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Abstract— The electricity consumption profile represents
the occupant's behavior in consuming electricity. It provides
valuable information in the energy management system. This
paper presents a work for clustering electricity consumption
using the K-means clustering technique. Instead of a whole
building, our approach deals with grouping the electricity
consumption in each room, namely the Automation
Laboratory and Department Office of the Electrical
Engineering Department of ITN Malang. The electricity
dataset is obtained from the IoT data of the Building
Automation System (BAS) installed in the rooms, which
records each room's lamps and outlet consumption separately.
The clustering results show that individual rooms' load profile
provides a more detailed profile than the aggregated ones.
Further, the developed IoT-based BAS system offers a valuable
approach to electricity consumption clustering.

Keywords—  Electricity K-means
clustering, Load profile;

consumption, IoT,

I. INTRODUCTION

Electricity consumption clustering is a method to group
the electricity consumption data according to a similar
pattern. It can be applied to consumer segmentation,
implementation of tariff policy, load anomaly detection, load
forecasting, and demand side management [1]. The
electricity clustering can be used for consumer segmentation
based on the peak demand profiles [2]. Based on the load
profiles, the policymaker can design the demand response for
maintaining the power system stability and the different time
of use tariffs [3]. The anomaly detection of energy
consumption can be used to improve energy saving [4]. Even
though the common method for load prediction uses the
electricity consumption of a building [5],[6], the energy
consumption prediction based on each group from the
clustering technique may improve the prediction
performance [7]. Load prediction can also be developed
based on combining the energy consumption pattern and user
behavior model [8].

Five major clustering techniques used for electricity
consumption clustering are [9]: K-means, fuzzy c-mean,
hierarchical, self-organizing map (SOM), and model-based
approach. The K-means clustering is the most popular
among them.
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The application of electricity consumption clustering can
be divided into residential buildings [3],[10]-{19] and non-
residential buildings [19]-[23]. In [10], a load estimation was
developed based on K-means clustering, where the data were
collected from the smart metering of domestic consumers. In
[11], electricity consumption at home was analyzed using K-
means clustering from the University of California Irvine
Machine Learning Dataset Repository [24]. Six load patterns
of residential houses: energy consumption in the morning,
energy saving in the morning, M-pattern (similar energy
consumption in the morning and evening), morning
concentrated energy consumption, evening concentrated
energy consumption, and large energy consumption at
daybreak, were found by K-means clustering [12].

In [16], K-means clustering was used to group the
household consumption obtained from the London Data
Store energy consumption dataset. It found three clusters,
where two had a similar pattern of low consumption in the
morning, then increased in the afternoon and evening, and
the third cluster had the highest consumption in all periods.
In [17], at first, K-means was used to find a similar pattern of
load consumption, and then deep learning was used to
forecast the load consumption in each resident. The work in
[18] concluded that load forecasting based on clustering was
better than without clustering.

In [19], K-means clustering was used to group the
electricity consumption in the residential and commercial
buildings. The dataset was obtained from the Meter Reader
Billing Statement System of Sultan Kudarat Electric
Cooperative, Inc. (SUKELCO), Philippines. The Elbow
method was employed to find the best number of clusters.
The three clusters were found to be the best number of
clusters for residential and commercial electricity
consumption. The three clusters were the low, medium, and
high average electricity consumption.

In [20], K-means clustering was used to group the
electricity consumption in three different buildings of Chubu
University: science, non-science, and office buildings. Then
the energy consumption was analyzed based on human
activities and air-conditioning. A method to select the better
initial centroids was proposed in [21] to improve the K-
means performance. In [22], the load profiles of Kimmeria
Campus of Democritus University of Thrace was analysed
using K-means++ clustering. Several clustering techniques
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such as K-means, K-shape, partition around medoid, and
hierarchical agglomerative algorithms were compared to
cluster the electricity load of the buildings [23]. The
experimental results showed that K-means clustering
achieved the best performance.

Most works described previously deal with the electricity
consumption clustering of residential and non-residential
buildings, where the load data are collected from the smart
metering. In this paper, instead of a whole building, we deal
with the clustering of electricity consumption in the rooms of
a building. More specifically, in the laboratory and
department office rooms of the Electrical Engineering
Department, National Institute of Technology (ITN) Malang,
Indonesia. To the best of our knowledge, there is no such
work dealing with load clustering in the rooms of a building.
The availability of Internet of Things (IoT) data on electricity
consumption in the department building room supports our
approach effectively.

The main objectives of our work are conducting the
energy consumption clustering at a micro level, i.e., based on
the energy consumption of the rooms at the university
building. More detailed information can be obtained by
clustering and analyzing the load profile of each room.
Thanks to the IoT technology that provides the electricity
consumption data of each room. Further, this approach can
be incorporated with the embedded Artificial Intelligent (AI)
for better energy management in the building.

