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Abstract

Time series (TS) is an integral part of the modern life that helps to understand
the several aspects of the daily activities. For example, the trend in weather time
series gives an idea about the climate conditions of a place, the trend in infectious
disease time series data gives an idea about rate at which the disease rises and
the preventive measures to be taken. Several data collection devices like sensors,
data loggers, data streaming platforms are used to accumulate the time series
data from multiple domain. TS analysis on the historic data provide a basis to
derive the underlying patterns and anomalies. It further helps in evaluation and
deciding the performance of the systems, models and identify the areas that require
improvements.

Several research questions arise for time series data mining operation and
this thesis intends to address the following 1. how to preserve the pattern based
information when using the dimensionality reduction or the TS data representation
techniques 2. how to identify the frequently occurring temporal patterns from the
historic time series datasets at the same or different time granularity 3. how to
identify the atypical patterns from the historic time series datasets 4. out of the
many time series samples present, how to identify the time series samples that
have a regularity in patterns.

This thesis aim to contribute towards the above discussed research questions in
case of TS datasets. It is also important to consider the space and time constraints
that will be required to mine each of the patterns present in the entire TS dataset.
In this regard, the first study of this thesis presents a TS dataset representation
technique that can preserve the pattern based information. A weighted directed
graph structure is formed from a dimensionaly reduced TS dataset. A graph based
clustering approach is proposed that group the TS samples based on similar tem-
porally dependent subsequent patterns. The graph path intend to capture the
temporal patterns observed in TS dataset. The frequently occurring longest tem-
poral patterns from each cluster is identified. The temporally dependent atypical
patterns are extracted from the TS dataset using the simple graph component anal-
ysis. The next study of this thesis propose a TS subsequence clustering approach
in case of TS dataset. The proposed clustering technique can identify the dense
coherent substructures which actually represent the subsequently co-occurring
patterns of the time series samples. The cluster labels are further used to compute
the regularity of TS samples. Regularity denote how frequently does the cluster
labels change in each TS sample. The temporally dependent atypical patterns
are extracted using the vertex degree analysis on the graph structure. The third
contributory work of this thesis propose a multiple graph structure formation to
capture the subsequently co-occurring patterns at multiple time granularity in TS
dataset. An automated feature extraction from the subsequences is shown using
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Abstract

state-of-the-art model. The cluster labels are obtained using quasi-clique based
subsequence clustering approach applied at each granular level. The cluster labels
are further used to compute the regularity of TS samples at each granular level. It
is shown that which of the subsequent patterns are common at different granular
level and which of them are different. The final contributory work of this thesis is
to classify the TS samples based on the regularity in patterns. Unlike the previous
work where a graph structure is designed, in this work, the graph structure is
formed automatically by learning which of the previous subsequences are impor-
tant to predict the future subsequence. The attention values obtained from the
state-of-the-art model define the importance of the subsequences when predicting
the future subsequence values, that are used for edge formation. The learnt graph
structure is used to train the Graph convolutional network (GCN) based classifier
model.

The clustering, classification techniques employed to solve the above research
questions is useful in the fields of engineering, finance and utility domain. For
example, in case of stock market TS data, the opening and the closing prices of
a stock differ, and also there exist several companies with similar rise/fall in pat-
terns in their opening or closing stock prices. Clustering and identification of
such companies help in designing accurate recommender systems. Study of the
frequently occurring temporal patterns in case of stock market help in identifying
the companies which have similar patterns during a certain range of time. Iden-
tifying the companies that follow similar rise/falls in pattern at the different time
granularity help in identifying the differences or the similarity between the given
time granularities and study the change in market.

