distance of points using fifth norm with a negative sign,
𝑺𝑖,𝑗 = − ‖𝒙𝑖 − 𝒙𝑗 ‖𝑝=5 . Obviously, the bigger distance between
the data points, means that the data points are less similar and vice
versa. Number of clusters are not known in as the algorithm starts.
The AP algorithm initializes the number of cluster 𝑘 which are
also called exemplars. Exemplars can be initialized in different
ways. In this work, AP exemplars 𝑘 are chosen and initialized by
the computing the median of data points’ similarity from similarity
matrix 𝑺 as in [12].
Responsibility matrix 𝑹 and availability matrix 𝑨 are defined
to find the exemplars and cluster the data points. The responsibility
value, 𝑹(𝑖, 𝑘) from responsibility matrix shows how well
exemplar 𝑘 represent point 𝑖. At first iteration, responsibility
𝑹(𝑖, 𝑘) of point 𝑖 equals its similarity to exemplar 𝑘 minus its
largest similarity to the rest exemplars as in (1). Matrix 𝑨 equals
zero at the first iteration. When 𝑘 = 𝑖, the responsibility of
diagonal elements 𝑹(𝑘, 𝑘), is going to be 𝑺(𝑘, 𝑘) minus the largest
similarity between data point 𝑖 and rest of the exemplars. Negative
𝑹(𝑘, 𝑘) values mean point 𝑘 isn’t an appropriate exemplar and it
has to choose another node as exemplar. So, the responsibility
matrix is updated by the following rule.

{𝑨(𝑖, 𝑘 ′ ) + 𝑺(𝑖, 𝑘 ′ )}
𝑹(𝑖, 𝑘) ← 𝑺(𝑖, 𝑘) − max
′

(1)

𝑘 ≠𝑘

In (1), 𝑨(𝑖, 𝑘 ′ ), represents the availability of point 𝑖 with respect
to exemplar 𝑘 ′ . The points which are allocated to the suited
exemplars effectively are going to have a negative availability
value.
Availability matrix 𝑨(𝑖, 𝑘) shows the availability of exemplar
𝑘 for point 𝑖. In other words, availability represents how well it
would be for point 𝑖 to select point 𝑘 as its exemplar. So, the
availability matrix is updated by the following rule.
𝑨(𝑖, 𝑘) ← min {0, 𝑹(𝑘, 𝑘) + ∑ 𝑚𝑎𝑥{0, 𝑹(𝑖 ′ , 𝑘)}}

(2)

𝑖 ′ ∉{𝑖,𝑘}

To put a threshold on 𝑨 (𝑘, 𝑘), the following rule is applied:
𝑨(𝑘, 𝑘) =

∑

𝑚𝑎𝑥{0, 𝑹(𝑖 ′ , 𝑘)}

(3)

𝑖 ′ 𝑠.𝑡.𝑖 ′ ≠𝑘

In each iteration, responsibility and availability matrices are
adjusted in (4) to damp their values. Here a constant damping
values 𝜆 = 0.5 is used.
𝑹𝑛𝑒𝑤_𝑚𝑜𝑑𝑖𝑓𝑖𝑒𝑑 = (1 − 𝜆) ∗ 𝑹𝑛𝑒𝑤 + 𝜆 ∗ 𝑹𝑜𝑙𝑑

(4. 𝑎)

(4. 𝑏)
𝑨𝑛𝑒𝑤_𝑚𝑜𝑑𝑖𝑓𝑖𝑒𝑑 = (1 − 𝜆) ∗ 𝑨𝑛𝑒𝑤 + 𝜆 ∗ 𝑨𝑜𝑙𝑑
The mentioned procedure is repeated until the algorithm
converges. The convergence criterion is defined in the following,
𝑬𝑚 = 𝑨𝑚 + 𝑹𝑚

