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Abstract

Performing analytics on the load curve (LC) of customers is the foundation for demand response

which requires a better understanding of customers’ consumption pattern ( CP) by analyzing the load

curve. However, the performances of previous widely-used LC clustering methods are poor in two

folds: larger number of clusters, huge variances within a cluster (a CP is extracted from a cluster) ,

bringing huge difficulty to understand the electricity consumption pattern of customers. In this pa-

per, to improve the performance of LC clustering, a clustering framework incorporated with commu-

nity detection is proposed. The framework includes three parts: network construction, community

detection, and CP extraction. According to the cluster validity index (CVI), the integrated ap-

proach outperforms the previous state-of-the-art method with the same amount of clusters. And the

approach needs fewer clusters to achieve the same performance measured by CVI.

Key words: smart meter data, electricity load curve (LC), clustering methods, community

detection, demand response ( DR)

0 Introduction

With the rapid development of economy and society,
electricity consumption increased to 5802. 00 x 10° kWh
A, D de
becoming much more pressing to increase energy effi-

in 2015 in China and aggravated energy crisis

ciency and reduce emissions. Demand response (DR)
has been proposed as an important tool to improve a
utility” s economic and energy efficiency, reduce emis-

. ; 2
sions, and integrate renewables’.

To achieve it, an
essential step is to analysis the electricity consumption
behavior. Analysis of electricity consumption behavior
above is a task to discover unknown knowledge using
load curves (LC) to support the development of DR.
As the most common-used LC analysis technology, the
clustering method is an unsupervised approach to dis-
cover the electricity consumption pattern (CP) in data
set by grouping similar LC into the same sub-group.
Currently, various clustering methods have been
applied to LC clustering®’, such as K-means, fuzzy
clustering, hierarchical clustering, and self-organizing
maps. However, the performance of previous LC clus-
tering methods is poor in two folds: larger number of

clusters, huge variances within a cluster. The reasons
are as follows.

(1) As each LC in the data set is treated as an
individual time series during the clustering process, the
indirect relationship among LCs is hard to be directly
considered, restraining the performance of the cluste-

") Here, the indirect relationship refers

ring methods
to the relationship that requires the participation of one
or more third parties.

(2) Due to the significant volatility and uncer-
tainty of the residential electricity LC, most previous
clustering methods easily result in a poor perform-
ance >’

Although reason (1) is raised in the general do-
main, it has not been considered in LC clustering.
Reason (2) is a common problem for LC clustering.
Current state-of-the-art clustering method is dynamic
time warping ( DTW) (21,

state-of-the-art clustering method, a new problem is in-

However, when using the

troduced. CP, which is exiracted by traditional avera-
ging method, has a significant difference from the cor-
responding LCs, bringing huge difficulty to understand
the real electricity consumption pattern of customers.
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In this paper, an integrated framework clustering
method incorporated with community detection ( CICD)
is proposed to improve LC clustering performance.
CICD consists of network construction, community de-
tection, and CP extraction. First, an LC data set is
converted into an g-nearest neighbor network (&-NN)
using the distance measurement DTW, and character-
ize both direct and indirect inherent relationships be-
tween any pair or any group of LC. Second, a modu-
larity-based algorithm Louvain is employed to synchro-
nously optimize the local and global modularity, and
obtain optimal community partitioning, where a com-
munity represents a cluster. Third, the centers, each
of which represents a CP, is extracted from clusters
using the averaging method ( DTW Barycenter avera-
ging'®") to obtain the typical electricity CP of the cus-
tomers. Compared with the state-of-the-art method, the
proposed method has a significant improvement in
terms of the metric of common cluster validity indexes.

The contributions of this paper are as follows.

(1) The indirect relationship between L.Cs direct-
ly is made accessible and usable by converting the
dataset into a network.

(2) LC clustering is performed by a high-efficient
community detection algorithm named Louvain, which
is robust to noise.

(3) The DTW Barycenter averaging is applied to
extract the CPs of the customers. It makes the CP more
precise.

(4) Combined with distance measurement DTW ,
community detection algorithm Louvain, and TLP ex-
traction method DTW Barycenter averaging, a cluste-
ring framework CICD is proposed to cluster residential
electricity load curve and extract the CP of customers.

