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Abstract

The energy demand in the building sector accounts for more than 30% of the total energy use
and more than 55% of the global electricity demand. The energy demand of the building
sector is increasing rapidly, driven by the improved access to energy in developing countries,
greater ownership and use of energy-consuming devices, and rapid growth in building floor
area. Efforts to develop sustainable buildings are progressing but are still not keeping pace
with the growing building sector and the rising demand for energy.

Analyzing the energy use pattern of buildings and planning for energy conservation is
essential for the conservation of energy in buildings. In this research, we used K-means
clustering method for the analysis of energy consumption patterns in buildings. Initial
centroids in K-means clustering are chosen randomly so the clustering number changes every
time in the default process. To remove this instability, we selected the initial centroids using
a percentile method based on the empirical cumulative distribution. As a result, the initial
centroids were fixed irrespective of the number of trials. The result produced by this method
had better accuracy, and the internal cohesion and separation between the cluster were better
than the random initialization method. In comparing with the university schedule, six clusters
were found to be appropriate so, the whole one-year electricity consumption data were
classified into six clusters.

Knowing the energy consumption pattern of buildings is essential for the conservation of
energy in buildings. Thus in this research, we used the clustering method to classify the energy
consumption of university buildings into the base energy consumption, human activity factor
energy consumption and air-conditioning factor energy consumption. This classification
helps in deciding which factor of the building should be given priority for energy conservation.

On analyzing the buildings of Engineering department, Administrative buildings and
Business Administration department it was found that Engineering department has large base
energy consumption and the difference between the base energy of clusters were found high
whereas in the case of Administrative buildings and buildings of Business Administration
department base energy consumption was found small and the difference between the base
energy of cluster 1 and 6 was found very small. On analyzing the peak of peak days and the
base of peak days, it was found that the peak electricity consumption of buildings of Science
departments was found to increase with the increase in base electricity consumption whereas
in the case of buildings of non-science department no such relation was observed. Base energy
consumption reduction in the case of buildings of the engineering department was found
higher whereas, peak energy consumption reduction in the case of buildings of Administrative

Buildings and buildings of Business Administration department is found higher.
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Peak load reduction is also another important issue for the management of energy in
university buildings. In the year 2018, in the air-conditioning peak days, the electricity
consumption in the West Campus of Chubu University exceeded the contracted value of peak
demand. This encouraged us for the development of the forecasting method which produce
better forecasting result than the existing methods. In this paper, we proposed a hybrid model,
a combination of clustering and ARIMA model for the electricity load forecasting in the
university buildings. The novel approach discussed in this paper includes clustering one whole
year data including the forecasting day using the K-means clustering method and using the
clustering result for forecasting the electricity load in the buildings. The combination of
clustering and the ARIMA model has proved to increase the performance of forecasting rather
than the ARIMA model alone. Forecasting electricity load with appreciable accuracy several
hours before peak hours can provide the management authorities with sufficient time for
making a strategy for peak load reduction. This method can also be implemented in the
demand response for reducing the electricity bills by avoiding electricity usage during the high
electricity rate hours. As the application of the forecasting model, we developed a visualization
platform using Shiny App. Using Shiny we can interactively analyze the energy consumption
of the desired building of the university in the form of trend graph, heatmap, cluster centers
and calendar plot of the clustering result and the forecasting result. Viewing interactively the
forecasted value of electricity consumption of different buildings using web-based server such
as AWS by the energy conservation group members and sending a request mail to act for the
peak load reduction depending on the status of the forecasted value is believed to help in the

peak load reduction in university buildings.
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Outline

Chapter 1

This chapter is mainly the introduction related to energy. Present energy status of the world
and Japan, as well as the energy-related challenges, has been discussed. The efforts taken by
Chubu University for energy conservation has been discussed. The reason for using the

clustering method for electricity consumption analysis has been explained.

Chapter 2

This chapter explains the various types of clustering algorithms. The literature review section
explains about different works done in the field of clustering and cluster center initialization.
Method for the detection of outliers and their imputation method is explained. The proposed
method for the determination of better initial centroid is discussed. It is shown that the
accuracy of classification using the proposed method is better than the random initialization
method and this method can solve the problem of empty clusters. Considering the presence
or absence of air-conditioning, presence or absence of lectures, energy consumption on
Saturdays and peak energy consumption, six clusters in the case of Chubu University is found

to be appropriate.

Chapter 3

This chapter is the application part of the proposed method explained in chapter 2. Using
proposed K-means clustering the electricity consumption data of the whole university as well
as departments are divided into six clusters and their cluster centers and calendar plot is drawn.
Based on the university schedule, and from the difference of the energy of the clusters, the
energy consumption by factor is calculated which includes base energy consumption, human
activity factor energy consumption and air-conditioning factor energy consumption. The
accuracy of classification is compared with the actual measurement at the building no.52 of
College of Life and Health Sciences. As a result, energy consumption by factor using K-means
clustering was found similar to the actual measurement. The energy consumption pattern of
offices, departmental stores, hotels, and hospitals is described. The energy consumption of
three different buildings belonging to the College of Engineering, College of Business and
Administrative building is analyzed and the relationship between their base and the peak
energy consumption is analyzed. The annual change in energy consumption pattern of gas
air-conditioning usage building and electricity air-conditioning usage building is studied and

the effect of EPH renewal on the peak energy consumption is analyzed
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Chapter 4

This chapter is related to electricity load forecasting in university buildings. We proposed a
method, a hybrid model of clustering and the ARIMA model that produces better forecasting
than the existing forecasting models. Electricity consumption data of the East campus of
Chubu University is taken as the target for the analysis. To make the selection of parameters
(p, d, @) of the ARIMA model automatic, auto.arima function of R programming language is
used. Clustering of one whole year data including the forecasting day from 6 to 9 AM is done
and the result of the clustering is used in the ARIMA model to produce a 24 hour ahead
forecasting. The performance of forecasting was calculated using RMSE, MAPE, and MAE.
Forecasting of electricity load data from 1% April 2018 to 31t March 2019 was done and the
average value of MAPE, RMSE and MAE is calculated. The forecasting result using the
proposed hybrid model was found to be more accurate than the ARIMA model.

Chapter 5

This chapter is related to data analysis and visualization using Shiny App. Shiny is an R
package that makes it easy to build interactive web-based apps straight from R. Using Shiny,
the result of the analyzed data can be viewed in the form of the line graph, heatmap, cluster
centers, and calendar plot. Once the data is deployed into the web-based server such as AWS,
real-time forecasting of the analyzed result can be viewed and real time comparison between
the actual and forecasted value can be done. Shiny App can be used for energy conservation

in university buildings.

Chapter 6

This chapter is the conclusion of this thesis.
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Chapter 1

Introduction

1.1 World energy

Present time the world has two major energy related challenges. One of the major challenge
is to meet the rising energy demand of the world and the next is the reduction of carbon
emission from the fossil fuels. The center of gravity of the energy demand is shifting, with the
expanding middle class in Asia accounting for much of the growth in the global GDP.
Meanwhile, the way in which the energy is being consumed is changing in real time, as the
world electrifies and energy increasingly becomes part of broader service that are bought and
sold in even more competitive and effective digital markets.

According to 2018 report [1] in 2018 global energy demand and carbon emission use
grew at their fastest rate since 2010/11, moving even further away from the accelerated
transition envisaged by the Paris climate goals. The report stated that much of the rise in
energy growth was due to the increased demand for cooling and heating due to weather related
effects. China, the United States and India together accounted for almost 70% of the total
increase in demand. Due to rise in fossil fuel consumption, global energy related carbon
dioxide emissions grew an estimated 1.7% during the year [2].

One positive aspect of the world energy is that increasing invest in the renewables. Figure
1.1 shows that around 2/3 of investment in the recent years are in the renewable sector. Solar
and wind power are now the main stream option in the power sector, with an increasing
number of countries generating more than 20% of their electricity with solar and wind power.
But, current trends show that boulder policy decision are needed across all sector of energy
end-use to make our energy system sustainable [2].

100%
El Non-renewable share

Renewable share

50%

0%

Figure 1.1 Share of Renewables in Net Annual Additions of Power Generating Capacity, 2008-
2018. Figure adopted from [2].
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Figure 1.2 World electricity generation by fuel (left) and Share of net electricity generation
by fuel (right). Figure adopted from [3].
Figure 1.2 show that despite of rise in renewable energy and decrease in the dependence in

fossil fuels, fossil fuels will still constitute about 50% of the energy market until 2040.

1.2 Energy scenario of Japan

Up until 2011, Japan was generating about 30% of electricity from nuclear power and this was
expected to increase to at least 40% by 2017. The plan is now for at least 20% by 2030, form
a depleted fleet. Recent Japan needs to imports about 90% of its energy requirement.
Currently 37 reactors are operable. The first two restarted in August and October 2015, with
a further seven having restarted. 17 reactors are currently in the process of restart approval

[4].
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Figure 1.3(a): Status of Japans energy scenario from the year 2000 to 2015.
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Figure 1.3 (a) states Japan's total energy consumption, from 2000-2015 and figure 1.3 (b) is
the pie-chart showing energy consumption of 2015. Figure adopted from [5]

1.3 Building Energy consumption

The energy demand of the building sector accounts for more than 30% of the total energy
consumption and more than 55% of the global electricity demand. Efforts to develop
sustainable buildings are progressing but are still not keeping pace with the increasing size of
the building sector and the rising demand for energy. Energy demand from buildings and
building construction will continue to rise, driven by improved access to energy in developing
countries, greater ownership and use of energy-consuming devices, and rapid growth in global
building floor area, at nearly 3% per year [6].

Thus, to overcome the problem of energy crisis in the future due to the depletion of
fossil fuels and protect the environment from global warming due to excessive emissions of
CO2, transition from fossil fuels to renewable energy as well as energy conservation is equally
important. In this paper, we discuss methods that is connected with the energy conservation

in buildings using energy pattern analysis using clustering technique.

1.4 Effort taken by Chubu University for Energy conservation

Chubu University is a private university of Japan located in the Aichi prefecture. The
university consists of seven different departments. After East Japan earthquake most of the
power plants were shut down and Japan suddenly faced the problem of energy crisis. Since
then the awareness in Japanese government and public as well as private companies and

universities raised. In December 2015, Paris Climate Conference (COP21) took place where
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195 countries adopted the first-ever universally, legally binding global climate deal.
Japan made a commitment to reduce the domestic emission reduction by 26.0% by the year
2030 in comparison to 2013.
In 2010 the electricity consumption in Chubu university exceeded the demand electricity
load, followed by the request from government in 2011 for energy conservation, Chubu

university strengthened the energy conservation activities.
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Figure 1.4 Overview of different departments of Chubu University
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Figure 1.5 Amount of CO2 emissions from educational facilities (in Tokyo) and the position

of Chubu University in the year 2010. Figure adopted from [7]
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As shown in figure 1.5, In 2010 the CO; emission ratio of Chubu University was 70.7
kgCO2/m?/year, which is around the energy consumption of Science Universities of Japan.
To reduce the amount of energy consumption, a number of energy conservation
measures has been carried out. Chubu University introduced a system called BEMS, which
measures the electricity in every building of Chubu University, manages energy consumption
in each grid connected to the intra, and deliver power saving mails. One major contributor for
the energy conservation is the construction of smart grid as shown in figure 1.6. Micro grid
was constructed in the department of Life and Health Sciences. The grid consists of the
combination of solar energy plants of capacity 20 kW, cogeneration of capacity 144 kW and
storage batteries. The power saving part consists of “automatic control of lighting and air-
conditioning” and “power saving navigation”. Power saving navigation is a system used for
the energy conservation where mails related to the energy consumption status at the present
time and possible energy consumption status of the day based on the energy forecasting is
sent to the energy conservation related members of the university and requested for the
possible measures of energy consumption reduction. In the year 2012 there was a reduction
in electricity consumption by 115 kW which is 24.4% lesser than the last year, also 6.3% lower

carbon emission was achieved.
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Figure 1.6 Overview of power saving by smart grid system and power generation. Figure

adopted from [7].
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University in the real time. Figure adopted from [7].

The successful result in the College of Life and Health Science led to the expansion of
smart grid in the whole University. As shown in the figure 1.8, the University grid can be
divided into the East-Campus grid and the West-Campus grid. Smart BEMS is connected to
the university's energy metering system enabling centralized management of energy
consumption in each grid and delivering of power-saving mails. In the control system as
shown in figure 1.9, the energy forecast for faculties and Campus are calculated from weather
forecast and past result. The BEMS in the center of the figure calculates the power saving
target amount from the difference between the power management value and the predicted
value and performs automatic control of the air-conditioning and lighting and discharge
battery of the micro-grid and start the use of co-generation. At the same time, the facility
users are sent a power-saving email regarding the forecast of the power consumption as well
as request for power-saving for experimental research equipment and laboratory equipment

that does not rely on automatic control.
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Figure 1.9 The control system for smart grid. Figure adopted from [7].

The power consumption prediction of each facility grid and campus grid is calculated by
evaluating the weather forecast and the power consumption performance. In the department

level, when each power consumption reaches 90% of the power saving target value, the power
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saving mail is delivered in two stages, warning message and final alarm at 95% level of the
power saving target. The East and West campus grids manage their own consumption forecast
and the combined power consumption of each department grid. When it is predicted that the
target value will be exceeded, the above-mentioned power-saving mail is sent and automatic
control are executed to all the department grids for the power conservation. On the power
generation side, the discharge of stored electricity is done at the time of delivery of first alarm.
The amount of CO2 emission was reduced by 965 tons, 14% lower in 2011 comparison to
2016 and the reduction in the peak energy consumption was 11% (528 kW) in 2016 in

comparison to 2011.
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Figure 1.10 Amount of CO2 emissions from educational facilities (in Tokyo) and the position

of Chubu University in the year 2016. Figure adopted from [7]

Aa shown in the figure 1.10, CO, emission of 70.7 kgCO2/m2/year in the 2011 was reduced
to 50.8 kgCO2/m2/year in 2016. The achievement in the CO2 emission led to the shifting of

the position of Chubu University near to the non-science Universities of Japan.