(5)
|𝑬𝑚

𝑚−1 |

Algorithm’s convergence is achieved when
− 𝑬
< 𝜺. In
(5), 𝑚 is the number of algorithm iterations. In the end, point 𝑘 is
going to be an exemplar if 𝑨(𝑘, 𝑘) + 𝑹(𝑘, 𝑘) is positive. Each
point 𝑖 is being allocated to cluster 𝑘 based on its maximum
similarity to the cluster exemplar.
In this work, we used 5th lp-norm for similarity matrix instead
of the original Euclidean distance proposed in [12]. Higher norms
give better similarity measures as the higher the norm, the smaller
the norm values be. This was verified experimentally while
comparing the clustering evaluation indices. Clustering evaluation
indices were improved with higher lp-norm.
B. k-means, k-medoids Algorithms
K-means and k-medoids are part of unsupervised clustering
algorithms. They are well-known and well-established algorithms.
K-means and k-medoids algorithms are explained in details in
[14], [15]. Though there are many versions to both algorithms, we
only use the traditional algorithms. Both k-means and k-medoids
require the number of the cluster to be predefined. In this work, for
comparison purpose, the optimal number clusters determined by
AP algorithm was used as predefined number of clusters, K for kmeans and k-medoids clustering algorithms.
C. Spectral Clustering Algorithm
Spectral Graph Laplacian is another algorithm mostly used for
clustering. We use a fully connected graph Laplacian algorithm
with Gaussian similarity function proposed in [16], [17] to cluster
the electricity customers’ load data. Similarity matrix 𝑺 is
computed as below:

2

−(

𝑺(𝑖, 𝑗) = {𝑒

‖𝑥𝑖 −𝑥𝑗 ‖
)
𝜎2

0

𝑖≠𝑗
𝑖=𝑗

(6)

In (6), constant 𝜎 is the regularizing parameter and 𝑥 is a data
point. Regularizing parameter 𝜎 controls the width of the
neighborhoods in the graph. The degree matrix 𝑫 is computed as
follows:
𝑁

𝑫(𝑖, 𝑗) = {

∑ 𝑺(𝑖, 𝑗)

𝑖=𝑗

𝑖=1

0

(7)

𝑖≠𝑗

The Laplacian matrix 𝑳 is the difference between the degree and
similarity matrices.
(8)
𝑳=𝑫−𝑺
Then the eigenvector and eigenvalues of matrix 𝑳 are
calculated. The two-dimension embedding of the matrix 𝑳 is
computed from the two eigenvectors corresponding to the two
smallest eigenvalues. Two-dimension embedded data is
segmented by k-means clustering. The same number of clusters K
is used as the original k-means algorithm. To choose a suitable
value for the regularizing constant 𝜎, the algorithms was run for
multiple value of 𝜎. Optimal value of 𝜎 was selected by
comparing the data point clustering results by computing their
quality indices each time.
Once clustering algorithms are implemented, TLPs for each
cluster of customers were computed by averaging the load profiles
of customers in the same cluster.
D. Clustering Evaluation Indices
To assess the performance of the clustering algorithms, we
calculated a range of most-used and well-known clustering
evaluation indices including Silhouette, Calinski-Harabasz, DavisBouldin, Dunn index, WCBCR, and CDI. These clustering
evaluation indices are described thoroughly in [9], [18]-[19].
Detail description of clustering coefficients is not in the scope of
this work.
Clustering evaluation indices measure how well data are
segmented into classes. Internal clustering quality is often
measured by clusters compactness and separation. Compactness
shows how well inter-cluster objects are related by computing their
variance. Separation measures how much clusters are far
apart[11]. For instance, Davis-Bouldin index measures cluster
compactness, while Dunn index and CDI measure cluster
separation. Indices such as Silhouette, Calinski-Harabasz, and
WCBCR indicate to both separation and compactness feature.
III.

CASE STUDY & RESULT

In this paper, four clustering algorithms described in pervious
section are applied to residential customer’s hourly energy
consumption data for one year. Customer energy data was
accessed from the Pecan Street database[20]. Pecan Street collects
customers load data in different time resolutions for over 1000
customer located in different states in the US. One year of
customers load data is preprocessed and divided into seasons,
weekdays and weekends. The clustering algorithms are