Considering the smart grids utility, the historic TS dataset consist of electricity
power consumption for each residential/commercial building. Considering each
building as a consumer, shows different behavioral usage of appliances that cause
pattern changes. Clustering such consumers help the electricity utility providers
in decision making. Study of the frequently occurring temporal patterns in case of
smart grids, it help to identify the appliances, devices that are dependent in nature,
or are used subsequently. The DSM is the current state-of-the art decision making
system in smart grids that help in maintaining a demand-supply equilibrium. The
regularity measure as shown in this thesis is important choosing the appropriate
consumers for DSM operations. Identifying the TS samples that have temporal
patterns that are different from the majority other consumers is important and
that gives idea about theft, both in case of the stock market and smart grids. An
automated process, like a classifier, that can automatically find the consumers that
are suitable for DSM operations, will reduce the workload of electricity utility
providers.
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Introduction

1.1 Introduction

Time series (TS) is a sequence of values generated from varying sources each
one being recorded at a specific time. In case of a discrete TS, the set of time
stamp at which observations are collected, form a discrete set. For example when
observations are made at intervals of seconds, hours, days, months or years.

1.1.1 Time series

The recent advances in technology help in collection of temporal data from
diverse domains like— astronomy [1], medical science [2, 3, 4], finance [5, 6], engi-
neering, utility [7], environmental science [8], and many more.

Based on the frequency of data collection, the TS can be categorized into the
following;:

e Regular intervals: In this case, the data is collected at equally spaced time
intervals. For example, data recorded for count of four wheeler/two wheeler
in a traffic signal, hourly stock market index, daily web traffic count, are the
regular TS.

e Irregular intervals: In this case, the data is either collected at varying time
interval or in bursts [9]. For example, the ATM transaction data collected
from a bank customer, the account opening at the banks, are irregular TS.

On the contrary, considering the number of variables observed, the TS can be
categorized into the following dichotomy:

e Univariate: TS that consist of a single variable. For example- the daily
average temperature of a place collected over a period of time is a univariate
TS.




CHAPTER 1. INTRODUCTION

e Multivariate: TS that consist of multiple daily variables that are possibly
correlated. For example- the daily average temperature, daily average wind
speed and average humidity of a place, collected over a period of time
combinedly forms a multivariate TS.

In this thesis, we restrict our focus on a set of possibly interdependent, discrete,
regular, univariate TS, referred as the TS dataset. Some of the examples of TS
datasets encountered in the fields of engineering, utility, finance, that are used in
this thesis are briefly discussed below:

1. CER-IRISH: This dataset consists of half-hourly electricity load consumption
of the residential and commercial buildings of Ireland [10]. The Commis-
sion for Energy Regulation (CER), an independent body of Ireland (IRISH),
collected the load consumption data during the year 2009-2010 [10] with the
help of the smart meters. A customer behavior trial is conducted by CER
to study the impact of several energy efficiency measures like the time of
usage tariffs (ToU) and Demand Side Management (DSM) stimuli that were
designed by the statistical advisors. To conduct the trial, the data collection
time is divided into two periods—a benchmark period of six months— 1st Jul
to 31st Dec 2009 and test period- 1st Jan to 31st Dec 2010 [10]. The energy
efficiency measures— ToU and DSM operations are effective during the test
period only. At the end of benchmark period, the residential homes are cate-
gorized into test group and the control group. During the benchmark period,
all the buildings followed their usual load consumption regime without any
DSM plans. During the test period, buildings in the test group were asked
to try different time of use tariffs and DSM stimuli while the buildings of
control group followed their usual consumption regime.

2. London household dataset: The smart meter London household data [11] is
collected for a project initiated by United Kingdom (UK) power networks.
The households are categorized into— affluent, comfortable community, fi-
nancially stretched, urban adversity and not private households. The house-
holds of affluent category have a lavish lifestyle [11]. The households of
comfortable community are either of rural community, old age people with
tidy neighborhood, smaller houses [11]. The households categorized as fi-
nancially stretched belong to students, striving families, semi-skilled work-
ers, poorer pensioners [11]. The households of urban adversity belong to
young families living in low cost flats or low cost terraces, poorer fami-
lies with many children [11]. The households belonging to active/inactive
communal population, is categorized into not private households [11]. Each
household consist of half-hourly load consumption values during the period
of 2011-2014, and the household characteristics information.
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3. Ausgrid solar home electricity dataset: The Ausgrid Smart Home was cre-
ated by Ausgrid and Sydney Water, that aim to trial the next generation of
energy efficient technologies and distributed generation. They plan for a grid
system where the homes can meet their own electricity requirements with-
out compromising their lifestyle. In this regard, they have installed rooftop
solar system into some of the residential houses in Sydney. Each residential
house has a postcode associated with their location. The data consists of
half-hourly power readings of the solar electricity generated by the rooftop
solar system installed in the respective residential houses, starting from the
year 2010 — 2013 [12].