The paper is structured as follows. Section 1 sum-
marizes the previous LC clustering methods. Section 2
introduces the innovative approach. Section 3 presents
the experiment setup. Section 4 presents and discusses
the results. Section 5 draws a concluding remark.

1 Related work

Various methods are proposed to cluster LC, in-
cluding K-means, self-organizing maps, and hierarchi-
cal clustering. According to the clustering criterion,
these commonly-used methods are roughly grouped into
four categories: partitioning, hierarchical, density-
based, and model-based’ .

Due to the simplicity and low time complexity, the
partitioning methods are the most commonly-used ones
in LC clustering. The partitioning methods initially se-
lect K centroids, and iteratively update these centroids

to optimize the cost function'”’. Typical examples in-

clude K-means'®', K-medoids'*'", and fuzzy C-
means' '

The hierarchical methods include two types: ag-
glomerative and division. The agglomerative one is the
most commonly used method' ', For the agglomerative
methods, each LC is firstly initialized to be a cluster.
And, the two closest clusters are iteratively combined
into a new one, thus reducing the number of clus-
14 In addition, in Ref. [8], hierarchical cluste-

ring is employed to merge the clusters generated by the

ters

K-means, and reduce the number of the clusters.

The density-based methods consider the LC in
high-density regions of the space as clusters, and the
ones in low-density regions as outliers or noise "', In
Ref. [16], a density-based method is proposed to
cluster the customers using the daily load curve'”'. In
Ref. [ 18 ], the classic density-based method ( density-
based spatial clustering of applications with noises) is
applied to cluster the daily residential LC.

The model-based method assumes a model for
each cluster, and finds the best fit of the data for the
given model'”’. In Ref.[5], finite mixture models
( Gaussian mixture models) are applied to cluster the
LC. In Ref. [19], self-organizing maps model is ap-
plied to cluster the LC.

In addition to the above methods, several new
methods, such as spectral clustering'®’ | hierarchical
L2 ! and the it-
erative self-organizing data-analysis technique algo-
"> have been proposed for LC clustering.

For LC clustering methods above, each LC in the

K-means'” | support vector clus‘[ering{22

rithm

data set is treated as an individual time series, ignoring
the inherent relationship between LCs, restraining the
performance of the clustering methods. However, net-
work is a powerful tool to represent the inherent rela-
tionship between the L.C and is able to improve the per-
formance of time series clustering'®’. Thus, this work
converts the L.C data set into a network and clustering
LC via the community detection in the network, filling
the research gap above.

2 Methodology

In this section, a detailed description of the pro-
posed method is given, which consists of 4 steps: data
preparation, network construction, community detec-
tion, and CP extraction.

2.1 Data preparation
The normalization is an indispensable step in LC
clustering, as it avoids the amplitude interference and
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easily identifies user consumption pattern contained in
the LC. In our work, for a given daily LC s,, a nor-
malized daily L.C /, is obtained by
lt=i and a = ZSl (1)
a =1
here, a is the sum electricity consumption of a custom-
er for one day, and n is the number of the point in LC.

2.2 Network construction
2.2.1
The pattern of an LC, which is presented by the

Dynamic time warping

shape of LC, is the most important feature in the LC
clustering task. Thus, the shape-based distance meas-
urement is the most appropriate method of measuring
the similarity between the LCs. In this work, the fa-
mous shape-based distance measure DTW, which is
used to find the optimal alignment between two time se-
ries and calculate the distance between them'®' | is
used to measure the distance between the LCs. For two
, %, | and Y= {y,, 5,
“s ¥uo1 |, the warping path P = {py, p;,--, p,f, py
=(i,,j,) €[0:n=1] x[0:n-1] is obtained ac-

[2]

given LCs X = {x,, x,, =

cording to the following restrictions

(1) Boundary condition: p, =(0,0) and p, = (n
-1, n-1).

(2) Monotonicity condition: i, = i, and j, | =
Ji-

(3) Continuity condition: i, —i,_, = 1 and j, —
Jiei = L

(4) Warping window :1i, —j,| <w.