implemented on 100 customers for weekdays in the summer
season.
The AP algorithm segmented customers into K=7 clusters.
Each cluster had different sizes. To make the clustering algorithm
comparison valid, we used the same number of clusters K for kmeans, k-medoids, and spectral clustering algorithms. Customer
clustering result using the AP and k-means clustering algorithms
are presented only. We are not reporting the other two algorithms’
results to avoid presenting tedious results.
AP clustering results are depicted in Fig. 1. Each plot contains
cluster TLP and their corresponding 24-hours customers average
load profile. The horizontal axis represents time in hours, while the
vertical axis shows power in kWs. The red curves show the TLP
of the each cluster and the blue curves represent load profiles for
individual customer. Customer clusters have different number of
customers, 𝑛 as shown on subplots. Clusters 5, 6 and 7 have only
one customer as they have a unique load pattern. As it can be
observed in Fig. 1, customers with similar load characteristic are
categorized in the same cluster. This means that these customers
have a similar consumption pattern. Though customers in clusters
2 and 3 seemed to have similar profiles, since they have different
loading ranges, they are segmented in different clusters. This
shows that the clustering algorithms not only classifies customers
based on their energy usage temporal patterns, but also considers
their consumption ranges. This can be an indication that customers
in cluster 3 have a bigger houses or larger families than the
customers in cluster 2.
Clustered customers by k-means and their TLPs are shown in
Fig. 2. Similar to AP, most customers are classified into four main
clusters. Customers with special load patterns are put in separate
clusters. Though it is hard to draw a major difference between the
algorithms’ clustering outputs, there are differences in size of
clusters though. For example, cluster 1 by AP in Fig. 1 has more
customers than any other clusters by k-means in Fig. 2.
Clustering algorithms’ performance are being evaluated by
comparing their performance indices. Six clustering performance
indices are calculated for each algorithm and shown in Table I. The
best values of indices are highlighted in bold text. Though these
indices do not have optimal values for best clustering performance,
relative enhancement in performance can analyzed by a better
performance indices values for the same set of data points. Some
indices are better at low values, while some others are better at
high values. For instance, smaller values of Silhouette, DavisBouldin, WCBCR and CDI indices are better, but larger values of
Dunn index, and Calinski-Harabasz indicts to better clustering
quality.
Results in Table I shows that the AP algorithm performed
better than the other three algorithms based on the measured
indices, both in cluster separation and compactness feature of
clusters. Four out six indices are better for AP. Specifically, values
of clustering performing indices, Silhouette, Davis-Bouldin,
WCBCR, and CDI are significantly better for the AP algorithm.
The Calinski-Harabasz and Dunn index are better for k-medians
and spectral clustering respectively. Among the four algorithms
examined, k-means seems to be performing poorly, though its
performing indices values are very close to k-median as expected.
AP algorithm has the lowest value of Dunn index. Since it has
a better CDI value, one cannot conclude that it performs ill in
cluster separation.

Table I: Clustering Performance Indices
Algorithms
Silhouette Calinski-Harabasz
0.25
23.64
K-means
0.29
K- median
24.28
0.33
21.85
Spectral (𝝈∗ = 𝟗. 𝟓)
21.19
Affinity Propagation(𝝆∗ = −𝟎. 𝟒𝟑)
0.13
𝜎∗ optimal values of regularizing constant, 𝜌∗ initial preference value

Fig. 1. affinity propagation clustering

IV. CONCLUSION
In this paper, an affinity propagation algorithm is used to
cluster customers based on their load data to calculate their TLPs.
To illustrate the superiority of the AP algorithm performance, its
clustering results are compared to some well-known clustering
methods such as k-mean, k-medoids and spectral clustering. The
effectiveness of affinity propagation is established through
comparing a range of clustering performance indices. Though
clustering results from different algorithms are very similar, the

Davis-Bouldin
1.60
1.34
1.29
0.99

Dunn index
0.06
0.08
0.20
0.01

WCBCR
0.62
0.47
0.40
0.34

CDI
0.16
0.11
0.09
0.08

Fig. 2. k-means clustering

computed indices show that the AP algorithm clusters electricity
customer better with quality, since 4 out of 6 indices were in its
favor. In the future, we want to examine the AP algorithm on a
higher number of customers in smaller time resolution and include
other electricity customers information such as house size, family
size, location, social and economic background, renewable energy
generation and weather data This will make the clustering output
more accurate which will be important in many application such
as load prediction and renewable energy prediction. .
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