4. Stock market data: The National stock exchange India (NSE) provide real
time data that includes information on stock prices, trading volume, histor-
ical price charts, and more. The dataset used in this thesis consist of daily
closing stock price of various companies during March 2013 to November
2017. Each company belong to one of the four different stock indices- NIFTY
500", NASDAQ?, NYSE? and S&P°.

5. Web traffic: Web traffic data represent the number of visits to a website
or a web page. This dataset, originally accumulated to organize a Kaggle
competition, consists the daily views of different wikipedia articles during
2015 to 2017 [13]. Depending on the mode of access of the wikipedia article,
the dataset has three different sources of traffic- all access, mobile access and
desktop access.

6. CU-BEMS: This dataset captures the electricity consumption of a seven
storeyed office building in Bangkok Thailand [14] in half-hourly interval
for various appliances— light and plug loads, during the year 2018 to 2019.
Each floor of the buildings has several zones— Zone 1, Zone 2, Zone 3 and
Zone 4, and each zone has the electricity consumption readings of lights and
plugs. The uniqueness of the CU-BEMS dataset described in the paper [14]
is the breakdown of building-level electricity consumption into each zone
and each floor of the building.

1.1.2 TS components

A time series {y;}}" ; is said to be stationary if the joint probability distribution of
observations yi, Yi+1,. .., Yi+q is same as that of the joint probability distribution
of observations Yk, Yr+k+1, - - - Yi+k+q, Where the observations are separated by kth
lag [15].

Thttps://www.nseindia.com/
Zhttps://www.nseindia.com/
Shttps://www.nseindia.com/




CHAPTER 1. INTRODUCTION

Irrespective of the domain from which the data is accumulated, the TS has
several components that exhibit the overall pattern throughout the TS. The com-
ponents are discussed below:

e Trend: A continuous increase or decrease in TS pattern which may or may
not be linear in nature.

e Seasonality: The repeating cycles observed across different time granulari-
ties.

e Random: This is an irregular residual obtained after removing the trend and
seasonality from the TS.

Common approaches to decompose the TS into its components is the additive
and the multiplicative decomposition [15]. For TS y;, the trend and seasonality
can be obtained using the additive decomposition, shown in Equation 1.1 or the
multiplicative decomposition, shown in Equation 1.2.

Y = ¢ + tt + 1y (11)
Y = o Xt X1 (1.2)

where, t; is the trend component, s is the seasonal component and 1; is a
random component. For example, consider y; consist of the number of births
per month in New York city, during the year January 1946 to December 1959*, as
shown in Fig. 1.1, the trend, seasonality and random components are shown in
Fig. 1.1 (b), (c) and (d) respectively.

A TS that exhibits the trend and seasonality is a nonstationary TS, because, in
that case the mean value change linearly with time. Converting a nonstationary
TS to a stationary require removal of the TS components and an approach to this
is diffrencing the TS using (y: — y;—x), where k is the lag.

The similarity between a TS and the lagged version of it can be measured using
the autocorrelation coefficient, given in Equation 1.3.

_ Cov(yt, Y+k)

7= Varty (9

where Cov(., .) signify the covariance and Var(.) signify the variance. The collection
of yyfork=0,1,2...n -1, is called the autocorrelation function (ACF). Therefore
the ACF can compute the autocorrelation between y; and y;_.