Here, i, is the index of X, and j, is the index of
Y. In addition, we assume that a typical consumer ex-
hibits less than 1 h variation in time of electricity con-
sumption. As a case, when the customer electricity
consumption data are collected every 15 minutes, the
warping window w of DTW is set to 4.

The minimum total cost of the warping path
Cpex, ) 18 equal to the distance between the LC X and
Y. And, c¢p is obtained by Eq. (2).

bppy = =1 m=1)

n(i, j) =8(i, j)

+min[n(i -1,7),m(i-1,j-1),7(,j-1)]
8(i, ) :{d(xi,yj) li-jl <4
Max _value  else
(2)

where, 5(i, j) is the cost of the warping path P = {p,
(%95 ¥0)» P1(%0, ¥1) 55 Pi(%;, y,') f,8(i, ) is
the distance between point x; and y;.
2.2.2 Converting an LC data set into a network

A network is a powerful tool, and it is useful for
representing the complex relationship between the LCs.

A network G(V, E) consists of n vertices V = {v,, v, ,

-, v,_,} and m edges E = {e(v,, v,) | o, e Vi,
where e = (v;, v;) is an edge that connects v; and v,.
In this work, we convert the LC data set into an g-nea-
rest neighbor network (£-NN) as following steps.

(1) Every LC, is considered as a vertex v; in a
network G.

(2) For each v,, respectively calculate the dis-
tance between the v; and other vertices by DTW.

(3) For each v,, obtain a distance threshold &
using Eq. (3).

(4) For each v,, if the distance between the v,
and other v; is less than the distance threshold &, an
edge e that connects v; and v; is added to the network
G.

&= A Xy

n-1
pe = L3 du, ) @
n =
where, u, is the mean distance between v; and all of
the other vertices, A is a parameter to adjust the num-
ber of the edge of the network. The higher A, the more
edges a network contains and the more complex the
network is.
In addition, the weight of the edge w, is deter-
mined by
wezl—%,ez(vi,q)eE (4)
dyo = Max[d(v,, v,) | e = (v, v) € E]

where, d_  is the max distance between the vertices in

max

the network.

2.3 Community detection
Community detection is a method to discover
apriori unknown patterns in a network, and has been

21 " as most real-world sys-

attracting a lot of attention
tems can be modeled by networks'*’. In this work, the
most commonly used modularity-based algorithm Lou-
vain is used to extract communities from a network, as
it has advantages on computation time and quality of
the community detection in terms of the metric of the

25 :
!, As shown in

modularity of a partition Q in Eq. (5)!
Algorithm 1, Louvain iteratively extracts communities

from a network to find the optimal partition.

1 kikj
L zmi,jze‘VI:Ai'j- 2m]6(ci’cj)
1
i = — A 7
2 2 A .
1 G = G
8(¢;;¢) = { i g
1) 0 else
k, = A,
i,leV



56

HIGH TECHNOLOGY LETTERSIVol. 27 No. 1|Mar. 2021

here, A, ; is the weight of the edge between vertices i
and j, k, is the sum of the weights attached to i, ¢, is
the community to which i is assigned, and m is the to-
tal weight of the network.

Algorithm 1 Louvain
Input: Network G(V,E).

Output: Communities Cp,,

Set Change = True
while Change do
Set each vertex v; € V as a different community ¢; e C.
Set Change = False
Set LocalChange = True
While LocalChange do
Set LocalChange = False
for all Vertex v; € V do
Set the vertices which directly connect to vertex
v, as V.
for all Vertex v, e V,,; do
Set the community of v; as ¢, and the community of
v, as c,.
if ¢, #c¢, then
Calculating the AQ for moving v, into ¢, by
Eq. (6).
end if
end for
if The max value of AQ large than O then
Move v; to the ¢, which obtain the max AQ.
Set LocalChange = True
end if
end for
Set Change = LocalChange || Change
end while
if Change then
for ¢; e C do
Merge the c;.
end for
Construct the new Network G.
end if
end while

return C

PITIES T WY )
AQ = [~ (T )]
2m 2m

2 n z tot

2 ka
SIS T - 65T (6)

is the sum of the weights of the edges inside

here,

a community ¢,, ., is the sum of the weights of the

in

edges incident to the vertices inside ¢, , k; is the sum of

the weights of the edges connected to vertex i, k, ,, is

the sum of the weights of the edges from i to the verti-

. [25]
ces in ¢ ,

., and m is the sum of weights of a network

v is a parameter to adjust the number of communities.
b 9

Usually, the smaller y is, the more communities are

extracted from a network.