The rest of paper is organized as follows. Section 2
describes the methodology of our work. Section 3 presents
the result and discussions. Finally, conclusion is covered in
Section 4.

II. METHODOLOGY

A. Overview of Building Automation System using IoT in
Electrical Engineering Department Building

The Building Automation System (BAS) in the Electrical
Engineering Department Building of the National Institute of
Technology Malang was developed in 2005, and several
rooms were upgraded using IoT technology in early 2023.
Currently, the upgraded IoT-based BAS comprises of the
Postgraduate Department, Automation Laboratory, Robotics,
Undergraduate  Department  Head, Secretary, and
Administration rooms. The architecture of the IoT system for
measuring electricity consumption is depicted in Fig. 1. In
this work, for simplicity, we only consider the electricity
consumption in the Automation Laboratory and Department
Office rooms. As shown in the figure, the PZEM-004T low-
cost power sensor is used to measure the power consumption
of the lamp and outlet. Since the PZEM-004T has the
Modbus RTU protocol, a Modbus RTU to WiFi converter
(Elfin-EW11) is employed to convert the Modbus RTU to
Modbus TCP, which is transmitted via WiFi communication.

The Haiwell IoT Cloud HMI is the master unit that
requests the data from the power sensors, displays, and stores
the data on the memory. Then the data can be exported to a
CSV file for further analysis. The dashboard of IoT-based
BAS is illustrated in Fig. 2, where the current
implementation system is shown in the right part. The
Haiwell IoT Cloud HMI is connected to the cloud server;

Department Office
Room

Lamps | Outlets

Power sensors

Automation Laboratory
Room

Lamps | Outlets

Power sensors

PZEM-004T PZEM-004T
Modbus RTU to Modbus RTU to
WiFi converter WiFi converter
Elfin-EW11 Elfin-EW11
L o
= S

Haiwell IoT|{Cloud HMI

i

Haiwell cloud server

Smartphone Computer

Fig. 1. Architecture of IoT-based electricity consumption measurement.
thus, the dashboard can be accessed using a web browser on
a computer or an Android application on a smartphone.

B. Electrical Consumption Clustering using K-means
Algorithm

K-means clustering is a popular algorithm for grouping
data into a defined number of clusters. The algorithm is as
follows [10][17]:

1. Specify the number of clusters K,
2. Initialize the K cluster centers randomly,

3. Assign each data to the closed cluster center using the
following formula:

Vi=12,.,n:cy :{1 k :argminj"xl« _’u-/"§ (1)
0 otherwise

where 7 is the number of dataset; /=1,2,...,K; x; is the
i™ data sample; g is the cluster center of /% cluster,

4. Update each cluster center using the following
formula:

Vk=12,..K :pt = izxi )

my ieSy
where Sy is set of data samples which are assigned to
k™ cluster; my is the number of data samples in Sy,

5. Repeat Step-3 to Step-4 until no cluster members are
assigned to the new clusters.

435

Authorized licensed use limited to: Universitas Brawijaya. Downloaded on February 08,2024 at 10:43:35 UTC from IEEE Xplore. Restrictions apply.



2023 IEEE International Conference on Communication, Networks and Satellite (COMNETSAT)

Detil Daya

88888.8W

REL52 )1 Otomasi J{
K.Prodi 52 K. Robot

Fig. 2. Dashboard of IoT-based BAS.

In this work, K-means clustering is used to find a daily
profile of electricity consumption in the rooms, namely the
laboratory and department office rooms. These rooms are
selected due to their different characteristics as follows. The
laboratory room has two main activities: the laboratory head
activity and the laboratory assistant activity. Meanwhile, the
department room comprises the department head, secretary,
and administration staff with the same activity time.

The K-means clustering is implemented on a Python
language using sci-kit learn [25], a machine learning library
for Python. Further, the Matplotlib library is used for
visualization the dataset and clustering results.

C. Electricity Consumption Data Collection

In this work, we used the dataset from the IoT data
described previously. The data is recorded from 25/5/2023 to
2/7/2023 with a time interval of 5 minutes. The data structure
is listed in Table I. In the Automation Laboratory, the lamp
power consumption comprises the consumption of lamps in
the head of the laboratory room and experiments and
laboratory assistant rooms. The outlet power consumption
comprises personal computers, a printer, an LCD projector,
and laboratory instruments. In the Department Office, the
lamp power consumption comprises the consumption of
lamps in the head of the department room, the secretary of the
department room, and the administration staff of the
department room.

Kontrol Lampu

ab. Otomasi

- €Ty TR

The outlet power consumption comprises personal computers,
printers, LCD projectors, a refrigerator, and a water heater
(coffee maker).