Fig. 1.2 shows the ACFs generated for y; and its random component r;. The
ACEF of Fig. 1.2 (a) decays to 0 and then show a sinusoidal pattern around 0, while

*http://robjhyndman.com/tsdldata/data/nybirths.dat
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Figure 1.1: Subfigure (a) shows TS data constituting the number of births per month
in New York city and its components, (b) shows the trend component, (c) shows
the seasonality component and, subfigure (d) shows the random component.
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Figure 1.2: Subfigure (a) shows the ACF plot for random component 1; of y; and
subfigure (b) shows the ACF plot for the original time series ;.
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the ACF in Fig. 1.2 (b) does not decay to 0. This nature of pattern in ACF plots,
distinguish the stationary TS from the non-stationary [15, 16]. An approach to find
the autocorrelation between y; and y;_x, removing the effect of y;—1, y1—,... Y4_x-1,
is called the partial autocorrelation function (PACF). Hence, ACF and PACF are
the tools to determine the length of seasonality in TS [16].

1.2 TS analysis (TSA)

TSA comprises of methods to study and summarize the time dependence and
extract meaningful insights about the underlying data patterns that helps to solve
several real life applications. For example, the ecologists study the ecological
TS to derive causal dependency amongst the environmental factors due to several
factors including population surge and urbanization [17], the epidemiologist study
the infectious disease in an area to plan for the corrective measures, social scientist
study the national data on employment, unemployment, earnings, and other labor
market topic [17].

TSA is an age old problem. John Graunt examined the mortality in infancy
and childhood due to rickets, that broke out during the 17th century, and during
that time, he first formulated the temporal data and named it as life tables [18]. The
European merchants and financiers continued the use of quantitative reasoning
to study profits and losses in the changing markets during the 17th and 18th
century [19]. It was 19th century when the modeling and investigation of the
temporal phenomenon began. Yule, Gilbert, Eugen and Aleksandr during the 19th
century constructed the basic building blocks for modeling stationary stochastic
processes [19]. Correlation and regression analysis was first used by the financial
centers to quantify the risks involved in their stock holdings [19]. During the early
20th century, the statisticians used the graph and plots to summarize the results
of their statistical analysis, for example the ACF plot [19]. The harmonic analysis
on TS is one of the earliest method used during the 20th century to determine the
periodicity of annual measurements of the sunspot activity [20]. Later during the
20th century, Box and Jenkins popularized the autoregressive integrated moving
average (ARIMA) model by using an iterative modeling procedure [21].

A wide range of models followed ARIMA, such as, autoregressive integrated
moving average with exogenous variables (ARIMAX), or seasonal decomposition
of time series (STL). Selecting an appropriate model require domain knowledge
and study on the data. Majority of the above models assume that the given TS data
is stationary in nature and cannot model the trend or seasonality in it [22]. The
above discussed model require a complete data on a given time range and data
handling techniques have to be used in case of missing values [23]. The statistical
techniques do not work well in case if the TS has outliers [23].
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Figure 1.3: Taxonomy of TS analysis techniques in time domain, related to this
thesis.

We show a taxonomy of TSA in Fig. 1.3, with respect to the time domain.
Advantage of using the time domain representation is that it facilitates analysis
of TS components by observing the data points over time. Each of the analysis
technique and the related literature is discussed below.

1. TS representation: TSA depend on TS representation that can be broadly
categorized as the data-adaptive [24, 25] and non-data adaptive [26] rep-
resentation. As the name signifies, the data adaptive techniques are data
dependent, that is, the parameters for dimensionality reduction are based on
the TS data type, while in case of non data adaptive techniques, the parame-
ters remain the same for every TS data type. The hierarchical organization of
data adaptive and non data adaptive TS representation technique is available
in [26]. The TS representation is categorized into (a) symbolic representation
and, (b) graph representation, as shown in the taxonomy of TSA in Fig. 1.3.

Keogh et. al [26] first introduced the concept of Piecewise Aggregate Ap-
proximation (PAA) [27] in TS, which was later extended to the Symbolic
Aggregate Approximation (SAX) [26]. PAA is a statistical tool in which the
TS is initially divided into segments of equal length, each of which is approx-
imated by the mean value. However, statistical measure like mean alone is
not sufficient to represent the discriminatory information of TS segments.
To overcome this, additional statistical measures like standard deviation,
minimum or maximum [28] are used alongwith mean. Segment based ap-
proaches suffer from another challenge is the determination of appropriate
segment length. Recent researchers proposed the use of automatic segment
length detection and the variable length segment based approaches [29, 30].