2.4 Typical electricity consumption pattern ex-
traction

The center of an LC cluster is a CP that reflects
an electricity consumption pattern. Usually, the center
of an LC cluster is obtained by an averaging method.
However, when DTW is used as a distance measure-
ment, it is a difficult task to average an LC cluster,
because it has to be consistent with the ability of DTW

& 5 6
to realign sequences over time .

In this paper, as
shown in Algorithm 2, an averaging technology , named
DTW Barycenter avemging[61 , is used to extract CPs

from the clusters.

Algorithm 2 DTW Barycenter averaging

Input. All of the LC lc € C and the initial center lcc.
Output: lcc
Set a table with size n as CT, and n equals to the length of
lec.
While lcc is not stable do
Set CT=[o, ¢,**, ¢]
for lc; e C do
Obtain the warping path P = DTW (lcc, lc;)
for p, = (i,, j,) e P do
Put Ic,[j, ] to CT[i,].
end for
end for
for0—n -1 do
= CT 1]
%

leeli) = T

end for

end while

3 Experiment setup

3.1 Data description

To evaluate the performance of the proposed meth-
od, the experiments on two most used data sets are con-
ducted. The first one was provided by the Pecan Street

Inc. ™', which is marked as Dataport. It contains

22 113 daily LCs from 351 households, and the LCs
were collected from the houses for a period of 63 d from
July 6, 2015 to September 6, 2015. The sampling in-

terval of the smart meter is 15 min. The second one is
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from smart metering electricity customer behaviour tri-
als (CBTs) in Ireland'?’, which is marked as CBT. It
contains 58 527 LCs from 929 households and the LCs
were collected from the houses for a period of 63 d from
July 6, 2010 to September 6, 2010. The smart meter
data is half-hourly sampled electricity consumption
(kWh) data from each customer.

3.2 The cluster validity indexes

The LC clustering is an unsupervised process, and
usually lacks of the ‘gold standard’'®'. The internal
cluster validity index (CVI), which does not need to
reference any ‘ gold standard’ , is the common way to
measure the quality of clustering results in recent LC

clustering studies >’

. However, there is no single in-
ternal CVI outperforms the rest, and every internal CVI
may be able to prefer any method just in the way how
the indices are proposed™ . Thus, it is necessary to
select several internal CVlIs, which have excellent per-
formance in evaluating different clustering algorithms
applied to different datasets, to diminish the limitation

of the internal CVI.

which investigated 30 commonly used CVIs in many

According to a previous study,

different environments with different clustering methods
(3 clustering methods) and different datasets (20 real
datasets and several synthetically generated datasets) ,
Davies-Bouldin index ( DB, the most commonly used
internal CVI) , VCN index ( VCN, an improvement of
Silhouette proposed in recent study) and COP index
(COP) have better performance in most environments
k231330 In addition, be-
cause the demand-response is one of the most important

and are selected in this wor
applications in smart grid, the entropy, a common in-
dex to identify demand-response potential customers, is
also considered to measure the clustering results in our
The smaller DB and COP are, the higher
VCN is, the higher cluster quality is.

—
work .

Davies-Bouldin index is a very commonly used in-
dex. It assesses the cohesion according to the distance
between the points and the centroid of the cluster, and
the separation according to the distance between cen-

:1.[28]
troids™ ™.
8y 8y
~max

1
P 2 e e To) |
Z d(x,, lcc,)

Xm EC;

DB =
(7)

[

DT ¢ |
here, k is the number of the cluster, c¢; is a cluster,
lee; is the center of the ¢;, d(_, ) is the dissimilarity
function and S is the average dissimilarity between the

instance x,,, which belongs to ¢;,

m

and its center lec;.
VCN index is an improvement of Silhouette and

recently proposed. It is used to evaluate the clustering

quality according to the cluster center and the nearest

neighboring clusterm]

VEW - L. k bd(c;) —wd(c;)
“~ max bd(c) wd(e,) |
le;l
bd(cL') - ]<jn<lin/#1 | C | 12 d(xm’ lcC))
I el
wd(c;) = Z d(x, , lec,)
m=1, x,ec;

(8)
where, £ is the number of the cluster, ¢, is a cluster,
lee, is the center of the ¢;, d(_,
function, x, is an instance which belongs to ¢,

_) is the dissimilarity
bd(c;)
is the minimum between-cluster dissimilarity, and wd
(¢;) is the within-cluster dissimilarity.