1.5 The reason for using clustering method for electricity consumption analysis

Different measures for the reduction of energy consumption in Chubu University is stated in
[7]. As shown in the figure 1.11, to classify the electricity consumption of Chubu University
using smart BEMS, electricity consumption of whole university as well as the departments
were classified into seasons and New Year's Holiday (i.e. summer, winter, spring, autumn
and New Year's Holiday) representative weeks. From the representative weeks the base
energy consumption as well as the peak energy consumption were determined. But this is a
lengthy process and same week of each season may not represent the representative days for

each building.



In reference [8], it was found that the university calendar was matching with the
clustering result of the university. A method that classifies the energy consumption pattern of
the building by analyzing all the electricity consumption data of each day of the building is
essential and in this case, clustering technique comes to be handy. Thus in this research, we

use clustering method to classify the energy consumption pattern of the university.

hEAS Uy FRF O L—F1 > Bxvr > )R (R8hi)

2012-~201 680 (FH)

Figure 1.11 Classification of electricity consumption of different departments of Chubu

University based on the representative weeks. Figure adopted from [7].
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Chapter 2

Clustering and the proposed method

2.1 Clustering

Clustering is the process of partitioning data objects into groups, or clusters, so that the
objects within a cluster are similar to one another and dissimilar from the objects on other
clusters [9]. Cluster analysis is an unsupervised learning method that acts as a cornerstone in
intelligent data analysis processes. It is used for the exploration of relationship among a
collection of patterns by organizing them into homogeneous clusters [10]. Clustering has
variety of applications in different domains, visualization, optimization, finance,
manufacturing, and medical organizations [11]. Due to the improvement in the sensors, data
loggers, detection, and storing technology, and the remarkable progress in internet searches,
digital imaging, and video surveillance, an enormous amount of data are generated on a daily
basis. The rapid increase in both the volume and the types of data has necessitated the
development of methodologies that can automatically understand, process, and summarize
data. To deal with this problem, clustering technique are helpful. Clustering algorithm can be
categorized into partitional clustering, hierarchical clustering, density based clustering and
grid based clustering [12-14].

2.1.1 Partitional clustering

Given a set of n objects, a partitioning clustering constructs k partitions of the data, where
each partition represents a cluster and k < n. That is, it divides the data into k groups such
that each group must contain at least one object. In other words, partitioning methods
conduct one-level partitioning on data sets. The basic partitioning methods typically adopt
exclusive cluster separation. That is, each object must belong to exactly one group. Most
partitioning methods are distance-based. Given k, the number of partitions to construct, a
partitioning method creates an initial partitioning. It then uses an iterative relocation
technique that attempts to improve the partitioning by moving objects from one group to
another. The general criterion of a good partitioning is that objects in the same cluster are
“close” or related to each other, whereas objects in different clusters are “far apart” or very
different.

There are many types of partitioning algorithms; they are K-means, K-medoids, PAM
(Partioning Around Medoids) and CLARA (Clustering Large Applications).

10



2.1.2 Hierarchial clustering

A hierarchial clustering creates a hierarchial decomposition of the given set of objects. A
hierarchial clustering can be classified as being either agglomerative or divisive, based on how
the hierarchical decomposition is formed. The agglomerative approach, also called the
bottom-up approach, starts with each object forming a separate group. It successively merges
the objects or groups close to one another, until all of the groups are merged into one (the
topmost level of the hierarchy), or a termination condition holds. The divisive approach, also
called the top-down approach, starts with all the objects in the same cluster. In each successive
iteration, a cluster is split up into smaller clusters, until eventually each object is in one cluster,

or a termination condition holds.

2.1.3 Density Based Clustering
Density based clustering are devised to create arbitrary shaped clusters. In this approach, a
cluster is regarded as a region in which the density of data objects exceeds a threshold [15].
For example, for each data point within a given cluster, the neighborhood of a given radius
has to contain at least a minimum number of points. Such a method can be used to filter out
noise (outlier) and discover cluster of arbitrary shape.

Density based methods can divide a set of objects into multiple exclusive clusters, or a
hierarchy of clusters. Typically, density based methods consider exclusive clusters only, and
do not consider fuzzy clusters. Moreover, density-based methods can be extended from full

space to subspace clustering.

2.1.4 Grid based clustering

Grid-based algorithm defines a set of grid-cells, it assigns objects to the appropriate grid cell
and compute the density of each cell and eliminate cells, whose density is below a defined
threshold “t”. Form clusters from contiguous (adjacent) groups of dense cells (usually
minimizing a given objective function). Grid-based algorithm uses multiresolution grid data
structure. Clustering complexity depends on the number of populated grid cells and not on

the number of objects in the dataset. Some popular Grid Based clustering methods are: *
STING (STatistical INformation Grid approach) * CLIQUE (Clustering In QUEst)[16].

Among various clustering algorithm, K-means developed by MacQueen is most widely
used. In this paper, we use K-means algorithm, a famous partitional algorithm because it had
the ability to group large amount of data with computational time relatively fast and efficiently
[17]. The simplicity of K-means means that the algorithm has been adopted in many fields.

It is popular because it is able to quickly and efficiently cluster amount of data, including
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outliers. It remains a basic framework for developing numerical or conceptual clustering

through various possibilities of distance and prototype choices.

2.2 Literature review of clustering

Several attempts have been made to try and solve the cluster centroid initialization
problem. Amri et al. used K-means clustering to analyze the electricity use patterns of 370
clients collected from 2011 through 2014. Using a dimension reduction technique, whole data
were reduced to four attributes. Each attribute represented the sum of the values of the four
seasons: spring, summer, autumn, and winter. Then, the data were classified into five clusters
using K-means clustering. As a result, the highest and the lowest energy use in summer and
spring were determine [18]. Damayanti et al. used the K-harmonic clustering technique for
grouping a one-year electric load profile. One whole year of electrical use data were divided
into two clusters. An electrical load profile was generated for both clusters. The first cluster
pattern had an irregular load pattern dominated by holidays, whereas the second load profiles
described the burden on weekdays due to the higher load demand of offices and industries
[19]. Santamouris et al. used the intelligent fuzzy clustering technique to classify the energy
performance of school buildings. Five energy clusters for both the total and the heating energy
use were calculated. The clustering method was compared with the frequency rating
procedure. The fuzzy clustering technique was found to produce more robust classes and
classify the buildings according to existing similarities [20]. Arai and Barakbah proposed a
hierarchical method to optimize the initial centroids for the K-means algorithm. This
algorithm uses the clustering result of the K-means algorithm and then transforms all the
centroids of the clustering result by combining with the hierarchical algorithm to determine
the initial centroids for K-means. This method is better for complex clustering with large data
sets and many attributes. However, this method takes advantage of the K-means algorithm
for speed and precision [21]. Yedla et al. proposed a new method for finding better initial
centroids and provided an efficient process of assigning data points to suitable clusters with
reduced time complexity. In this method, the initial centroid is chosen by calculating the
distance of each data point from the origin, then the data points are sorted and divided into k
equal parts. Then, the middle point of each data point is taken as the initial centroid. This
method was found to produce better initial centroids and provides an efficient method of
assigning the data points to the suitable cluster [22]. Shakti and Thanamani proposed a
method Kernel Principal Component Analysis (KPCA) for reducing the time complexity and
improving the accuracy of K-means algorithm. For the dimension reduction technique,
principle component analysis (PCA) is used and KPCA is an extended form of PCA. The time
complexity of the K-means algorithm is high if a large dataset is used for clustering. Thus,

before applying the K-means algorithm, the dimensions of the data are reduced using KPCA.
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This method is able to overcome the problem of the K-means algorithm for high-dimensional
data [23]. Huang et al. proposed an automatic variable weighing method in the K-means
algorithm that can automatically estimate the variable weights. The variable weights created
by this approach estimate the significance of the variables in clustering and can be deployed
in variable selection in various data mining applications where large and complex real data are
often used. Identification and removal of insignificant variables according to the weight values
was found to improve the clustering result [24]. Fahim et al. proposed a method for enhancing
the performance of the K-means algorithm. In the original K-means algorithm, the distance
between each point and cluster centroid is calculated in each iteration so the computational
time is high. In this method, from the second iteration, distance is measured for only those
points whose distance increased, decreasing computation time. However, the initial centroids
are selected randomly so this method is sensitive to the initial centroid and also does not
produce a unique result [25]. Prahastono et al. explained various clustering techniques (e.g.,
hierarchical, K-means, fuzzy K-means, follow the leader, and fuzzy relation) and their
characteristics for the classification of customers and the generation of electric load profiles.
Each clustering algorithm has its own peculiarities, so selection of the clustering algorithm
depending on the data is essential [26]. Moliana-Solana et al. reviewed developments in
information technologies and their influence on building energy management. Various
aspects of data science for building energy management and techniques, like smart metering,
the Internet of Things, and cloud computing that have been applied or could be applied to
solve the energy problem, were discussed [27].

The literature summarized above proposed new methodologies for the selection of better
initial centroids; however, regarding the selection of initial centroids for time series energy
use data, little research has been conducted. The methodology used in this research for the
determination of better initial centroids for building electricity use data has two major
benefits: (1) the uncertainty of the K-means algorithm is removed because the results
produced by the proposed method are the same irrespective of the number of trials and (2)
the accuracy of proposed method is better than that of the K-means random initialization

method.

2.3 Outlier detection and imputation of missing values

An outlier is an observation that deviates from other observations to arouse suspicion that it
was generated by a different mechanism; it may also be a noisy observation that does not fit
the assumed model of the data [28]. Outliers commonly occur in building electricity use
measurements. The presence of an outlier in clustering data may lead to an inappropriate
result. If there are missing values in the clustering data, then clustering becomes impossible.

However, simply dropping the fixed number of values as outliers may inadvertently cause the
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loss of important observations. Thus, in this research, to detect the outliers, the data were
normalized to [0,1] using a min-max normalization technique. Outliers present in the data
used in this research contain some extreme values thus, Tukey’s method, which uses quartiles
for the detection of outliers, was preferred in this research. Normalization of the data using
the min-max normalization technique was performed as shown in Equation (1):

X—=Xpmi
X = X _n;m_ (x'max - x'min) + X' min (€8]
max min

where x4, and x,,;, are the original maximum and minimum values of x, respectively. By
using min-max normalization, the original values (x) are transformed to x* in the range
(% i, ] = [0,1].

Tukey’s method [29] is less sensitive to extreme values because it uses quartiles that are
resistant to extreme values. The interquartile range (IQR) is the distance between the lower
(Q1) and upper (Q3) quartiles. The inner fence = [Q1 — 1.5 IQR, Q3 + 1.5 IQR], and the
outer fence = [Q1 — 3 IQR, Q3 + 3 IQR]. The values that lie beyond the inner and outer
fences are considered possible outliers, whereas the extreme values that lie beyond the outer
fence are considered probable outliers. The data used in this research contained some extreme
values compared to remaining data; as a result, not all were detected by inner fence so the
outer fence was used for outlier detection. The outliers beyond the outer fence were converted
into not available (NA) values. Then, the NA values were imputed with appropriate values
using linear interpolation using the zoo package of R programming language.

Figure 2.1 depicts a boxplot with outliers. Due to the presence of extreme values, the box
plot is in the form of a line. Figure 2.2 depicts the boxplot after outlier removal using Tukey’s
method. Some values are seen above the inner fence, which are not outliers but actual values

that occur in electricity use data during summer and winter air-conditioning peak days.
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Figure 2.1 Boxplot with outliers.
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2.4 Overview of K-Means Clustering Algorithm

K-means uses Euclidean distance formula to find the correlation between two objects:

dist (x,y) = /S0 =70 @
where x; and y; are the attributes of a given object, and 7varies from 1 to n.
Initial centroids are determined randomly using K-means clustering. The steps taken are as
follows:
1) Determine the desired value of k, where the value of k is the number of the desired clusters.
ii) Determine the initial centroids. The initial centroid is assigned randomly from the existing
data, and the number of clusters is equal to the number of initial centroids.
iii) Find the nearest centroid of each data point by calculating the distance to each centroid
using the Euclidean distance formula.
iv) Group the data by minimum distance. A data point will be part of a cluster if it has the
closest distance from its cluster center.
v) Find new centroids based on the average of the data for each cluster.
vi) Return to step (iii).
vii) Stop if there are no data changes in the cluster assignment.
The data used in this research were a time series of building electricity data, and the shape
of the input vectors had features that were arranged by time. Time series data are commonly
used for forecasting. Ricardo et al. [30] and Michelangelo et al. [31] used time series data for

solar power forecasting and renewable energy forecasting respectively.
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Time series clustering is divided into two groups:

a) Feature-based or model-based

b) Raw data-based

In the case of feature-based clustering, raw data are summarized or transformed by means of
feature extraction or parametric models, e.g., dynamic regression, autoregressive integrated
moving average (ARIMA), and neural networks, to make the clustering work more easily. On
the other hand, raw data-based clustering is directly applied over time series vectors without
any space-transformation prior to the clustering phase [32]. In the method reported here, we
deal with raw data-based clustering. Figure 2.3 is a flow chart indicating the process of a K-

means algorithm.

Start

Enter no. of
clusters

Enter no. of
iterations

I

Calculate mitial
centroids

|

Recalculate centroids Calculate distances

|

Clustering of
the objects

Yes

End

Figure 2.3 Flow chart of the K-means algorithm

2.5 Proposed method

K-means clustering selects initial centroids randomly, so the result of the clustering
algorithm changes every time. It is desirable to have a clustering algorithm that produces a
unique result irrespective of the clustering run time. We propose a method for enhancing the
performance of the K-means algorithm by selecting better initial centroids. This method
produces a unique clustering result, and the clustering accuracy is better than the K-means

random initialization method.
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Figure 2.4 Electricity use in Chubu University, with (a)~(f) representing different electricity

use periods.