SAX [26] opens up the scope for the dictionary based algorithms [31, 32] for
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TS representation. The dictionary based algorithms forms a histogram of the
words or the patterns obtained from SAX. SAX can explicitly represent the
TS by a sequence of symbols in which the order of occurrence of the pattern
is maintained but the temporal information, the subsequently co-occurring
pattern based information is lost.

The graph representation open up the scope to explore the TS patterns based
on the temporal information. The visibility graph (VG) [33] represent each
time instant as graph vertex and the edge connectivity is decided on the
visibility rule [33]. For example there exist an edge connection between the
two vertices if one vertex is visible from the other. Therefore in addition to
storing the sequential information of TS, graph structure also can store the
subsequently co-occurring pattern based information, using the vertices and
the edges. The graph learning techniques and the properties of the graph
structure will also be applicable for the TSA. A TS of length n require O(n?)
adjacency matrix to represent the VG [33]. A better approach for VG is shown
in [34] where each subsequence is represented as a vertex. While the edge
connections can be based on the similarity between the vertices [34], several
different edge connection techniques exist [35, 36]. Zou et. al [37] review
some other graph structure representation from TS that have replaced the
VG.

2. Forecasting: Exploiting the auto correlation property of the TS, the future
values can be predicted using the historic TS data. In general forecasting
problems can be categorized as- short term, medium term and long term.
Short term consider daily, weekly and monthly forecasts, medium term
consider one to two year of forecasts and forecasts beyond that are the
long term forecasts. The autoregressive models (AR) are popular technique
used for forecasting the linear TS [20]. Bayesian estimation is used as a
parameter estimation technique for the AR models. Another popular method
for forecasting is the exponential smoothing that uses the weighted averages
of past to predict the future values [38]. The ARIMA model, Holt-Winters’
exponential smoothing are a few among many that can capture the trend
and seasonal components of TS [39, 23]. The state space models discussed
in [40] provide a framework for modeling the linear TS using a state equation
that describe how a TS component changes over time and the observation
equation of the state space model links the latent state to the observed data.
During the 1980s, the researchers realized the need for higher accuracy in
forecasting methods based on the non-linear models [41]. The artificial neural
networks (ANNs) represent the non-linear relationship of the TS data using
the hidden layers each of which consist of anumber of hidden units. The final
output obtained from the output layer gives the forecasted values. ANNs

8
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are universal approximators that can approximate large class of functions
with higher accuracy. However, ANNs are not designed to capture the
auto-regressive property of TS. This leads to the recent developments for
non-linear TSA models. The deep learning models such as the convolutional
models [42], recurrent neural networks [43] and long short-term memory
networks [43] are some of the models that have gained prominence.

In general, the challenges of nonlinear models include (a) model selection [39]
and (b) hyperparameter selection. The ongoing research on nonlinear mod-
els focus on developing automated methods for reducing the number of
parameters to be learned for automatic model selection.

. Pattern mining: The pattern mining techniques aim to discover the frequent
patterns, and the subsequently co-occurring patterns from TS [44]. The pat-
tern length obtained from TS can either be of fixed length [45] or variable
length [46]. A benchmark approach for frequent pattern mining is proposed
in [45] where a matrix profile is obtained from pairwise Euclidean distance
between the subsequences and the subsequences with lower distance value
than a threshold are considered as frequent pattern. Gao et. al [47] propose a
hierarchical technique to discover the variable length frequent patterns that
are longer than a predefined threshold length. The frequent pattern discov-
ery is a computationally intensive process which require distance compu-
tation between the subsequences, but a data parallel processing framework
can reduce the burden [48]. The authors in [48] show the frequent pattern
and rare pattern discovery from each TS sample in which the distance ma-
trix for each TS is stored in a shared memory. Considering the frequent
pattern discovery with respect to entire TS dataset require pairwise distance
computation between the subsequences of all the existing TS samples. This
will require a larger distance matrix space and also the distance measures
like DTW and Euclidean distances used in [48] cause loss of pattern based
information of the subsequences.