COP is a ratio-type index and it assesses the cohe-
sion by the distance between the points in a cluster and
their centroid, and separation by the distance from

points to the furthest neighbor“ﬂ

o] Zd(xm, lee;)
L X €0; (9>

min maxd(x,, , x,)
X[EC; X EC;

COP =% 1 ¢

c;eC

here, n is the number of the instance in dataset, ¢, is a
) is the dis-

similarity function and «x,, is an instance which belongs

cluster, lcc, is the center of the ¢;, d(_,

to ¢;.

The entropy is used to estimate the variability of a
consumer according to the cluster which the LC is as-
signed to'?!

entropy = —

Zpi log(p;) (10)

where, k is the number of the cluster and p, is the ratio
between the number of load curve that falls into cluster

¢, and the total number of load curves* .

3.3 Clustering method for comparison

CICD is compared with the previous clustering
methods which are applied to LC clustering: K-me-
doids'®, K-means, agglomerative clustering ( AC) ,
Gaussian mixture models ( GMM ) ,
(SC), and clustering by fast search and find of density
peaks ( CFSFDP) 17) on the same data set. The details
on the models above are as follows.

spectral clustering

(1) K-medoids is applied to LC clustering and
achieves the state-of-the-art performance, combined
with the distance measurement DTW'?'.

(2) K-means is a most used partitioning method
to cluster LC.

(3) AC is a hierarchical method, and the most

used hierarchical clustering algorithm in LC clustering.
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(4) GMM is a model-based clustering algorithm
which is based on the expectation-maximization ( EM)
algorithm.

(5) SC is a graph-based clustering algorithm.
Similar to the CICD, SC also converts the dataset into
network.

(6) CFSFDP is a density-based clustering algo-
rithm that is proposed to cluster the customers using the

daily load curve!'®).

4 Results and discussion

To evaluate the efficiency of our method over
state-of-the-art approaches, different clustering meth-

ods are validated on two datasets in the same task.

4.1 Cluster performance evaluation

With the metrics of DB, COP, and VCN, we
evaluate the CICD quality compared with other cluste-
ring methods.

For the Dataport dataset, Fig.1, Fig.2, and Fig.3
show the value of DB, VCN, COP after our method is
used to cluster LC with different y. Similarly, the value
of DB, VCN, COP of the results of other clustering
methods are also respectively shown in Figs 1-3, where
the cluster number of other clustering methods are set
to be the same as the one in our method. In addition,

DB index

8 1 1
74 \
6
54 d

Q

Q 4
3
2
1 - CICD —+ K-medoids —— K-means —— AC —— GMM -+ SC CFSFDP
1.00 0.98 095 0.93 0.90 0.88 0.85 0.83 0.80 0.78 0.75 0.73 0.70

Y
CICD is better than other algorithms in terms of DB,
especially when vy is larger
Fig.1 DB index on dataport
VCN index
gg ®- CICD — K-medoids ——K-means ——AC ——GMM + SC CFSF_DP
0.7 o o o
0.6
03] oma Lot PR T emrreannes
0.2 e 28 N
LS . ,,.'._.,f.;t‘&xf . I e et s = =~ oo e

0.1 _"'I.:‘X» 'ft'*an -n‘;"““’” """"

1.00 0.98 0.95 0.93 0.90 0.88 0.85 0.83 0.80 0.78 0.75 0.73 0.70
¥

CICD is better than other algorithms (except SC) in terms of VCN
Fig.2 VCN index on dataport

0.7 COP index

0.6
0.5
8 0.4
S
03
0.2
0.1

B e Ter s itit
>

#-CICD — K-medoxds +K-means ——AC +GMM - SC

0
1.00 0.98 095093 090088 0.85 0.83 080 078 0.75 073 070
Y

CICD is better than other algorithms in terms of COP,

especially when vy is smaller

Fig.3 COP index on dataport

35 The average entropy of consumers

- CIDC K-medonds*K-mezms o AC - GMM —SC

CFSFDP

1 097509509250908750850825080775075072507
¥

The result of CICD has lower entropy than that of other algorithms
Fig.4 The average entropy of consumers on dataport

the cluster number increases with the decrease of 1y.