To show the variation in the electricity use pattern of Chubu University, six sets of graphs
in different electricity use period were plotted as shown in figure 2.4. Except for Sundays and
holidays, the patterns of electricity use in Chubu University were almost similar. Electricity
use increases sharply around 8 AM and reaches to its peak in the noon around 12PM-1PM.

In the evening and early morning, electricity use was low, representing the base electricity
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consumption of the university. A difference was mainly observed in terms of the hourly
electricity use. Thus, in this research, we decided to select the initial centroids based on the
hourly distribution of one-year electricity use.

The initial cluster centroids of the K-means algorithm were determined by using the
percentile method based on the empirical cumulative distribution function. In the case of k
clusters, cumulative density was divided into (k+2) values according to the percentiles. Then,
the value of electricity consumption data corresponding to the percentiles in empirical
cumulative distribution was chosen. The minimum and maximum initial values were
neglected in order to reduce the effect of maximum and minimum values and possible outliers,
and also to prevent an empty cluster. Thus, the final k values out of k+2 values were taken as

the initial centroids for K-means.
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Figure. 2.5 Selection of the initial centroid by using the percentile method

Figure 2.5 shows the determination of the initial centroids in an empirical cumulative
distribution using the percentile method. In Figure 2.5, the distribution of data at 23:00 is
shown. Other initial centroids for remaining time stamps were also calculated in similar ways.
For k clusters, (k+2) equally separated percentile values were chosen, and (k+2) values from
the empirical cumulative distribution corresponding to the percentile values were obtained.
The requirements of the approach are as follows:

Dat={dy, d5, ds"*d;***dy}, a set of n data points.

d;={x1, X2 X3...X;"**.Xn}, a set of attributes of one data point.

F={f, 6 f..£, aset of k centroids

The following steps are required to ensure a set of k desired clusters:

1: For k clusters, divide the cumulative probability equally into (k+2) parts using the

percentile method.
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2: Find (k+2) values corresponding to the percentile in an empirical cumulative distribution.
3: Compute the distance between each data point d; (1 <= 7<= n) to all the initial centroids.
4: Find the data points d}closest to the centroid fiand assign the data d; to cluster /

5: For each cluster / recalculate the new centroids.

6: Compute the distance between the new centroids and each data d:

7: Continue this process until the data points change in the cluster assignment.

The “kmeans" function built in the R programming language is used for K-means algorithm.

Libraries of R used include dplyr, plyr, readr, reshape2 and ggplot2.

2.6 Experiments and Results
2.6.1 Accuracy verification
2.6.1.1 Accuracy verification using Real World datasets
To find the accuracy of the proposed method, an experiment was conducted on four different
Real World datasets: namely Iris data, Wine data, Ruspini data and New Thyroid data. Iris
data, Wine data and New-Thyroid datasets were downloaded from the UCI Machine Learning
Repository [33]. Ruspini data is included in the R package “cluster”. These datasets are typical
tests for many classification techniques.

We represent the accuracy percentage (r) as a performance measure of the experiment.
This is calculated as:
r=1-e

where eis the clustering error and is defined as [7]

Number of misclassified pattern
e= P X 100[%] (3)

Total no.of patterns

Table 2.1 Resulting accuracy of different dataset

Name of No. of K-means (100 trials) Proposed method
dataset cluster Accuracy (%)
Max(%) Min (%) Average(%)
Iris 3 89.3 58 80.9 89.3
Wine 3 70.39 56 65.8 70.39
Ruspini 4 94 79 89.2 100
New Thyroid 3 86.04 79.1 82.13 86

The maximum, minimum and average accuracy of 100 trials obtained by using K-means

19



and the proposed method are shown in table 2.1. It can be seen that the accuracy of the
proposed method is noticeably higher than the average accuracy for 100 trials using the K-
means algorithm with random initialization.

The within-cluster sum of the square distance of the proposed method as shown in table
2.2 was smaller, whereas between-cluster sum of the square distance of the proposed method
was greater than the K-means with random initialization method for all four datasets. This
shows that the proposed algorithm produces better clustering than the K-means random
initialization method.

Table 2. 2 Comparison of K-means algorithms with different datasets

K-means (100 trials) Proposed method
Name of | No. of Average
dataset clusters Between- Within- Between- Within-
cluster sum of | cluster sum of | cluster sum of cluster sum
square dist. square dist. square dist. of square
dist.
Iris 3 585.8 95.46 602.5 78.85
Wine 3 15146222 2445691 15221607 2370690
Ruspini 4 218108 26226 231493 12881
New 3 34679.2 29009.8 35204.8 28876.7
Thyroid

2.6.2 Cluster quality comparison using university data
® Description of university data
The proposed method was used to analyze the building electricity time series data. The data
used in this research were the electric use data from Chubu University. The electricity
consumption in each building of the university was measured using the BEMS (Building
Energy Management System), and the data were collected by the BEMS server every minute.
These data were summed to create hourly electricity use data; thus, 1 year of data from each
building consists of 8,760 data points. The electricity use data represent the entire electricity
use data of the buildings of the university

The raw data were arranged in the order of days starting from April 1, 2015, until March
31, 2016. Each day consists of 24 hours of data from 0:00 to 23:00. The data in this form were
not suitable for clustering, so it was necessary to convert the data into a 366 X 24 order matrix
as shown in figure 2.6. Figure 2.7 represents the part of the data frame of the 366 X 24 order

matrix used in this research.

20



2015/04/01
X1,1 X1,2 X1,3 e e e X124
X21 X22 X33 e X224 2015/04/02

e | 2015/04/03

2015/04/04

2015/04/05
2015/04/06
2015/04/07
2015/04/08

X366,1 - e X366,24

|
o
e
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®  (Cluster quality comparison using proposed method and K-means

To determine the quality of the clusters, we determined the total within-cluster and between-
cluster sum of the squared distances for the K-means algorithm and the proposed method.
Small within-cluster distances and a large between-cluster sum of squared distance are
preferred for better clustering. The values obtained from K-means with random initialization,
as shown in table 2.3, were the average of the values obtained from 10 run times of K-means

clustering.

Table 2.3 Comparison of K-means clustering with random initialization and the proposed method

Within-cluster sum of squared distance | Between-cluster sum of squared distance
No. K-means with Proposed method K-means with Proposed
of clusters random random initialization Method

(K) initialization

4 2.28 x 108 2.08 x 108 1.66 x 10° 1.68 x 10°

5 1.65 x 108 1.65 x 108 1.72 x 10° 1.72 x 10°

6 1.36 x 108 1.30 x 108 1.75 x 10° 1.76 X 10°

7 1.16 x 108 1.09 x 108 1.59 x 10° 1.82 x 10°
Total 6.45 X 108 6.14 x 108 6.74 X 10° 6.95 X 10°

The number of trials of the proposed method was only one because it produces the same
result. As seen in table 2.3, in each of the cases from cluster 4 to cluster 7, the total within-
cluster sum of squared distance of the proposed method was smaller than K-means with
random initialization, whereas the sum of squared distance between the cluster centroids of
the proposed method was greater than the random initialization method. The proposed

method was in agreement with the definition of a good clustering algorithm, i.e., small within-
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cluster sum squared distances and large sum squared distances between cluster centroids.

Thus, the proposed algorithm was better than the K-means with random initialization method.

2.7 Determination of number of cluster

There are many factors that affect the use of electricity in a university. On Sundays and
holidays, there are no lectures and no lighting, no air-conditioning or OA equipment are used;
thus, the electricity use can be considered to be mainly due to the base energy consumption
of the university. Base energy represents the electrical energy of equipment that runs
constantly, such as servers, refrigerators, emergency exit lights, research equipment, etc. In
Chubu University, Saturday is not a holiday, but the number of students present and the
number of lectures and activities in the university are very low compared to normal weekdays;
thus, electricity use patterns on Saturday are different to Sundays, holidays and weekdays.
The usage of air-conditioning in Chubu University is managed by period. Excluding
exceptional condition such as sudden changes in weather condition, usage of air-conditioning
in the interim period is not allowed. Air-conditioning on non-lecture days usually occurs in
the university vacation period. Air-conditioning in lectures can be divided into two parts:
normal air-conditioning on lecture days and lecture days with air-conditioning peaks. In the
case of universities in Japan, usually contracts are made with the electric power company, and
the contracted value of electricity power demand is fixed for universities. In summer and
winter with air-conditioning peaks, if the electricity use exceeds the contracted electricity
power demand, the university needs to pay a high amount for their electricity bill; thus,
universities authorities make efforts not to exceed the electric consumption beyond the
contracted value. Thus, while analyzing the electricity use pattern of universities, air-

conditioning peak periods should also be considered.

Table 2.4 Characteristics of electricity use in Chubu University

Cluster Lecture Air- University General occurrences
no. conditioning
1 — — Closed Sundays, holidays
2 — — Partially open | Saturdays, holidays with events
3 — v Open Vacations
4 v — Open Spring and autumn
5 v v Open Summer and winter
6 v v Open Summer and winter peak periods

* — represents absence and v represents presence
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Figure 2.8 Clustering result of Chubu University. (a) and (b) represent the cluster centers for
k=3 and 4, respectively. (c) and (d) represent the calendar plot for k=3 and 4, respectively
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Figure 2.9 Clustering result of Chubu University. (e) and (f) represent the cluster centers for

k=5 and 6 respectively. (g) and (h) represent the calendar plot for k=3 and 4 respectively.
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As shown in table 2.4, the electricity use in Chubu University can be categorized into six types
depending on the presence or absence of lectures, presence or absence of air-conditioning
and presence or absence of holidays.

To analyze the building electricity use patterns, it is necessary to know how much
electricity is being used and on which day. So, it is essential to select the proper numbers of
clusters (k) that properly describe the electricity use patterns. For this purpose, we performed
K-means clustering analysis by selecting cluster numbers from 3 to 6 and compared the
accuracy with the actual calendar plot created using the university schedule. Figure 2.8 and
2.9 represent the clustering result of Chubu University for 3 to 6 clusters.

In the case of Chubu University in the year 2015 the air-conditioning cooling period was
from 15" June to 15% September, whereas the heating period was from 15" November 2015
to 15% April 2016. It is possible that, on some of the days, the cluster number stated in table
2.4 changed. For example, most likely, Sunday falls in cluster 1, but occurrences of events
such as open campus, university festivals, etc. can change the cluster number on the particular
day from cluster 1 to 2, 3 or even higher clusters; thus, in addition to table 2.4, it is necessary
to analyze the electricity use of each day to decide the cluster number of each day. Thus, by
considering university schedule, table 2.4 and analyzing the electricity use of each day, a
calendar plot of Chubu University is created. We consider this calendar plot as the actual
calendar plot and use this to compare the accuracy of the clustering result.

On comparing the actual calendar plot of Chubu University with the calendar plot of
clustering results for 3 clusters, Sunday and Saturday were not separated; also, air-
conditioning and non-air-conditioning periods were not separated. For 4 clusters, the air-
conditioning and interim non-air-conditioning periods were not separated. In the case of 5
clusters, the air-conditioning peak started prior to the actual period compared to the
university schedule. Thus, clusters 3 to 5 could not represent the actual electricity use patterns
in Chubu university. In the case of 6 clusters, air-conditioning and non-air-conditioning
interim periods were separated; also, the peak electricity use period was separated which

matched with the university schedule.
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Figure 2.10 Actual calendar plot of Chubu University

The accuracy of the clustering result for 6 clusters was determined by comparing the
calendar plot produced by the clustering with the university schedule. The accuracy (1) of the
clustering result was defined as the total no. of accurately classified patterns per total number

of patterns; i.e.,
r= ‘T‘—Z X 100[%)] (4)

where,
Ap = number of accurately classified patterns
Tp = total no. of patterns
As there were 366 days, we consider the total number of patterns to be 366. Out of the

total number of patterns, 327 patterns in the clustering result were found to match with the
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university schedule, and so the total number of accurately classified patterns was 327. Using
equation 4, the accuracy of the clustering result was 89.34%. Thus, 6 clusters were appropriate
for Chubu University. This method can also be used in other universities in Japan which follow

a similar electricity use pattern to Chubu University.
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Figure 2.11 The number of days per cluster by day of the week.

Figure 2.11 represents the clustering result of all the Chubu University data with six clusters
in the bar graph with x- and y-axes representing the day the of week and number of days in
each cluster, respectively. We found that cluster 1 was mainly concentrated on Sundays,
Saturdays, and days without lectures. Cluster 2, which represented the electricity use on non-
lecture days, was mainly due to electricity consumption of lighting and OA equipment and
was mainly concentrated on Saturdays. Air conditioning days were almost always

concentrated on weekdays.

2.8 Statistical method to find the number of clusters

To find the appropriate number of clusters, the Dunn index was used as an internal validity
measure and Average Distance (AD) and Figure of Merit (FOM) as stability measures to find
the optimum number of clusters.

Dunn’s validation index (D) is an internal validity measure to identify sets of clusters that
are compact, with a small variance between members of the cluster, and are well separated,
where the means of different clusters are sufficiently far apart, as compared to the means
within a cluster. A higher value of D indicates a better clustering result, and D can be
calculated using Eq. (4): [34]

D = min | min [ dist(cic;) ” (5)

1<isk |i+1<j<k | max [dlam(c,)]

27


Kelly O'Keefe
Please check edit.
Its ok


where dist(c;,¢;) is the distance between cluster ¢;and ¢ and dist(c;,¢;) =  min  dist(x; x;),
X{€C;,XEC) !

dist(x; x;) = is the distance between data points  x;ec;, xjec;,

and diam(c;) is the diameter of cluster ¢; where diam(¢;) = max dist(x;,, x7,).
xll'xlzecl

Internal validation

— 1__——-—'—_1

—+— kmeans

0.11
1

Dunn
0.09
|

0.07
T |

Number of Clusters

Fig. 2.12 Internal validation measure using Dunn index

As shown in figure 2.12, when the Dunn index is plotted against the number of clusters,
the maximum value of the Dunn index is obtained when the number of clusters is six.