III.  RESULT AND DISCUSSIONS

The K-Means clustering technique requires a pre-defined
number of clusters. In this work, we find the optimal number
of clusters by selecting the best number from the numbers
obtained by the elbow method of the silhouette scores and
inertia. Fig. 3 and Fig. 4 show the silhouette scores and inertia
of the lamp consumption profiles in the Automation
Laboratory room, respectively. The number of clusters of the
elbow methods and the selected ones are listed in Table II.
Table II shows that most clusters' numbers obtained by the
silhouette and inertia method are the same. In the cases of
different numbers, we select the lowest one, representing the
more realistic pattern.

The K-means clustering results of the datasets described
in Section 2 are depicted in Figs. 5 to 13. The figures plot
daily electricity consumption profiles from 00:00 h to 23:00
h.
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Fig. 3. The number of clusters using silhoutte score of the lamp

consumption profiles in the Automation Laboratory room.
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Fig. 4. The number of clusters using inertia of the lamp consumption
profiles in the Automation Laboratory room .

In the figures, thin solid lines represent the raw load data,
while the tick dashed lines are the profiles of the K-means
clustering results. It is worth noting that in each figure, the
number of clusters is given in Table II.

In order to have a better understanding for analyzing the
load profile, some characteristics of the building rooms and
occupant behaviors are observed as follows:

1. The lamp in the room should be turned on when the
occupant stays there, regardless the time (daytime or
nighttime),

2. There is no occupancy sensor yet. Thus in some
conditions, the lamp is not turned off when the
occupant leaves the room,

3. In a particular condition, overtime occurs at night or
during Saturday and Sunday,

4. Several loads, such as network switch, BAS control
unit, and refrigerator, are always turned on.

Fig. 5, 6, and 7 illustrate the electricity consumption
profiles of the lamp, outlet, and total lamp and outlet in the
Automation Laboratory room, respectively. Fig. 5 shows
three clusters of the lamp consumption profiles in the
Automation Laboratory. The first cluster is the profile with
zero power during the whole day. It happens during holidays
(Saturday and Sunday), with no Laboratory activities. The
second cluster is the profile when the lamp power increases in
the morning and decreases in the afternoon. Number of
Clusters

TABLEII. NUMBER OF CLUSTERS
Number of Clusters
No Load Profile Elbow Method
Selected
Silhouette| Inertia
1. |Automation Laboratory - Lamp 3 3 3
2. |Automation Laboratory - Outlet 6 4 4
Automation Laboratory - Lamp and
3. 3 3 3
Outlet
4. Department Office - Lamp 7 3 3
5. [Department Office - Outlet 3 3 3
6. Department Office - Lamp and Outlet 6 4 4
7 Automation Laboratory and 3 3 3
" |Department Office - Lamp
3 Automation Laboratory and 5 4 4
" |Department Office - Outlet
9 Automation Laboratory and 3 3 3
" |Department Office - Lamp and Outlet
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Fig. 5. Lamp consumption profiles in Automation Laboratory room.

It represents the electricity consumption on regular
working days. The third cluster is the profile when there is an
overtime activity during the holiday, and the laboratory
assistants leave the room in the early morning.

Fig. 6 shows four clusters of the outlet consumption
profiles in the Automation Laboratory. The first cluster is the
profile with low power consumption throughout the day. It is
consumed by the network switch and BAS control unit. The
second and third clusters are the profiles when the outlet
powers increase in the morning and decrease in the afternoon.
In the second cluster, the laboratory activity in the afternoon
(15:00 h) produces the peak consumption. The third cluster
shows the overtime work at night. The fourth cluster is the
profile when there is an overtime activity, where the
laboratory assistants stay in the room at night.

Fig. 7 shows three clusters of the lamp and outlet
consumption profiles in the Automation Laboratory. It is
similar to Fig. 5 (lamp profile). This result shows that lamp
consumption dominates the daily load profile.

Daily Load Profiles in Automation Laboratory Room - Outlet
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Fig. 6. Outlet consumption profiles in Automation Laboratory room.
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Fig. 7. Lamp and outlet consumption profiles in Automation Laboratory
room.
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Fig. 8. Lamp consumption profiles in Department Office room.

Fig. 8, 9, and 10 illustrate the electricity consumption
profiles of the lamp, outlet, and total lamp and outlet in the
Department Office room, respectively. Fig. 8 shows three
clusters of the lamp consumption profiles. The first cluster is
similar to the Automation Laboratory room, i.e., the profile
has zero power during the whole day on Saturday and
Sunday. The second and third clusters represent the low and
high load profiles, respectively. The department staff do not
stay in their rooms simultaneously in the low load profile. For
instance, when the head and secretary of the department go
out for a meeting or teaching. In the high load profile, all
department staff have the activities in their rooms.