In general, the following phenomena are ob-
served.

(1) When the cluster number is the same as the
one of other clustering methods, the results of CICD
have smaller DB and COP, and higher VCN respective-
ly. It means that the CICD outperforms other clustering
methods in general.

(2) With the change of v (or cluster number) ,
the DB, COP, and VCN of the CICD are more stable
compared with the corresponding values of the other
clustering methods, especially for the value of DB,
COP and VCN. It means that the cluster number has
less influence on the CICD.

(3) Compared with the other clustering methods,
only the CICD obtains the best performance in DB,
COP and VCN when the v is relatively large (or cluster
It means that the CICD
has excellent performance when the cluster number is
small, and the CICD tends to cluster the LC into a
small number of cluster.

number is relatively small).

Except for the phenomena above, it is observed
that the value of DB of CICD is significantly smaller
than the values of other clustering methods and the val-
ue of VCN of CICD is significantly higher than these
values of other clustering methods when the 7y is rela-
tively large (or cluster number is relatively small).

means that compared with other clustering methods the
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CICD has significant advantages when the v is relative-
ly large (or cluster number is relatively small). Be-
sides, the VCN of the SC is significantly higher than
the values of other clustering methods when y <0. 87
(or cluster number is larger than 190) as shown in
Fig.2. However, researchers are more concerned
about the performance of the clustering method when
the vy is relatively large (or cluster number is relatively
small). As when the y >0. 87 (or cluster number is
smaller than 190) the VCN of CICD is higher than the
values of other clustering methods. It is concluded that
the CICD has significant advantages compared with oth-
er clustering methods.

Furthermore , as shown in Table 1, compared with
the other clustering methods, CICD has obtained the
best mean value of cluster validity indexes except VCN
(the mean value of CICD in second place). Compared
with the K-medoids recently proposed, CICD has a huge
improvement. The minimum improvement is 36.45%
in DB and the maximum improvement is 184. 13% in
VCN. Compared with SC clustering method which
works on graph (or network ), though the value of
VCN of CICD is smaller than the one of SC, the DB,

and COP have significant improvement.

Table 1  The statistics of the mean cluster validity indexes
of the clustering results on Dataport

DB VCN corP entropy
CICD 2.2569 0.3347 0.2350 1.0235
K-medoids 3.5513 0.1178 0.4400 2.6156
K-means 2.7142  0.2564 0.4307 2.4703
AC 3.1158  0.1994  0.4648 2.4122
GMM 5.0560 0.2327 0.4919 2.1346
SG 3.4198 0.4466 0.3758 2.6729
CFSFDP 4.4449  0.0881  0.4026  2.5588
Improvement
from K-medoids  36.45% 184.13% 46.59% 60.87%
to CICD
Improvement 3 G0, _25.06% 37.47%  38.29%

from SC to CICD

For the CBT dataset, Fig.5 —7 and Table 2 show
the clustering results of the CICD and other clustering
methods. Similar to the results on Dataport, it is evi-
dent to be observed that the performance of CICD is su-
perior to the other clustering methods with the metrics
of DB, COP, and VCN. What’ s more, it is also ob-
served that the performance of the CICD on CBT is
more excellent than the one on Dataport. For example,
the improvement from K-medoids to CICD on CBT is
66.03% , 404.68% , and 44.86% with the metrics of
DB, VCN, and COP respectively. The improvement from

7 DB index
6
s
4
-
M 3
21
1
0
1 095 09 085 08)/ 0.75 07 065 0A6
CICD is better than other algorithms in terms of DB,
especially when vy is larger
Fig.5 DB Index on CBT
1 VCN index
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CICD is better than other algorithms in terms of VCN