AD is the average distance between observations placed in the same cluster based on the
full data and when the clustering is based on the data with a single column removed. AD has

a value between zero and infinity, and smaller values are preferred.
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Figure 2.13 Stability validation measure using AD
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Figure 2.14 Stability validation measure using FOM

FOM measures the average intra-cluster variance of the observations in the deleted
column, where the clustering is based on the remaining samples. This estimates the mean
error using predictions based on the cluster averages. FOM values range between zero and
infinity, and smaller values indicate a better performance [35].

From figures 2.13 and 2.14, the stability validation measures AD and FOM are found to
be smallest when the number of clusters is six, so a cluster size of six is appropriate for the

data used in this research.
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Chapter 3

Energy pattern analysis using proposed K-means clustering

3.1 Estimating energy consumption by application

In reference [7], the representative weeks of spring, autumn, winter, year-end and new-year
are obtained from actual measurements, and the average values are overlaid to confirm
changes in power consumption every year. The representative week is the week that
includes the third week of May, July, January and the year-end and new-year holidays. Base
and peak energy consumption are extracted and the necessary countermeasures are examined.
Figure 3.1 shows an example in the summer, but irregular peak power consumption can be
observed. Here the representative week is determined, but the characteristics period may

change due to operational changes.
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Figure 3.1 Electricity consumption pattern of peak period by conventional method
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Figure 3.2 electricity consumption pattern during peak summer determined by clustering

Figure 3.2 shows the result of classification using the K-means clustering method. In this
method, the classification is based on power consumption, and figure 3.2 corresponds to the
peak period in summer. Since the period is not limited to one week, more days are selected
than in figure 3.1, but in terms of peak period extraction, it can be used for analysis in the

same way as in figure 3.1.

3.1.1 Data used for analysis

The data is obtained by Chubu University Smart BEMS and is collected every minutes at the
measurement point of each cubicle of each building. Data is collected on the server, and daily
files can be downloaded. The analysis was done using the data of the year 2015. Table 3.1

shows the correspondence between departments and building.
3.2 Clustering result

K-means clustering on the electrical consumption data of whole university was conducted.

The center of gravity of each cluster is obtained, which is shown in figure 3.3.
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Figure 3.3 Clustering result: whole university
The electrical consumption data is classified into six clusters on the basis of size of hourly
electricity consumption. Shows 3.4 to 3.11 shows the clustering result at each department.
Similar to the whole university, the clusters are arranged in the order of low to high energy
consumption from bottom to top. The energy consumption in the night time from 10 PM to

Table 3.1 Correspondence between departments and buildings

departments Buildings number

Engineering 3:7:8, 5,6

Business Administration | 21, 22

International Studies 19, 20

Humanities 25, 26, 27,28
Boiscience and 30, 31,32
Biotechnology 33 - 36,11, 17

Life and Health 50 - 51,52,

Sciences 55

Contemporary 70 - 71
Education 72

Offices 1 -2, Memorial Hall

8 AM is due to the energy consumption of servers, refrigerators etc. In figure 3.4, the base
energy portion of the engineering department is found different. The difference between base
energy consumption of cluster 1 and cluster 6 is also found high. This effect can be considered

as the influence of usage of air-conditioner at night and research facilities.
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Figure 3.6 Clustering result: International Studies
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Figure 3.8 Clustering result: Contemporary Education
300 -
cluster

=== cluster1
== cluster2
= cluster3
clusterd
clusters

clusterg

electricity consumption (kW)
— o
I 11

10 15 20
time

O -
o

Figure 3.9 Clustering result: Offices
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Figure 3.11 Clustering result: Life and Health Sciences
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3.3 Application of Energy Management
3.3.1 Estimating energy consumption by factor
In Chubu university the air-conditioning heating and cooling is controlled by the period.
In 2015, the cooling period was from June 15 to September 15, and the heating period was
from November 16, 2015 to April 15, 2016. However, it may be operated beyond this period
depending on application in the laboratory and weather conditions in the lecture room.
Taking these into consideration, the relation between each cluster and university schedule is

shown in table 3.2.

year-2015 month-04 year-2015 month-10

year-2015,month-05 year-2015,month-11

year-2015,month-06 year-2015,month-12

Cluster

year-2015,month-07 year-2016,month-01

SO & b =

year-2015 month-08 year-2016 month-02

year-2015,month-09 year-2016,month-03

3Sun Mon Tue Wed Thu Fri Sat Sun Mon Tue Wed Thu Fri Sat

Figure 3.12 Whole university, relation between cluster and schedule
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Table 3.2 shows the correspondence between the cluster and the university schedule.
Table 3.3 shows is the estimation of energy consumption by factor for each department. Most
of the air-conditioning is a multi-package type for buildings, which is both electricity and gas
usage type. The fifth column of table 3.3 shows the distinction between electric and gas air-
conditioning. Depending on the university schedule, the presence or absence of air-
conditioning is determined from the air-conditioning period. But, the clustering data is
electricity consumption data and no gas data is used. The energy consumption by factor is
estimated from the classification of clusters and energy usage. From the relationship with the
university schedule, cluster 1 is mainly on the holidays, when there is very less human
activities and air-conditioning. So, cluster 1 can be considered as the base energy
consumption of the university. Cluster 2 and 3 usually falls on the days without the use of air-
conditioning so, subtracting cluster 2 and 3 from 1 gives the human activity energy
consumption. The air-conditioning factor is obtained by subtracting the energy consumption
of cluster 4~6 with cluster 3 and adding the primary energy consumption of gas used for air-
conditioning.

Figure 3.13 shows the estimated primary energy consumption ratio of different
departments and office buildings of Chubu University. The ratio of base energy is found
largest in the faculty of engineering. Office buildings with few experimental facilities,
humanities department, Business information department, Department of Contemporary
education etc. have a small ratio of base. High ratio of base energy in the entire university is
due to the influence of refrigerators, servers, experimental facilities etc. in the buildings of

science departments.

Table 3.2 Correspondence between clusters and university schedules

cluster | period-day of week Air-
conditioning

6 July-January lecture day O

5 spring-autumn lecture day O

4 spring-autumn lecture day O

spring break entrance and final

exams

3 springrautumn lecture day X

2 Saturday, summer vacation X

1 Sunday, Year-end and new-year, X
Holidays
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Table 3.3 Cluster used for calculating energy consumption by factor

Air-
Human activity | conditioning Gas
Base energy consumption | energy air-conditioning
factor consumption main usage
factor
@©—O O
Engineering ) . ®—B
o
Bioscience and @—® B
Biotechnology v ®-0 %_% ©
Life :jmd Health o g:% %:% o
Sciences ®—0)
Business @-0 @©-©
@ _ ®-0
Administration ©-w ©®©—® ©
International @-0 @-0Q
@ _ 6-6
Studies ®-0 ®—0©
@—@ (OR©)
Humanities ® ®—0 %:% O
— @—-B
Contemporary @-0 o
S ® ®-® o2
ucation
@—® O
Offices @ ®—0 % _% O
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Figure 3.13 Estimated primary energy consumption by factor

3.4 Accuracy measurement of the Clustering analysis result

From figure 3.13, it is shown that using K-means clustering the energy consumption can
be classified into energy consumption by factor. We did the accuracy measurement in building
no. 52, where the energy consumption is measured separately by factor. Building no. 52 is the
only building in Chubu university where, lighting, air-conditioning and consent is measured
separately. In this building, lighting, consent and power are measured separately in the
distribution panel on each floor. Lighting included the power consumption of lighting fixtures,

ventilation fans and air-conditioning indoor units. Power includes the power consumption of
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Figure 3.14 cluster centers: building no. 52
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Figure 3.15 Calendar plot: building no. 52
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drainage pumps and refrigerators, and does not include elevators.

The measurement data is one-hour interval and is measured from April 2015 to March
2016. The power consumption of the lighting, consent, and power was measured individually
in building no. 52 and clustering was performed on the entire data to estimate energy
consumption by factor. Figure 3.14 shows the cluster center of each cluster of building no. 52.
The clustering result was plotted in the form of calendar plot as shown in figure 3.15. Energy
consumption in the winter season was found higher in comparison to summer season.

The outdoor unit power panel belongs to a separate building and is not included in the
power consumption of building no. 52. On the other hand, there are 44 indoor units in all
buildings, and the total power consumption is about 8% of the connected lighting system, the
ratio of air conditioning to the power is small, thus the air-conditioning factor is included in
human activities energy consumption. The air-conditioning in building no. 52 is a gas type
Variable Refrigerant Flow (VRF) air-conditioner, and the gas used for air-conditioning are
measured individually. The primary energy consumption for air-conditioning is the gas
consumption converted to primary energy consumption. Therefore, the result of clustering
and the measured primary energy consumption for air-conditioning are same.

Although, lighting and consent are measured separately, they included both the base and
human activity energy consumption. Thus, it is necessary to separate both base and human

activity energy consumption.

6.0

o1
o

4.0 Human activity

electricity consumption (kW)

3.0 ..... - . /______/_ _______ T s e / _________________
’ / ’ Base
1.0 ' . : y . '
0.0
0:00 4:00 8:00 12:00 16:00 20:00
time

Figure 3.16 One-year average hourly energy consumption of consent of building no. 52
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Figure 3.17 One-year average hourly energy consumption of lighting of building no. 52
Figure 3.16 is the one-year average of consent. In this figure, the value from 0 o'clock to
5 o'clock is the base and the rest is the human activity. Figure 3.17 is the average of annual

lighting system. Similarly, the average value from 0 o'clock to 5 o'clock is used as the base and

the rest as human activity energy consumption.

Actual measurement

Clustering

0% 20% 40% 60% 80% 100%

m Base energy m Human activity energy m Air-conditioning

Figure 3.18 Ratio of energy consumption by factor for measured and clustering result for
building no. 52
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Figure 3.18 shows that, the ratio of base, human activity energy consumption and air-
conditioning for measured values and the clustering result is almost similar. Thus, clustering
can be used for the classification of single energy consumption data of the university
buildings into base, human activity energy consumption and air-conditioning energy

consumption factor.

3.5 Utilization of energy management

Up to this section, we have confirmed the content of energy consumption analysis by factor
using K-means method. Furthermore, we will examine the goal of low carbonization at the
university. In the report [7], we achieved a 14% reduction in carbon emissions in the year
2016 compared to the year 2011. We will consider the reduction target up to the year 2030
from the result based on 2016. The table 3.4 shows the primary energy consumption by factor
determined from the result of the entire university in 2016. As for human activities factor
energy consumption, we expect to reduce power consumption by 40% by using LED and
improving the efficiency of office automation equipment by 2030. Air conditioning is
expected to reduce energy consumption by 15% by replacing equipment until 2030. In the
energy white paper, the power emission factor is 0.37kgCO2/kWh. To achieve a 40%
reduction rate in the civilian sector in the global warming countermeasures decided by the
government, the base energy consumption needs to be reduced by 17.8% when calculating

with a goal of 21% reduction in electricity.

Table 3.4 Possible measures for CO; emission reduction

Primary CO2 emission | Emissions Target
energy intensity after reduction rate
consumption | (kgCo?/m? -+ | measures
(MJ/m?+year) | year) applied until
2030
Base 526 26.8 32 17.8%
Human activity factor 169.4 8.6 5.2 40%
Air- Electricity 73.5 3.7 3.2 15%
conditioning
factor Gas 2134 10.8 9.2 15%
Adding  solar  energy -0.8
production
Total 982.3 50.1 39.6
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3.6 Energy consumption pattern in different buildings

3.6.1 Office building
The energy consumption in the case of office buildings consists of base energy consumption
which runs 24 hours and all year-round. The rise in energy consumption in the day time is
due to the energy consumption of air-conditioning, lighting, office equipment like printers,
computers, fax, etc. and the energy consumption of consent.

The base energy consumption is near to 20% of the peak energy consumption. In
comparison to the peak energy consumption the base energy consumption is small which is
due to the absence of high energy-consuming devices that runs in off-office hours. The energy
consumption is found to increase quite earlier than the office beginning hours. If the lighting
is turned off in the day time, then the decrease in electricity consumption in the lunch break

is seen. Figure 3.19 is a typical example of energy consumption in offices.
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Figure 3.19 Energy consumption in offices. Figure adopted from [7].

3.6.2 Hospitals
The base energy consumption in hospitals is more than 50% of the peak energy
consumption. The base energy consumption is mainly due to the energy consumption of
medical equipment that runs 24 hours and all the year-round regardless of whether it is
weekdays or a weekend. An example of energy consumption in hospitals is shown in figure
3.20.

The peak energy consumption in the daytime is due to the energy consumption of offices

of the administrative department and the energy consumption of the outpatient departments.
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It is assumed that the base power is largely due to the special equipment of the medical device,
but the specific power-saving measures are related to the medical practices, so discussions

with relevant parties are necessary.
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Figure 3.20 Energy consumption pattern in Hospitals. Figure adopted from [7].

3.6.3 Departmental store

In the case of departmental stores, the difference between the base and the peak energy
consumption is found high. In figure 3.21, the base energy consumption is only 10% of the
peak energy consumption. In addition, a sharp rise in energy consumption in the morning
during the opening time and a sharp fall in energy consumption during closing time is seen.
This characteristic is different from the office buildings as there is no effect of overtime
working. This is also characterized by less holiday so; the yearly energy consumption is found

high.
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Figure 3.21 Energy consumption pattern in departmental stores. Figure adopted from [7].
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3.6.4 Hotels

Figure 3.22 shows the energy consumption of hotels in the summer. District heating and
cooling is used so the seasonal variation in energy consumption is low. Peak energy
consumption during check-in and check-out hours can be observed. However, the variation
in energy consumption is low between check-in and check-out. The base energy consumption
is above 60% of the peak energy consumption. There are no holidays so the yearly energy
consumption is quite higher. Due to the multi-room configuration, turning off the air-
conditioning and lighting when the customer is not in the hotel can help in energy

conservation. Figure 3.22 represent the energy consumption of typical hotel.
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Figure 3.22 Energy consumption pattern of hotels. Figure adopted from [7].