The frequently occurring temporal patterns are observed to occur at multi-
ple time steps in the entire TS dataset. Two different patterns are said to be
subsequently co-occurring if they occur in subsequent time steps. Mining
frequently occurring temporal patterns and the subsequent patterns, can re-
veal important insights about the sequential dependency, like, the behavioral
analysis of the elderly individuals living alone at home so that alarm can be
raised in case of emergency situations [49]. In literature, the co-occurring
patterns are discovered from heterogenous data sources, for example, mea-
sure of average traffic speed in case of a foggy weather, within a certain
locality, during a certain time of the day [50]. Li et. al [51] propose a visual
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interface to discover the co-occurring patterns from the spatial TS within
a specified set of parameter constraints. Another visual interface tool for
spatio-temporal data is proposed in [50]. There exists countless possibilities
to define the co-occurrence relationships of interest [51] when considering
heterogenous data, so generalizing the method to summarize it on a visual
interface is the ongoing area of research. Analysis and discovery of the co-
occurring patterns from a single data source with multiple TS data samples,
is not abundant in literature.

Considering the graph structure representation for pattern mining, the au-
thors in [52] discover the common subsequences between two different se-
quences of human motion capture data. The graph structure is obtained from
a sample distance matrix of two different sequences. The graph structure
henceforth ignores several important pattern information. Therefore, this
approach [52] cannot be trivially extended for frequently co-occurring pat-
tern discovery. The authors in [53] propose a graph structure for knowledge
discovery in building operational data. The graph nodes in [53] represent
the different operational modes of the electrical appliance in a building and
the edges indicate the change in modes. A graph representation as shown
in [53] however cannot be trivially extended for mining frequent patterns or
the co-occurring patterns of the electrical appliance.

4. Anomaly discovery: Anomaly detection on TS, can be categorized as- point
anomaly, subsequence anomaly and TS anomaly [54]. Given a TS, the un-
usual data points of TS are called the point anomaly [55]. A TS subsequence
is called anomaly when it is observed to be maximally different from the
other TS subsequences [56]. Given a TS dataset, a TS is said to be anomalous
whose behavior is significantly different from the other TS samples of the
TS dataset [57]. The statistical techniques like entropy [58], standard de-
viation [59] is used for point anomaly and subsequence anomaly detection
in case of a TS. These statistical techniques when extended for subsequence
anomaly detection in case of TS dataset may not be able to identify the
anomalous behavior based on the pattern dependency.

SAXis used to detect the anomalous subsequences of the TS [56, 60]. The SAX
representation on a TS data gives a sequence of symbols and considering a
fixed sliding window length, a sequence that do not match with any of the
previous sequence is said to be likely an anomalous subsequence. However
this method strictly considers no repetition of the symbols.

To detect the anomalous TS, the authors in [61] compute a vector of features
and apply principal component analysis (PCA) on it. Bivariate outlier de-
tection is applied to get the anomalous TS [61]. Anomalous TS can also be
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obtained using the pairwise distance measures between the TS samples [62],
which is rather a computationally expensive method. Series2Graph pro-
posed in [63] is a novel graph structure representation that discover both
single and recurrent varying length TS subsequence anomaly in an unsu-
pervised way. It first embeds the subsequences in a vector space and the
graph nodes are obtained by analyzing the overlapping trajectories and the
edges represent the transition between the nodes [63]. Mean and standard
deviation of the subsequences is used for distance computation using the
nearest neighbor rule [63]. Only the densest parts of the two dimensional
vector space is represented as nodes, which might ignore the other patterns
from TS [63].

1.2.1 Challenges of TSA

This thesis consider TSA for TS datasets. The above discussed works on pattern
mining and anomaly discovery mostly have shown promising results in case
of TS samples and in different TS domain. But the motive is to discover the
frequently co-occurring patterns and the anomalous patterns with respect to entire
TS dataset. Therefore, the TS representation plays a major role so that the temporal
dependency of the patterns across all the TS samples is embedded. As discussed
earlier, the symbolic representation embed the sequential pattern information,
the graph representation can embed the subsequent patterns and their complex
relationships. However, it is challenging to design a TS representation so that the
subsequently co-occurring patterns can be identified from the TS dataset. It also is
challenging to design a framework that can identify the similarity or the changing
behavior of the subsequently co-occurring patterns at multiple time granularity.