Fig. 9 shows three clusters of the outlet consumption
profiles in the Department Office. The first cluster is the
refrigerator power consumption profile, which consumed the
whole day, including Saturday and Sunday. The second
cluster is the load profile of the regular activity in the working
days, such as using personal computers, a scanner, and
printers. The third cluster represents the load profile of using
the coffee maker and LCD projectors.

Fig. 10 shows four clusters of the lamp and outlet
consumption profiles in the Department Office. The first
cluster corresponds to the first cluster in Fig. 9, i.e., the load
profile of the whole day load. The second and third clusters
are almost similar in terms of the amount of power
consumption. They differ in the time usage, where the second
cluster corresponds to the second cluster in Fig. 8, and the
third cluster corresponds to the third cluster in Fig. 8. The
fourth cluster corresponds to the high consumption of the
third cluster in Fig. 8.

Figs. 11, 12, and 13 illustrate the electricity consumption
profiles of the lamp, outlet, and total lamp and outlet in the
Automation Laboratory and Department Office rooms,
respectively.
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Fig. 9. Outlet consumption profiles in Department Office room.
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Fig. 10. Lamp and outlet consumption profiles in Department Office room.

Fig. 11 shows three clusters of the lamp consumption
profiles. The first cluster corresponds with the first cluster in
Figs. 5 and 8, representing zero power during the holidays.
The second cluster corresponds with the third cluster in Fig.
5, which represents the overtime activity in the Automation
Laboratory. The third cluster represents the load profile of the
regular activities in the Automation Laboratory and
Department Staff rooms.

Fig. 12 shows four clusters of outlet consumption profiles
in the Automation Laboratory and Department Office rooms.
The first cluster represents the whole day's power
consumption profile, such as a refrigerator, network switches,
and BAS control unit. The second and third clusters
correspond with the combination of regular power
consumption in the Automation Laboratory and Department
Office, where the second cluster represents the overtime
activity at night. The fourth cluster corresponds with the third
cluster in Fig. 9, representing the coffee maker's and LCD
projectors' usage.

Fig. 13 shows three clusters of the lamp and outlet
consumption profiles in the Department Office. The first
cluster corresponds to the first cluster in Fig. 12. The second
cluster corresponds with the load profile during overtime
activities. The third cluster represents the profile of the
regular activities.

From the above discussions, we have several findings as
follows:

1. By clustering the lamp and outlet power consumptions
in each room separately, we get more valuable
information about the load profiles in detail,

2. Due to the different behavior of the occupants’
activities, clustering the load profile in each room
provides a better understanding of the electricity
consumption,
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Fig. 11. Lamp consumption profiles in Automation Laboratory and

Department Office rooms.
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Fig. 12. Outlet consumption profiles in Automation Laboratory and
Department Office rooms.
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Fig. 13. Lamp and outlet consumption profiles in Automation Laboratory
and Department Office rooms.

3. The optimal cluster numbers obtained in the
aggregated loads (e.g., aggregation of the lamp and
outlet or aggregation of the Automation Laboratory
and Department Office) are lower than the individual
ones. It suggests that several profiles cannot be
clustered in the aggregated loads.

Table III compares our method to the existing systems,
especially those that use K-means to cluster electricity
consumption in commercial or university buildings. The table
shows that our proposed approach provides several benefits,
such as dealing with the detailed analysis of energy
consumption in each room of a university building and
adopting IoT technology to support the dataset.

TABLE III. COMPARISON TO EXISTING SYSTEMS
Ref. Clustering Dataset Cluster analysis
scope
Commercial Meter reading Average electricity
[19] buildings in a billing — Electric consumption of
province company buildings
Energy Energy pattern in
[201], University consumption three different
[21] buildings sensors in the buildings in the
buildings university
University Smart metering Electrlglty
[26] g consumption of
buildings systems
the campus
Telecommuni Grouping
(23] cation Smart meter ac.co.rdlng the
company building usage
buildings categories
loT-based Energy pattern in
University Building £y patt
Proposed S : each room in the
building Automation . . g
university building
System

baily Load A2 IEEE INternational Gonference,on Communication, Networks and IS\Elxtelliée (COMNETSAT)

ONCLUSION

The electricity consumption in the Automation Laboratory
and Department Office of Electrical Engineering ITN Malang
was clustered using the K-means clustering, where the IoT-
based Building Automation System provided the dataset. The
load profiles of individual consumptions of the lamps, outlets,
and the room were investigated and compared to the
aggregation ones. The results suggested that the load profiles
of the aggregation approach did not reflect the occupants'
behavior in detail. In the future, the work will be extended to
cover the larger areas. Further, the sophisticated clustering
technique and related algorithms will be investigated.
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