3.7 Analysis of Energy Consumption Pattern of University Building Using Clustering
Technique

To analyze the energy pattern of different building of Chubu University, we apply the
proposed K-means method to find the energy pattern in three buildings of Chubu university
namely building no. 3-7-8 belonging to the college of engineering, building no. 21 belonging
to College of Business and building no. 1 belonging to office buildings. The college of
Engineering contains different research equipment and servers that run continuously.
Analyzing the energy pattern of these buildings can clarify the impact of experimental and
research equipment on building energy consumption.

In case of buildings of college of Engineering, base energy consumption, which is
represented by cluster 1 in figure 3.24, as well as the separation between cluster 1 and cluster
6 from 0:00 AM to 5:00 AM, was also found to be large. This feature of the College of

Engineering building differs from Non-science departments and the Administrative buildings.
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The large consumption of energy on non-air-conditioning days, as represented by clusters 1

to 3 in figure 3.25, indicates the effect of research equipment.

year-2015 month-04 year-2015 maonth-10
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Figure 3.23 Calendar plot for building no 3-7-8 of College of Engineering
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Figure 3.24 Cluster centers for building no. 3-7-8 of College of Engineering
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Figure 3.25 Percentage of energy consumption per cluster building no. 3-7-8 of College of

Engineering
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Figure 3.27 Cluster centers for building no. 1 of the office building
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Figure 3.28 Percentage of energy consumption per cluster in building no. 1 of the office

building

Figure 3.26 represents the calendar plot of the Administrative building of Chubu
University. The Administrative building does not host any research equipment that runs
nonstop for 24 hours as found in the College of Engineering. Thus, the base energy
consumption, which is represented by cluster 1 in Figure 3.27, is found to be quite small. The
low energy consumption of clustersl to 3, as represented by figure 3.28, indicates the lack of
research equipment in the Administrative building. Most of the energy consumption occurs
on air-conditioning days, represented by clusters 4, 5, and 6. The energy consumption
increases sharply around 8:00 AM, when the employees start working. Similarly, consumption
decreases from 12:00 PM to 1:00 PM, as found from clusters 2 to 6, due to the lunch break.
Clusters 1 to 6 coincide with each other from 0:00 AM to 5:00 AM, which also supports the

lack of research equipment in office buildings.
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Figure 3.30 Cluster centers for building no. 21 of college of Business
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Figure 3.31 Percentage of energy consumption per cluster of building no. 210of the College

of Business

Figure 3.29 shows calendar plot for the College of Business. The base energy
consumption, which is represented by cluster 1 in figure 3.30, is small, and the difference
between clusters 1 and 6 between 0:00 AM and 5:00 AM is very small in comparison to the
College of Engineering. The low energy consumption of clusters 1 to 3, as represented by
figure 3.31, again indicates the lack of research equipment. Most of the energy consumption
is on air-conditioning days, represented by clusters 4 to 6. This shows that energy
consumption in Non-science departments is quite similar to that of the Administrative
building at the university.

In case of Chubu university in the year 2015 the air-conditioning cooling period was from
15% June to 15" September whereas heating period was from 15 November 2015 to 15% April
2016. In Chubu university usage of air-condition in the interim period is not allowed except
sudden changes to extreme weather condition and some other exceptional cases. Cluster 1
usually falls on Sundays and national and university holidays when no lighting or air-
conditioning is being used. The energy consumption on these days is due to sensors, servers,
refrigerators and research equipment that run 24 hours a day all year round. This is the least
amount of energy consumption that occurs in a day in a year. Thus, cluster 1 yields the base
energy consumption of the university if its value is summed for one whole year, i.e.:

Yearly base energy consumption = £ X N 6)
Where,
E = energy consumption of cluster 1
N = number of days of the year

Base energy consumption has always been an important topic for building energy
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consumption reduction. Unlike peak energy, which occurs for few hours in the daytime, base
energy occurs for whole 24 hours so, reduction of hourly base energy consumption of a
building by 1kWh can lead to the yearly base energy consumption reduction by 8,760 kWh.

Energy consumption due to human activities is the energy consumed by the use of
lightening, computers, OA equipment, elevators etc., excluding the energy consumption of
air-conditioning. Since cluster 2 and 3 mostly falls on the days without the use of air-
conditioning, energy consumption due to human activities can be obtained by subtracting
energy consumption of cluster 1 from cluster 2 and 3 and summing them.

Cluster 4, 5 and 6 mostly falls on the days with the usage of air-conditioning so, the energy
consumption by air-conditioning can be obtained by subtracting energy consumption of
cluster 3 from cluster 4, 5 and 6 respectively and summing them. In Chubu university both
electricity and gas are used for air-conditioning so, the primary energy consumption of gas is

also considered.

College of
engineering

College of
Business

Administrative
building

0% 20% 40% 60% 80% 100%

u Base energy = Human activity energy = Air-conditioning

Figure 3.32 Classification of energy consumption by factor in three different buildings of

Chubu University

Figure 3.32 shows the classification of energy consumption by usage in three different
buildings of Chubu university. Base energy consumption is found higher for College of
Engineering whereas in case of other two buildings air-conditioning energy consumption is
found higher.

Using equation (6), the base energy consumption of the college of Engineering, the

administrative building, and the college of Business was calculated. Figure 3.33 shows that
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the base energy consumption per square meter per year in the College of Engineering is 5.9
times greater than that of the Administrative building and 4.2 times greater than the College
of Business. High energy consumption in the College of Engineering is due to research

equipment and machines that run 24 hours a day, which are not present in the other two

buildings.
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Figure 3.33 Bar graph indicating the yearly base energy consumption per unit area in the three

different buildings of Chubu University

To find the difference between the peak and base energy consumption in the above
mentioned buildings, the ratio of the energy consumption of cluster 6 and cluster 1 was
calculated from 10:00 AM to 17:00 PM. The boxplot shown in figure 3.34 shows the difference
in peak energy consumption between these three buildings. The average ratios of 2.5, 5.62,
and 4.70 between cluster 6 and cluster 1 were found for the College of Engineering, the

Administrative building, and the College of Business respectively.
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A large base energy but a small ratio between base and peak energy shows that base

energy consumption reduction is of primary focus in the College of Engineering, whereas a

low base energy consumption but a high ratio between base and peak energy consumption in

ratio between cluster 6 and 1

College_of_Eng.

Administrative_Bldg.
name of Bldgs.

College_of_Business

Figure 3.34 Boxplot showing the ratio between peak and base energy for three buildings at

Chubu University

the administrative and non-science departments show that there is more potential for the

reduction of peak energy consumption than the base energy consumption.
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Figure 3.35 Scatter plot showing the relation between base and peak energy consumption in

buildings of Science and Non-science departments

55



To find the relation between base and peak energy in case of Science and Non-science
buildings of Chubu university, additional buildings are included and a scatter plot as shown
in figure 3.35 is drawn. Blue points represent the buildings of Non-science departments
whereas the red triangle represents the buildings of Science departments. The numbers near
the points and triangle are the name of respective buildings of Chubu university. Average base
energy in this figure is the average of energy consumption from 0 AM to 5 AM whereas
average peak energy consumption is the average of energy consumption from 10 AM to 5 PM.
In case of buildings of non-science departments, R? value was found small so, the relation
between base and peak energy consumption was not found whereas, in case of buildings of
Science departments, R? value was 0.904 so, peak energy consumption for peak days was

found to increase with the increase in base energy consumption.

3.8 Yearly change in energy consumption pattern of Chubu University
Clustering method can be used for the analysis of yearly energy consumption. For this purpose,

the energy consumption by usage is calculated for each year from 2015 to 2018.

Table 3.5 Energy consumption by factor in whole university from the year 2015-2018

Energy consumption by 2015 2016 2017 2018
factor Energy consumption (kWh)

Base 28,052,284 28,136,386 26,453,530 26,496,733
Human activity 10,144,616 9,052,489 8,240,745 7,505,409
Air-conditioning 13,743,106 15,337,229 15,849,615 18,355,082
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Figure 3.36 Change in yearly primary energy consumption by factor in whole university
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Figure 3.37 Change in yearly gas consumption (m?®) in whole university

Air-conditioning energy consumption in the year 2018 is quite higher in comparison to the
year 2017. This is also supported by the fact that the gas consumption in this year is quite
higher in comparison to the previous year as shown in figure 3.37. The outdoor temperature
in the year 2018 was quite higher so, the air-conditioning load was relatively higher compared

to the previous year, resulting in the higher air-conditioning energy consumption.
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3.9 Comparison between gas air-conditioning usage building and electricity air-conditioning
usage building
3.9.1 Analysis of annual change in energy consumption pattern
To investigate the characteristics of power consumption for each building we apply clustering
method. Building no. 52 which uses gas air conditioning and building no. 20 which uses

electric air conditioning are selected as target.
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Figure 3.38 Yearly change in energy consumption by factor in building no. 20

Building no. 52 is a building of Life and Health Science department, which is a four-story
building with a total floor area of 2,137 m?. Building 20 is a building of International relation
department, which is a 12 story building with a total floor area of 5,576 m?. Including the area
of the related buildings where the electricity is measured combine, the total area is 9,566m?.
Figure 3.38. and 3.39 represent the energy consumption per unit area estimated using
clustering result in a stacked bar graph. Energy consumption per unit area in the building no.
20 in the year 2015 is found to be reduced in comparison to the year 2014. Reduction in the
energy consumption is due to the contribution of reduction of base, human activity and air-
conditioning energy consumption.

One of the reason for air-conditioning energy consumption reduction is due to the
renewal of air-conditioning in the building no. 20. Building no. 20 is a building of Humanities
department where no experimental equipment is used. Thus, there is no effect of research
and experimental equipment in this building. 190 out of 202 equipment were renewed, which

contributed in the energy consumption reduction.
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Figure 3.39 Yearly change in energy consumption by factor in building no. 52

To find the effect of Electric Heat Pump (EHP) renewal on air-conditioning energy
consumption reduction cluster analysis was performed from academic year 2014 to 2018 in
building no. 20. Cluster 6 represents the energy consumption in the peak air-conditioning
days in Chubu University. So, cluster 6 was extracted from the clustering result and was
subtracted from cluster 3, which represent the energy consumption due to lighting, computers
etc. The difference between cluster 6 and cluster 3 is considered to be the power consumption

of air-conditioning during peak load hours.
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Figure 3.40 Peak air-conditioning energy consumption of cluster 6 of building no.20 of the
year 2014 and 2015
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The energy consumption due to air-conditioning in the peak air-conditioning period is
shown in the figure 3.40. It is found that due to the effect of EHP renewal the peak air-
conditioning energy consumption is found to reduce by 20.2%.

From figure 3.39 it is found that the energy consumption of building no. 52 is found to
increase from the year 2014 to 2018 excluding the year 2017. Increase in energy consumption

is mainly found in base and air-conditioning energy consumption.

30.0
[
v 25.0
[3+]
=
=
- 20.0
—
8
[=)
& 3150 @
2 E
£z ®
Z2 < 10.0
[=)
3
> 1)
2
2 50
8=
i)
s
- 0.0
S .
O O OO OO O OO OO OO O OO OO OO oo oo
i R A i e e e B R e e R B
O —~ AN M F 1O O I~~0 OO = AN M <F IO O~ 0O O = AN M
— o o o = = = o~ = AN NN AN
time
Figure 3.41 Cluster centers of building no. 20 of the year 2014
30.0
s 25.0
=
=
gZ0.0 @
5 ®
o
=150
2N
=
o £
Ego.o
o]
» O~
[=]
o
S50 == —
) 1
= @
800
g O O OO O OO OO0 OO0 0O O O O O oo o o o o o oo
O = N M F 1O O 0 OO NN M F I, O 0 OO = NN M
e T e T e R B BEE S B B B B oN I N BN BN |
time

Figure 3.42 Cluster centers of building no. 20 of the year 2015
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Figures 3.41 and 3.42 shows the cluster center of the clustering result of building no. 20
of the year 2014 and 2015 respectively with the numbers in circles representing their cluster
number. The reduction in the peak electricity consumption as represented by cluster 6 can be

observed clearly.
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Figure 3.43 Calendar plot of building no. 20 of the year 2014
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Figure 3.44 Calendar plot of building no. 20 of the year 2015

Figures 3.43 and 3.44 show the calendar plot of the clustering result of building no. 20 of
the year 2014 and 2015. In the year 2014 the days with highest energy consumption
represented by cluster 6 is found mostly in the December and January of the winter season.
In the year 2015 the days with highest energy consumption is found both in the summer and

the winter season.
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Figure 3.45 Cluster centers of building no. 52 of the year 2015
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Figure 3.46 Cluster centers of building no. 52 of the year 2017
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Figure 3.47 Calendar plot of building no. 52 of the year 2015
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Figure 3.48 Calendar plot of building no. 52 of the year 2017

Figures 3.45 and 3.46 shows the cluster center of the clustering result which is energy
consumption per unit area of building no. 52. It is found that there is not so much difference
in the amount of energy consumption in this building in the year 2015 and 2017. But
difference in the energy consumption pattern in the energy consumption peak days
represented by cluster 6 is observed. Building no. 52 is a building where only gas is used for
air-conditioning so, the effect of air-conditioning does not appear in the clustering result. In
both of the calendar plots as shown in the figures 3.47 and 3.48, the days with higher energy

consumption is found mainly in the winter season.
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Chapter 4

Electricity load Forecasting

4. Introduction

Electricity load forecasting refers to the prediction of load behavior for the future to meet the

demand and supply equilibrium. Electricity load forecasting is an important process that can

increase the efficiency for the electrical generating and distribution companies, managing

authorities of buildings etc. The forecasting helps the utility companies in their operation and

management of the supply to their customers.