Fig.6 VCN Index on CBT
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Table 2 The statistics of the mean cluster validity indexes
of the clustering results on CBT

DB VCN coP entropy

CICD 1.1641 0.8302 0.1970 1.3387

K-medoids 3.4271  0.1645 0.3573  2.7975

K-means 2.2606  0.2337  0.4028  2.8055

AC 2.6051  0.2104 0.3690  2.8259

GMM 5.2864  0.0858  0.4000  2.7225

SG 2.4653  0.2347 0.3716  2.9403

CFSFDP 3.9664  0.0877  0.3579  2.7370
Improvement

from K-medoids 66.03% 404.68% 44.86% 52.15%

to CICD

Improvement

from SC to CICD 52.78% 846.65% 46.99% 54.47%
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K-medoids to CICD on Dataport is 36.45% , 184.13% ,
and 46. 59% with the metrics of DB, VCN, and COP
respectively.

In addition, classifying consumers into stable rep-
resentative groups is helpful to understand and predict
individual energy consumption patterns according to the
recent study'”'. Thus, the stability of the consumer needs
to be investigated when the LC of the consumer are as-
signed into different clusters by the clustering method.

The entropy of consumers decreases as the stability
of consumers increases. It is observed that the entropy
of the CICD is significantly lower than the entropy of
the other clustering method as shown in Fig.4 and
Fig. 8. Besides, as shown in Tables 1 and 2, the mean
value of entropy of CICD is less than 50% of the entro-
py of other clustering methods. It means that the CICD
is able to classify the consumer into representative
groups in a much more stable manner according to the
assignment of consumer LC.

4 The average entropy of consumers
35 v
3 T
£ 2
s
et g 0 g
1
0.5 #- CICD —+ K-medoids —— K-means

I O O vinsvnramires
1 095 09 085 08 075 07 065 06
Y
The result of CICD has lower entropy than that of other algorithms
Fig.8 The average entropy of consumers on CBT

It is concluded that CICD outperforms other clus-
tering methods according to CVIs ( DB, VCN, and
COP) , though the SC outperforms CICD in VCN when
cluster number is larger than 190 on Dataport. Be-
sides, CICD is able to classify the consumers into more
stable groups that is helpful to understand and predict
individual energy consumption patterns.

4.2 The extraction of cluster center

The center of the LC cluster is usually considered
as the CP of the customer, and researchers are able to
understand the electricity consumption behavior of the
customer according to the CP. As shown in Fig. 9, it is
observed that every LC in the cluster has very violent
fluctuation all the time. However, as shown in Fig. 10,
the center extracted by the traditional averaging method
is smoother than the one extracted by the DTW Bary-
center averaging. It means that the fluctuation of the
LC in the cluster is hardly preserved by the traditional
averaging method, and inversely easily preserved by
the DTW Barycenter averaging. In addition, the elec-

tricity consumption pattern preserved by DTW Barycen-
ter averaging is more precise than the one preserved by
the traditional averaging method. For example, it is
observed that near the time 38 there is a short con-
sumption peak period in cluster #1. However, the cen-
ter extracted by the traditional averaging method con-
tains 2 small consumption peak periods near the time
38 instead of a large peak period. The reason may be
that the consumption peaks of different LCs are short
and not simultaneous. Inversely, the center extracted
by the DTW Barycenter averaging preserved the con-
sumption peak period near the time 38. It is concluded
that the DTW Barycenter averaging outperforms the tra-

ditional averaging method.
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Fig.9 A cluster of LC
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Fig. 10 The centers extracted from LC cluster
5 Conclusion

An integrated framework CICD is proposed to per-
form load curve clustering. The method is incorporated
with community detection to improve the performance
of LC clustering, which includes network construction,
community detection, and CP extraction. With metrics
of four cluster validity indexes ( Davies-Bouldin index,
VCN index, COP index and entropy), our method is
validated to be effective, outperforming the other clus-
tering methods. With the four metrics above, the clus-
ter number has less influence on the CICD, and the
CICD tends to classify the LC into fewer clusters. In
addition, the center extracted by CICD significantly
outperforms the traditional averaging method. Thus,
CICD is able to help us obtain a better understanding
of the consumption behaviors of customers.
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