Some advantages of load forecasting can be listed as below

® Enables the utility and building management authorities to plan well since they have an
understanding of the future consumption of load demand

® [t minimizes the risk of the utility company as understanding the future long term load
helps the company to plan and make economically viable decisions in regard to future
generation and transmission investment.

® Maximum utilization of power plants. The forecasting avoids under generation or over
generation.

® Helps in deciding and planning for maintenance of the power system. The forecasting

avoids under generation or over generation.

After Great East Japan earthquake, peak load reduction and power saving have become
an issue. Many Japanese universities, as well as commercial buildings have made effort for
energy conservation and reduction in CO, emissions. For energy management and demand
response in the buildings, accurate electricity load forecasting is essential. The purpose of this
research is to support energy management, such as demand response, peak load reduction etc.
in university buildings by the development of a forecasting model, that improves the
forecasting accuracy in comparison to existing forecasting methods.

In this paper, we proposed a hybrid model, a combination of clustering and ARIMA
model to produce more accurate peak load forecasting of university buildings. Using
auto.arima function the selection of ARIMA model has been made automatic so, if we have
only time series data, the forecasting of the electricity load with good accuracy can be done
without considering the building schedule, presence of holidays, presence of events etc. for

forecasting. A typical example of forecasting and its forecasting error is shown in figure 4.1.
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Figure 4.1 A typical example load forecasting and its forecasting error. Figure adopted
from [36]

4.1 Motivation for electricity load forecasting
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Figure 4.2 Electricity load graph with peak load crossing the demand electricity load in West
Campus of Chubu University

Electricity fee is charged according to the amount of electricity consumed and the contracted
value of peak demand. If the electrical load exceeds the contracted value of peak demand,
customers need to pay more on the electricity bill and thus avoid exceeding this contracted
value.

Figure 4.2 Shows the electricity load on July 17,19,23 and 6™ August of the academic year
2018 in the West campus of Chubu University. On these days the electricity load of the West
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campus of Chubu university exceeded the demand electricity load represented by the dotted
red line shown in figure 4.1. This motivated us for the determination of some automatic
technique that uses the past data to forecast the electricity load with suitable accuracy. Chubu
University is divided into two electricity contract zones i.e. the East Campus zone and the
West Campus zone. In this analysis electricity load data of East Campus zone only is used for

the analysis.

4.2 Literature review

Various machine learning algorithms for short-term and aggregate forecasting of residential
electricity consumption for 1 hour and 24 hours ahead residential electricity forecasting is
evaluated in [37]. The forecasting accuracy is evaluated using evaluation metrics that are scale
independent and robust to a value approaching zero: Normalized root mean square error
(NRMSE) and Normalized mean absolute error (NMAE). Classifying the electricity
consumption of different households into predefined number of clusters, summing the
forecasted value of each cluster's aggregated electricity consumption produces better result
than forecasting the electricity consumption of each household individually and summing
them. A data processing system to analyzes energy consumption patterns in industrial parks,
based on cascade application of Self-Organizing map and the K-means clustering algorithm
is presented in [38]. The system is validated in the real load data from an industrial park in
Spain. The validation results show that the system adequately finds different behavior
patterns that are meaningful and is capable of doing so without supervision and without any
prior knowledge about the data. A novel approach for the clustering of electricity consumption
behavior dynamics towards large data sets. A density-based clustering technique, CHSFDP,
is performed to discover the typical dynamics of electricity consumption and segment
customers into different groups is proposed in [39]. A time domain analysis and entropy are
conducted on the result of the dynamic clustering to identify the demand response potential
of the customers of each group. K-means clustering for time series forecasting in R for
predicting the electricity consumption in the residential and industrial sectors of Oman is
applied in [40]. Forecasting results of each cluster is analyzed using TSI+RWD, TBATS,
ARIMA, etc. and the prediction accuracy is calculated using Mean Absolute Error and Root
Mean Squared Error. The TBATS model is found to provide a more accurate result. However,
this research was carried with only data for five months, and thus, at least one-year data would
be desirable for better forecasting. Dynamic clustering algorithm based on the different
criterion such as the season, electricity consumption, and the field where the electricity is
consumed is used in [41]. After clustering Deep Belief Network (DBN) based on load demand

forecasting is implemented for each cluster and then the multi forecast DBN is implemented
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to forecast long-term demand forecasting. Monthly energy consumption forecasting of the
year 2005 is performed using data for the year 2004. A comprehensive study of clustering
methods for residential electricity demand profile and further applications focused on the
creation of more accurate electricity forecast for residential customers is presented in [42].
The determination of an appropriate number of clusters using various distance measures and
forecasting results for aggregate models for the entire population is discussed. A method to
predict the electricity demand using linear regression (LR) and Support Vector Regression
(SVR) is proposed in [43]. The SVR and LR are implemented using weka tool which classifies
and clusters the data. Error calculation shows that the proposed method provides improved
accuracy as well as improved performances. Clustering for bottom-up short-term load
forecasting is used in [44]. The disaggregation strategy uses a nonparametric model to handle
forecasting and wavelets to define various notations of similarity between load curves, and it
achieves a 16% improvement in forecasting accuracy when applied to French individual

consumers.

4.3 ARIMA model

Box and Jenkins developed a mathematical model for forecasting a time series by fitting it
with the data and using the fitted model for forecasting (i.e. ARIMA model) [45-46]. In
general, the ARIMA process is written with the notation ARIMA (p, d, q), where p denotes
the number of autoregressive orders in the model. Autoregressive orders specify the previous
values from the series are used to predict current values; Difference (d) specifies the order of
differencing applied to the series before estimating models. Differencing is necessary when
trends are present (series with trend are typically nonstationary and ARIMA modeling
assuming stationary) and is used to remove their effect. Moving Average (g) specifies how
deviations from the series mean for previous values are used to predict current values [47].
The parameters (p, d, g) are always estimated on using the stationary time series which is
stationary with respect to its mean and variance.

ARIMA model combines auto regression which fits the current data point to a linear
function of some prior data points and moving average adding together several consecutive
data points and getting their mean and then using that to compute estimations of the next
value. Notation AR(p) refers to the autoregressive model of order p and is expressed as [48-
49]

Xi=c+0i X1+ 2 X2t o+ 0p X p+ €4 (7)
Where, @1, @2, -** @, are the parameters of the model, cis a constant and ¢ ,is white noise.
An MA (g) model uses past errors as the explanatory variable. The MA (g) model is given by

X;=p+ 6016140t 0 4Eg+ &, 8)
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where p is the mean of the series and &, ;- #,are the parameters of the model and the
£ &g are the white noise error terms. The value of gis called the order of the MA model.
An ARMA consists of two parts, an autoregressive (AR) part, and a moving (MA) part. The
model is usually then referred to as the ARMA (p, g) model where p is the order of the
autoregressive part and ¢ is the order of the moving average part.
Xi=c+ 01 X1+ Q2 X2+ o + Qp X p +

O1 g+ "+ Oy &i-g+ &4 (9)
An ARIMA (p, d, g¢) model is a generalization of an ARMA model where p, d, g are non-
negative integers that refer to the order of the autoregressive, integrated and moving parts of
the model.

To deal with the seasonality of the ARIMA model Box and Jenkins [50] generalized
ARIMA model where the seasonal differencing of appropriate order is used to remove non-
stationary from the series. A first-order seasonal difference is the difference between an
observation and the corresponding observation from the previous year. For a monthly time
series s= 12, and for quarterly time series s= 4. The model is generally termed as SARIMA( p,
d, q@ X (P, D, Q)*model.

4.4 Target of the research
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Figure 4.3 Map of Chubu University with East-campus in red boundaries
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Figure 4.3 represents the map of Chubu university with the red boundaries indicating the

boundaries of East-campus, the target of this research.
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Figure 4.4 Line graph of whole university electricity load of academic year 2018

As seen in figure 4.4, the electric load of Chubu university changes over the year, with the
highest electricity load in air-conditioning usage period in the summer and winter season.
During vacations, electricity is found to fall low, near to the base electricity load of the
university. Throughout the week too, there is a rise and fall in the electricity load due to the
effect of lectures, partial lectures (Saturdays), holidays (Sundays and public holidays),

occurrences of events, etc. Thus there is a presence of both seasonal and weekly trend.

4.5 Methodology
Data used in this research are the hourly electricity load data of the East Campus of Chubu
university of the academic year 2017 and 2018. Chubu university has a Building Energy
Management System (BEMS) where electricity load data are measured at the transformer of
each building, and the data is collected in the BEMS server every minute. The minute data
are summed to produce hourly data, and thus, one-year data consists of 8760 data for each
building. Due to technical problems, data collected in the BEMS server contain outliers and
missing values. The presence of outliers in the training data can lead to errors in the
forecasting output. Thus, in this research the outliers present in the raw data are converted
into not available (NA) values as in [51] and were imputed with appropriate values using
linear interpolation using the zoo package of R programming language.

Data free from missing values and outliers are then analyzed using K-means clustering
method. As in [51], the number of cluster = 6 is found to be appropriate and one whole year

electricity load data are classified into 6 clusters. The main objective of this analysis is to
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forecast the peak energy consumption of university buildings and develop an automatic
process that receives data from the BEMS sever and forecast the peak load so that some
strategy can be implemented for peak load reduction. The electricity load in university
buildings depends upon different factors such as presence or absence of holidays, presence or
absence of lectures, use or no use of air-conditioning, the occurrence of events, and use or no
use of experimental facilities. Thus the energy load is changing day to day. Forecasting of
electricity load without considering above factors can cause a high error in the forecasting
result. Thus, to make an automatic system for data processing, we created a hybrid model with
clustering and ARIMA model, that automatically clusters data so that the cluster number of
the forecasting day is known. In the case of ARIMA model, the selection is made automatically
using the auto.arima function of R programming language. The hybrid model combining
clustering and ARIMA not only make the process automatic but also improves the accuracy

of the electricity load in university buildings.
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Figure 4.5 Flow chart of Proposed method

The process from data collection to electricity load forecasting is shown in the flow chart
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in figure 4.5 The data used in this paper are the building energy data of the East campus of
Chubu University. The data is collected from the BEMS server are 30-minute interval data
which is converted into hourly data. After outlier detection and imputation of missing values,
one-year data (365 days) including the forecasting day until 9 AM are created. These data are
converted into 365 X 24 order matrix, out of which electricity load data from 6 AM to 9 AM
from all 365 days including the forecasting day until 9 AM are extracted, on which clustering
is performed. The data from 6 AM to 9 AM of the forecasting day is used only for clustering,
and not for electricity load forecasting. In this study, six clusters were found to be suitable and
the initial centroids are calculated using the percentile method. The clustering result classifies
all 365 days into 6 clusters with days that have the similar electricity load characteristics. Then,
a dataset with days belonging to the same cluster as the forecasting day is created, which is
used as the training data for the forecasting model. The parameters (p, d, g) of the best model
for the training dataset is calculated using the auto.arima function of R programming language.
The next step is the testing of the residuals of the model using Ljung-Box statistics; if the
residuals is a white noise, then the model is ready for forecasting, otherwise selection of the
new model is required.

The electricity load data of each day from 6 AM to 9 AM is used for clustering the day of
which the electricity load forecasting is expected. Here, the data from 6 AM to 9 AM is used
only for clustering the day on which the forecasting is done, not for electricity load forecasting.
The combination of clustering and ARIMA model have been used before as discussed in the
literature review section but most of them are related to clustering the group of customers
and finding the aggregate forecasting of individual clusters. This concept of clustering the
forecasting day has never been discussed in any other journals before.

Using K-means clustering we classified the electricity load of the university into 6 clusters

based on the hourly distribution of one-year electricity load.
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Figure 4.6 Electricity load of cluster center 1 to 6
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Figure 4.7 Electricity load distribution of cluster centers using box plot

Figure 4.6 is the electricity load plot of each cluster and figure 4.7 is the box plot showing the
electricity load distribution of Chubu university per cluster and hours of the day respectively.
A large difference in the energy load from cluster 1 to cluster 6 is found, even the base energy
is found to increase with a rise in the cluster number. The electric load from 10 PM till 6 AM
is almost similar. From 8 AM, the electric load is found to rise sharply until it reaches its peak
around 1 or 2 PM. As seen in figure 4.6, the electricity load peak for each of the cluster is
different, and thus by clustering the forecasting day and using it cluster members for
electricity load prediction can improve the peak load forecasting accuracy of any forecasting
algorithm.

Many comparative studies have been conducted with the aim of identifying the most
accurate methods for time series forecasting [52]. However, research findings indicate that
the performance of forecasting methods varies according to the accuracy measure being used.
A good accuracy measure should provide information on the clear summary of the error
distribution. Root Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE)
and Mean Absolute Error (MAE) are the very early and most popular accuracy measures. In
this paper, we use these accuracy measures for the forecasting results.

RMSE and MAE are scale-dependent measures since their values depend on the scale of the
data. They are useful in comparing forecasting methods on the same data. For 24 hours ahead
forecasting, if “e” represents the error in forecasting for each hour and “Yz” represents the
actual values, RMASE and MAE can be defined as

MAE = % el (10)
MSE = ~ 3" e? and RMSE = VMSE (11)

MAPE is based on percentage error of the observation and is scale-independent.
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MAPE = lz lec (12)
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4.6 Fitting of ARIMA Model

The Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF) are used
to estimate the value of parameter p and ¢ in the ARIMA model. Figures 4.8 and 4.9 shows
the ACF and PACF of electricity load data of the training dataset for electricity load
forecasting on 2" April 2018. Based on the first two lags, it might be possible that AR (2)
works based on the first two spikes in the PACF. To identify stationary/non-stationary
processes of the time-series, we use Augmented Dickey-Fuller test (ADF). The null-
hypothesis of an ADF test is that the data is non-stationary, and small p-values suggest
stationary. On using the ADF test using adf.test function of R programming language, the
series was found stationary. Thus the parameter d in the ARIMA model can be chosen to
bezero. The pattern in ACF indicates the presence of seasonal behavior. To check the seasonal
behavior, we check the situation on lags around 24 and 48. When data are seasonal, the
autocorrelation will be larger for the seasonal lags (at multiple of the seasonal frequencies)
than the other lags. In this paper hourly electricity load data is used. In the case of University
data, electricity load at a certain time is likely to be similar to the electricity load at the same
time in the previous days. Thus the presence of larger spikes at 24 and 48 in ACF indicates
the data has seasonality. In ACF and PACEF there is a presence of spikes at 24 indicating the

data has seasonality.
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Figure 4.8 ACF of the training data
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Figure 4.9 PACF of the training data

To find the best model for this data, we fit different models and select the model with the
minimum Akaike Information Criteria (AIC) value. AIC is an estimator of the relative quality
of statistical models for a given data set. The selection of the model is important, as under-
fitting a model may not capture the true nature of the variability in the outcome variable, while
an over-fitted model loses generality. AIC is then a way to select the models that best balances

these drawbacks and a smaller value of AIC represents a better model [53].

Table 4.1 AIC values of suggested ARIMA models

ARIMA (p,d,q)(P.D,Q)s| AIC
ARIMA(2,0,0)(0,0,0)24 | 2105.4
ARIMA(2,0,1)(2,0,0),4 | 2104.5
ARIMA(2,0,1)(2,0,1)2 | 2096.4
ARIMA(2,0,2)(2,0,1)24 | 2098.6
ARIMA(2,1,1)(2,0,1)2 | 2097.6
ARIMA(3,0,1)(2,0,0)2 | 2105.6
ARIMA(3,0,1)(2,0,1)24 | 2097.8
ARIMA(3,0,1)(3,0,1)24 | 2107.9

In table 4.4 the smallest value of AIC is obtained for seasonal ARIMA with the non-seasonal
part (p, d, g) = (2, 0, 1) and the seasonal part of the model (P, D, Q) = (2, 0, 1). Then, we
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calculated the parameters of the best model for the training data using the auto.arima function
of R programming language. The best model produced by auto.arima was “ARIMA(2,0,1)
(2,0,1) 24" with AIC value 2096.4, same as the least value of AIC in the table.
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Figure 4.10 Residual analysis for the ARIMA (2, 0, 1) (2, 0, 1) fit to the data

Figure 4.10 shows the plot of residuals, its ACF values, and the histogram. As the ACF of
residuals are within the significance level, the model selected using auto.arima is best fit for
the training dataset. The objective of this research is not only to increase forecasting accuracy
but also to make the forecasting process automatic. As the days pass on new data are added
into the system and these data will be used in the forecasting in the future days. Thus, the
training data used for forecasting goes on changing with time. Appropriate selection of these
parameters (p, d, g) can only provide accurate forecasting results. Thus, we decided to select
the best model using auto.arima functions for other training datasets. However, we use the
Ljung-Box test for confirming whether the residuals are white noise or not.

Some other reasons for making the forecasting automatic includes

1) Fitting a model is not a simple task and most users are not expert at fitting time series
models

2) Automatic algorithms can produce better models than many experts.

3) Many businesses need hundreds of forecasts per week/month and they need it fast.

4) Some multivariate forecasting methods depends on many univariate forecasts.
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4.7 Results

To carry out the proposed algorithm, it is necessary to determine the cluster number of the
forecasting day. For this purpose, it is essential to select the dataset according to the
forecasting day. In this research, data for two years from the 1% of April 2017 to the 31 of
March 2019 is used. If the forecasting of electricity load on the 1%t of March 2018 is expected,
then a one-year data starting from 2" of March 2018 to 1% of March 2019 is created. The
electricity load data from 6 AM to 9 AM of whole one year including the forecasting day is
extracted. Then, K-means clustering is done on the extracted data that is converted into a
365 X 4 order matrix by extracting 6 to 9 AM data from 365 days. The initial centroids required
for K-means clustering is determined using the percentile method. The entire one-year data
are classified into six clusters; and each cluster representing the group of days having similar

electricity load characteristics.

year-2017 month-08 year-2017 month-12 year-2018 month-04

year-2017 month-09 year-2018,month-01 year-2018,month-05

Cluster

year-2017,month-10 year-2018,month-02 year-2018,month-06
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Figure 4.11 Calendar plot of clustering result with number of clusters k = 6
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Calendar plot of figure 4.11 is the clustering result of the one-year dataset including the
forecasting day. The forecasting day, 27 July 2018 is assigned to cluster 5. The purpose of this
research is to forecast the electricity load with the purpose of reducing the peak energy load
in buildings. In the case of ARIMA forecasting, the training data is chosen a few days before
the forecasting days. Thus, a variety of days with different electricity load pattern are mixed
in the training data, which are used to forecast the electricity load of the next day, which may
produce forecasting with high errors. In the case of the proposed method, the training data
are selected using the clustering method. This makes the member of the training data have

similar electricity load characteristics as the forecasting day and hence increasing the accuracy
of the forecasting result.
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Figure 4.13. Forecasting result proposed method
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Figure 4.12 and 4.13 are the forecasting results of the ARIMA model and proposed method
respectively on 27 July 2018.

Black lines represent the training datasets whereas the forecasting result is indicated by
red color. 24 preceding days are used as the training dataset in the ARIMA model whereas a
group of days belonging to the same cluster as the forecasting day is used in the proposed
method. The training dataset for ARIMA model consists of 24 days (576 hours), whereas the
training data for the proposed method consists of 7 days (168 hours). The best model for both
ARIMA and proposed method is calculated using the auto.arima function in R programming
language. The computational time of the ARIMA method and the proposed method was
measured using system.time function of the R programing language using computer with a
processor, Intel(R) Core(TM)i7-6700 CPU @3.4GHz and 16 GB RAM. The elapsed time for
the ARIMA model was 9.30 second whereas the elapsed time for the proposed method was
significantly lower at 0.45 second.

The comparison between forecasting result of ARIMA model and proposed method using

East campus data is shown in figure 4.14.
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Figure 4.14 Forecasting result of ARIMA and proposed method in comparison to actual data
on 27 July 2018.
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Table 4.2 Forecasting result of suggested ARIMA model and proposed method

Forecast

Forecast

) ) Error Error
using using
Actual ARIMA Propsed ARIMA Proposed
time data model method model method
t A, Fa Fp Ea E,
0:00 1001 1003.2 866.8 -2.2 134.2
1:00 979 962.8 859.6 16.2 119.4
2:00 933 953.0 855.6 -20.0 77.4
3:00 924 915.8 851.2 8.2 72.8
4:00 905 901.6 848.7 34 56.3
5:00 917 916.7 846.4 0.3 70.6
6:00 936 944.2 845.6 -8.2 90.4
7:00 967 1006.5 913.9 -39.5 53.1
8:00 1404 1473.2 1310.2 -69.2 93.8
9:00 2016 2102.6 2044.0 -86.6 -28.0
10:00 2148 2302.0 2155.2 -154.0 -7.2
11:00 2285 2426.8 22935 -141.8 -8.5
12:00 2275 2446.9 2283.6 -171.9 -8.6
13:00 2357 2541.3 2376.6 -184.3 -19.6
14:00 2390 2574.1 2394.8 -184.1 -4.8
15:00 2300 2541.2 2274.9 -241.2 25.1
16:00 2224 2394.8 2184.6 -170.8 39.4
17:00 1827 2100.8 1926.1 -273.8 -99.1
18:00 1658 1830.4 1688.6 -172.4 -30.6
19:00 1471 1622.4 1461.7 -151.4 9.3
20:00 1289 1391.0 1258.2 -102.0 30.8
21:00 1071 1159.3 1039.9 -88.3 31.1
22:00 938 1098.3 927.1 -160.3 10.9
23:00 930 1073.5 910.1 -143.5 19.9
MAE 108 47.5
RMSE 134.6 60.7
MAPE 6.6 4.2
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From table 4.2, the values of MAE, RMSE, and MAPE of the proposed method is found to be
small in comparison to that of the ARIMA model. Results from figure 4.14. and the values of
MAE, RMSE, and MAPE of the proposed method shows that the proposed method produces
better results than the ARIMA model.

The electricity load forecasting of each day using the ARIMA model and the proposed
method from 1%t of April 2018 till 315 of March 2019 was performed. The MAPE, RMSE and
MAE of each day between the actual data and the forecasted data using the ARIMA model
and proposed model was calculated. Table 4.3 shows the one-year average value of MAPE,
RMSE, and MAE between the actual and the forecasted value using the ARIMA model and
the proposed method by day of the week.

Table 4.3 Error values of forecasting result by ARIMA model and proposed method

ARIMA model Proposed method
MAPE RMSE MAE MAPE RMSE MAE
SUN 32.9 364 261.2 5.8 61.9 47.6
MON 18.4 413.1 299.9 5.2 90.4 68.1
TUE 11.9 258 188 4.3 83.8 60.7
WED 9.9 2134 155.8 4.3 78.7 59.5
THU 5.8 99.4 73.2 3.8 69.0 514
FRI 5.8 100.9 75.6 5.0 86.2 65.2
SAT 27.9 406.8 296.7 7.6 102.4 77.4
One Year 16.1 265.3 193.1 5.1 81.7 61.3
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Figure 4.15 MAPE value for ARIMA and Proposed method

82



450
mARIMA  m Proposed

400
350
300
= 250
=
& 200
150
100
0
MON TUE WED THU FRI SAT SUN One Year
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Figure 4.17. MAE value for ARIMA and Proposed method

Figures 4.15, 4.16 and 4.17 represent the bar graph showing the values of MAPE, RMSE, and
MAE for the ARIMA and proposed method, respectively. The value of MAPE, RMSE, and
MAE for ARIMA model is quite high at Saturday, Sunday, Monday and Tuesday in
comparison to the proposed method. As ARIMA model forecasts based on the electricity load
of the previous days, sudden rise and fall of electricity load before the forecasting days which
can occur due to the holiday (Sunday), partial holiday (Saturday) and the occurrence of events

like campus festivals, open campus, sports events etc. can affect on the forecasting accuracy.
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Figure 4.19. Forecasting using proposed model

Figures 4.18 and 4.19 are the one day ahead forecasting result after removing Saturday and
Sunday from the dataset. Figures 4.18 and 4.19 shows the forecasting results of ARIMA model
and proposed method respectively on 18" September 2018. To remove the effect of the
holiday (Sunday) and partial holiday (Saturday), a dataset was created removing all Sunday
and Saturday data from the academic year data 2018. Although there is no presence of
Saturday and Sundays on this data, fluctuations in the electricity load data can be found. The
presence of reduced electricity load on 17" September (a day before forecasting) led to a
considerable error in the forecasting result on 18™ September as shown in figure 4.18.In case

of proposed method, the presence of increased or reduced electricity load a day or few days
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before the forecasting day does not affect the forecasting result because the training data of
the proposed method are the days belonging to the same cluster group with similar electricity

load characteristics as the forecasting day.
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Figure 4.20 Forecasting result of ARIMA and proposed method after removing Saturday and

Sunday on the training data.

The MAPE, RMSE, and MAE values between the actual and forecasted values when
Saturday and Sunday are removed using the ARIMA model are 18.5, 311.5, 253.7 respectively.
Whereas, the MAPE, RMSE, and MAE values between the actual and forecasted values using
the proposed method is significantly lower at 2.7, 50.5 and 36.4 respectively.

Grouping by the day of the week can be a slightly better option than using the only random
days for forecasting. For example, to forecast the energy load on 18" January 2018 (Thursday),
the training data for ARIMA model can be constructed by collecting previous days belonging
to the same day of the week (Friday), as energy load is likely to be similar on the same day of
the week, rather than another day of the week. In figure 4.11, the forecasting day 18" January
2018 belongs to cluster 5. The days belonging to the same day of the week (Thursday) on the
preceding weeks are found to belong to clusters 6, 2, and 1. This will cause deviation in the
forecasting values in the forecasting day.

Exclusion of holidays and grouping by the days of the week can improve the accuracy of
forecasting when done manually; however the accuracy is less in comparison to the proposed
model because the exclusion of holidays and grouping by the day of the week cannot ensure
that the training data have similar characteristics as in the case of clustering. Thus, clustering

is the best method to group the days on the basis of their similar electricity load characteristics.
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4.8 Discussion

In this paper, we proposed a method to increase the performance of the ARIMA model using
clustering technique and forecasting the electricity load automatically. Using proposed
method, the analyst doesn’t need to think about the energy load pattern in the previous days
(e.g. Holidays, occurrences of events, etc.) as the training data in the proposed method is
created using the group members of belonging to the same cluster as the forecasting day.
The proposed method can be useful for the conservation of energy in buildings and demand
response. The electricity power company usually apply higher rates to their customers in the
day time than in the night. Higher consumption of electricity in the electricity peak hours in
the day can lead to higher electricity bills of the customers. Forecasting of electricity load
before reaching the peak electricity load can provide the management authorities, faculty staff,
and students with sufficient time to make a strategy for reduction of peak electricity load. For
example, the authorities can decide the time of discharging the battery, time for using
cogeneration, etc. before the peak hours and faculty staff and students can take actions for
reducing electricity consumption if they are informed about the forecasting. Moreover, this
method can be useful in the demand response for reducing the electricity bills by avoiding
electricity usage during the high electricity rate hours. Thus forecasting of electricity load can
be helpful in energy conservation in buildings. The measures for peak load reduction differs
from buildings to buildings. Some general measures that can be adopted for peak load

reduction in university buildings are discussed below.

4.9 Measures for electricity peak reduction

® In summer raising the air-conditioning setting temperature can help a lot for peak
electricity load reduction. In Chubu University the air-conditioning setting temperature
is usually done at 26 degrees. Hence, by raising the setting temperature from 26 to 28
degree can save at least 10% of the electricity load.

® Turning off the unnecessary lighting. Opening the blinds of the window and letting the
natural light to enter the room.

® Using the electricity stored in the battery charged during off-peak hours and the
electricity generated by PV during the electricity load peak hours.

® Turning off the lights on the lecture room strictly before and after the lectures.

® Turning off the computers that are not being used.

® Requesting the researchers to conduct the experiments that consume lots of electricity
beyond the peak load hours (i.e. beyond 10 AM — 3 PM).
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4.10 Measures for base energy reduction

Base energy includes that equipment that operates 24 hours and all the year-round. Some

examples of refrigerators, servers, emergency lamps, ventilation fans, vending machines,

sensors, etc. Some measures for base energy reduction is listed below

® Raising the setting temperature of refrigerators without affecting the quality of contents
within it.

® Requesting to turn off the experimental equipment during the peak load hours if possible.
Replacing emergency light and another lighting with energy-efficient LED lamps.
Sleep mode of computers, printers, and other equipment when not in use should be
turned off.

® Lights of the vending machine should be turn off at the peak load hours during the day.

® Motivating the common use of electric hot water pots, refrigerators, etc. rather than

individual use or use per rooms.
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Chapter 5

Data analysis and visualization using Shiny

5.1 R programming language

R is a language and environment for statistical computing and graphics. R provides a wide
variety of statistical (linear and non-linear modelling, classical statistical tests, time series
analysis, classification, clustering etc.) and graphical techniques, and is highly extensible. One
of R s strength is the ease with which well-designed publication-quality plots can be produced,
including mathematical symbols and formulae where needed. Great care has been taken over
the default for the minor design choices in graphics, but the user retains full control. R is
available as free software under the terms of the Free Software Foundation's GNU General
Public License in source code form. It compiles and runs on a wide variety of UNIX platforms
and similar systems, Windows and MacOS.

Although used mainly by statisticians and other practitioners requiring an environment
for statistical and software development, R can also operate as a general matrix calculation
toolbox with performances benchmarks comparable to GNU Octave or MATHLAB.

The capabilities of R are extended through user-created packages, which allow
specialized techniques, graphical devices, import/export capabilities, reporting tools, etc.
These packages are developed primarily in R, and sometimes in Java, C, C++ and Fortran.
The R packaging system are used by researchers to create compendia to organize research
data, code and report files in a systematic way for sharing and public archiving. The core set
of packages is included with the installation of R, with more than 15,000 additional packages

and other repositories.

5.2 Shiny

Shiny is an R package that makes it easy to build interactive web apps straight from R. We can
host standalone apps on a webpage or embed them in R Markdown documents or build
dashboards. We can also extend your Shiny apps with CSS themes, htmlwidgets, and

JavaScript actions.
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Figure 5.1 Example of graphical visualization of data in the form of histogram using Shiny

Figure 5.1 shows an example plot of a histogram of a dataset called “faithful” with a
configurable number of bins. Users can change the number of bins with a slider bar, and the

app will respond to their input.

5.2.1 Structure of the Shiny App

Shiny apps are contained in a single script called app.R. The script app.R lives in a directory
(for example, newdir/) and the app can be run with runApp(“newdir”). app.R has three
components:

® a user interface object

® aserver function

® a call to the shinyApp function

The user interface (ui) object controls the layout and appearance of the app. The server
function contains the instructions that our computer needs to build our app. Finally, the
shinyApp function creates Shiny app objects from an explicit Ul/server pair. In the newer
version of Shiny, the ui object and server are supported in a single file which makes it possible
to copy and paste the entire app into the R console, which makes it easy to quickly share the

code to others to experiment with.
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To prepare ui for the Shiny as shown in the figure 5.1, we require following codes
# Define Ul for the app that draws a histogram
ui <- fluidpage (

# Add App title
titlePanel (“Hello Shiny!”),

# Sidebar layout with input and output definations

sidebarLayout (

#Sidebar panel for inputs

SidebarPanel (

# Input: Slider for the number of bins
sliderInput (inputId = “bins”,
label = “Number of bins:”,
min = 1,
max = 50,
value = 30)
)y
# Main panel for displaying output

mainPanel (

#Output: Histogram
plotOutput (outputId = “disPlot”)
)

server
The server function can be written as

server <- function (input, output) {

outputdistPlot <- renderPlot ({

x <- faithful$waiting

bins <- seqg(min(x), max(x), length.out = inputSbins + 1)

hist (x, breaks = bins, col = “*75AADB”, border = “white”,
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xlab = “waiting time to next eruption (in mins)”,

main = “ Histogram of waiting times”)

The script does some calculations and then plots a histogram with the requested number of

bins. We can see that most of the script is wrapped in a call to renderPlot.

5.3 Shiny as a visualization platform

In this research we use Shiny for the visualization of the analyzed result. The first part of
the data visualization and analysis process using Shiny is the uploading of the data that is to
be analyzed. This can be done by clicking the Browser option in the in the “Please upload the
CSV file” menu. On opening the Browser button a dialog box appears through which we can

select the file we want to upload. Figure 5.2 is an image of Shiny Building Analysis tool.

Building Energy Analysis Tool
Dataset [kWh]

e ot o st Welcome to [Building Energy Analysis Tool ]
Clustering

Forecasting

Please upload the CSV file

Browse...

Select the date range
2019-10-15  to | 2019-10-15

select the building for

analysis (Multiple selection

allowed)

Select the range of Y-axis

[

select the building to be
clustered (multiple not
allowed)

Figure 5.2 Image of Shiny Building Energy Analysis tool

As shown in the above figure 5.2, the main components of visualization and data analysis
includes “Line graph and Heatmap”, “Clustering” and “Forecasting”. All these menus are in
the slider bar on the left side of the screen as shown the figure 5.2. Selection of the range of
Y-axis and the selection of building to be clustered are also available.

From the select the data range option as shown in figure 5.3, we can select the desired
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range of date, which we want for the analysis and visualization.
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Figure 5.3 The date selection feature of Shiny App
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5 2018-04-01T04:00:00Z 718
6 2018-04-01705:00:00Z 686
7 2018-04-01T06:00:00Z 679
8 2018-04-01T07:00:00Z 665
9 2018-04-01T08:00:00Z 612
10 2018-04-01709:00:00Z 578
1 2018-04-01T10:00:00Z 576
12 2018-04-01T11:00:00Z 560
13 2018-04-01T12:00:00Z 566
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16 2018-04-01T15:00:00Z 657
17 2018-04-01T16:00:00Z 679
18 2018-04-01T17:00:00Z 701
19 2018-04-01T18:00:00Z 737

Figure 5.4 Building selection feature of Shiny App
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Next option is the selection of buildings for the clustering. On clicking on the “select the
building for analysis” option as shown in figure 5.4, a list of all the names of the buildings
appears. By using the scroll down menu, desired buildings can be selected. Multiple selection
of buildings is also possible. Figure 5.5 shows the visualization of data in the form of trend

graph and heat map using Shiny
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Figure 5.5 Producing line graph and heatmap using Shiny App
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Figure 5.6 Producing multiple building line graph using Shiny App
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Figure 5.6 shows the plotting of East campus and West campus of Chubu University by the

selection of the both the campuses using the multiple selection features.
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Select the range of Y-axis

Figure 5.7 Selection of the range of Y-axis feature of Shiny App

By using the “select the range of Y-axis” menu as shown in figure 5.7, the range of Y-axis can
be altered. This option comes to be handy when plotting the line graph of two different

building with large difference in electricity consumption.
Line graph
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time

Figure 5.8 Line graph after the range of Y-axis changed

Line graph when the range of the y-axis is changed from 0-4000 kWh to 0-2500 kWh is shown
in figure 5.8.

The clustering button allow us to perform clustering of the imported data and print the

clustering result in the form of cluster centres and calendar plot as shown in figure 5.9.
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Figure 5.9 Production of cluster centers and calendar plot using Shiny App

By analysing the cluster center graph and calendar plot graph, we can analyze in which
day of the year, how much electricity is being used. The base energy and the peak energy
consumption can be visualized.

The final option we plan to develop is the plotting of the electricity load forecasting result.
Using a hybrid model of clustering and ARIMA model we can forecast the energy
consumption of the forecasting day with noticeabily good accuracy. A 24 hour forecasting of
the forecasting day is shown in figure 5.10.The “Forecasting” option in the side menu bar
allow us to forecast the electricity consumption of the day. This is helpful for the planning of

the peak load reduction in buildings.
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Figure 5.10 Forecasting result using Shiny App

Once the Shiny App is deployed on a web-based server such as Amazon Web Service
(AWS) anybody with the server address can access the app and interact with it. The real-time
data can be uploaded into the server every hour and the real-time comparison between the
forecasted and the actual values can be performed. Thus, the efforts taken for peak load
reduction can also be seen in real time.

The proposed method using Shiny App and AWS includes

® Making a group e-mail and SNS of energy conservation members of Chubu University
which includes professors, master" s course students, and faculty staff.

® Sending a mail with the link to the AWS server to the group members at 9:10 AM on
weekdays.

® Requesting the group members to act towards peak load reduction based on the
forecasted result.

Deploying the Shiny App to the web-based server has made it possible to view the energy
status not only on the computer but also on the smartphone, and this makes the Shiny App
more accessible regardless of the location of group members. Moreover, the selection of
buildings makes it possible to view the energy pattern of the buildings in which they are
interested. Hence, through the proper usage of the Shiny App and cooperation of the group

members, electricity peak load reduction can be contributed.
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Chapter 6

Conclusion

In this paper, we analyzed the electricity consumption pattern of Chubu University and
proposed different methods for the energy management of university buildings. For the
conservation of energy in university buildings, it is necessary to know when and how much
energy is being consumed. For analyzing the energy consumption, we used K-means
clustering method. To improve the performance of K-means clustering, we need to choose
the initial centroids. In this paper we used percentile method based on the empirical
cumulative distribution for the selection of initial centroids. Using this method, the accuracy
was improved in comparison to the random initialization method and the empty clusters were
also removed. The method was also found to produce better clusters in the case of building
energy time series data, which was supported by the fact that the clusters produced by the
proposed method has small within-cluster sum of square distance and large between-cluster
sum of squared distance. The uncertainty of the K-means algorithm was also removed because
the result produced by the proposed method were same irrespective of the number of trials.
It is also necessary to determine the number of clusters before running the K-means algorithm
and to get better result it is essential to select proper number of clusters. To determine the
proper number of clusters for Chubu University, we analyzed the electricity consumption into
six clusters. The calendar plot for three to five clusters produced using K-means clustering
did not match the university schedule. For six clusters, the clustering result was similar to the
university schedule. This was also verified using clValid package of R programming language.
So, we found that six clusters were appropriate for Chubu University.

We used the K-means clustering to classify the energy consumption of Chubu
University into energy consumption by factor which includes “base energy consumption”,
“human activity factor energy consumption” and “air-conditioning factor energy
consumption”. This classification was done for the departments as well as the buildings of
Chubu University and their energy consumption characteristics were analyzed. It was found
that College of Engineering has large base energy consumption and the difference between
the base energy of cluster 1 and remaining clusters was found high. Characteristics similar to
the College of Engineering was also found in College of Bioscience and Biotechnology and
College of Life and Health Sciences. The office buildings and non-science department of
Chubu University was found to have low base energy consumption and the difference in the
base energy of cluster]l and remaining cluster was found low. Thus the energy consumption

pattern in case of office buildings of Chubu University was found to have similar pattern to

97



the buildings of non-science departments. Moreover, the peak of peak days in case of
buildings of Science department was found to increase with the increase in the base energy
consumption whereas, no such relation was found in the case of buildings of non-science
department. In case of buildings of Science department, the possibility of peak energy
consumption was found higher, whereas in the case of buildings of non-science departments
and office buildings the possibility of peak energy reduction was found higher.

For the peak load management in university buildings forecasting of the electricity load
is essential because forecasting earlier to the peak load hours provides the energy conservation
team with sufficient time and information for making strategy and act for electricity load
reduction. In this paper a hybrid model of clustering and ARIMA model is used for improving
the accuracy of forecasting result and making the forecasting of electricity load automatic. For
clustering the electricity consumption data, one-year data including the forecasting day from
6 AM to 9 AM is used. Then the one-year data is classified into 6 clusters using the K-means
clustering algorithm. The members of the day in which the forecasting belong are used as the
training data for forecasting the electricity load. The probability that the cluster members of
the forecasting day have similar electricity load pattern like the forecasting is quite high in
comparison to other clusters. This novel concept of collecting the days with similar electricity
load pattern as the forecasting day has proved to produce better forecasting result than the
ARIMA model. The accuracy of the forecasted result of the proposed method and ARIMA
model are compared by calculating the MAPE, RMSE and MAE values. One-year forecasting
result from 15t April 2018 to 31°t of March 2019 shows that the value of MAPE, RMSE and
MAE of the ARIMA model is 16.1, 265.3 and 193.1 whereas the proposed method is
significantly lower at 5.1, 81.7 and 61.3 respectively. The proposed method can also be used
for the demand response of energy in buildings. As an application of the proposed we
developed a data analysis and visualization platform using Shiny App. Shiny App allows the
user to interactively view the forecasted result of the desired building. Once the app is
deployed into the web-based server such as Amazon Web Service (AWS) anybody having the
server address the App and interact with it. The real time data can be uploaded into the server
every hour and real time comparison between the forecasted and actual valued can be done.
Creating an email or SNS group of members related to the energy conservation in university
buildings and sending them messages everyday on the weekdays stating the status of
forecasted electricity load of the day and requesting to act for the peak load reduction is

expected to help for the energy management of energy in buildings.
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