Most of the above discussed works on TSA, have the constraints that do not
allow extending it for TS datasets. Considering the visual interface methods for
pattern mining [50] are specifically designed to visualize the co-occurring patterns
from spatio-temporal data, each of which has different features values. The co-
occurring pattern is based on user-defined instances [50], which do not serve the
purpose when considering a TS dataset obtained from a single data source. The
pattern mining in [53] is designed for a public building operational data in which
the graph nodes ignore the actual pattern shape. This TS representation approach
is not suitable when aiming to discover the subsequently co-occurring patterns.
Also, obtaining a single graph for multiple such buildings increases the space
complexity.

This thesis aim to discover the TS subsequence anomaly or temporally depen-
dent anomalous pattern, with respect to entire TS dataset. The statistical methods
shown in [58, 59] are designed for point anomaly detection and extending it for
TS subsequence anomaly cannot discover the subsequently co-occurring pattern
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based anomaly. The method in [63] detect the TS subsequence anomaly in every
TS sample from the graph structure formed by embedding the subsequences to
a vector space. Extending this approach to a TS dataset becomes computation-
ally intensive process, because each TS sample is converted to a graph structure
hence it cannot be used to discover subsequently co-occurring pattern which is
anomalous.

1.3 Advanced computational methods for TS analysis

Due to the recent success of graph structure in modelling the dependencies in the
TS and due to the recent advancement in ML based techniques in wide fields of
science and technology, in this thesis, we focus on the graph theory based and
ML based techniques for TSA. Below we discuss how these two computational
techniques helped in TSA across domains.

1.3.1 Graph theoretical techniques

A graph is an ordered pair G(V,E) where V is the set of vertices and E is the
set of edges. While the edge weight, edge direction and betweenness are edge
properties, degree, vertex betweenness and Eigen vector centrality are the vertex
properties. The graph properties has proved to be informative in analyzing the
pairwise interactions in complex systems like predicting the protein-protein inter-
action [64], traffic prediction [65], smart grids [53]. The application of graph node
degree analysis is shown in case shield tunneling construction management which
is generally required during the metro construction [66]. The VG is obtained from
of shield tunneling parameters like total thrust, torque, penetration. The degree
analysis help the industry practitioners in shield tunneling construction manage-
ment, such as performance, efficiency, and safety [66]. The VGs limit only to
visibility rule for edge formation, henceforth a more concrete graph structure for-
mation is required that can minimize the pattern loss. The application of vertex
connectivity is shown in TS animation view count (TS-AVC) dataset. The TS-AVC
shows a local relationship, that reflect the variance in view counts among episodes
of a single animated series, and a global relationship that reflect the variability in
total view counts among different animated series. This variance is captured using
distance measures that is represented using the edge weight. But, a single graph
node for an entire TS sample as shown in [67], is not desirable to capture the TS
patterns.

The graph structure opens up the scope of applying the Graph neural net-
work (GNN) models for TSA [68]. The GNN models can explicitly model the
intra and the inter temporal dependencies, that is, the dependencies between the
different patterns of a TS sample and dependencies between patterns of different
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TS samples. For example, to summarize the overnight movement of stock prices,
a relational Graph Convolutional Network (GCN) approach is proposed in [69].
Each stock corresponds to a graph vertex and the edge connection is determined
by the correlation between the stocks filtered by a threshold and the graph struc-
ture obtained is fed to the GCN model that predicts the stock movement [69].
Authors [67] use a Temporal convolutional network (TCN) [70] that capture the
local relationship and the Graph convolutional network (GCN) that capture the
global relationship in case of TS-AVC dataset.

The graph properties help in identifying the dense, sparse or loosely connected
subgraph structures. Authors in [71] construct a graph structure from a hand-
crafted feature set and use a community detection algorithm to obtain TS clusters
with different trend patterns. The graph nodes of a subgraph are connected densely
and the nodes of different subgraphs are sparsely or loosely connected [71]. The
different densely connected subgraphs show a similar functional behavior. The
concept of connectivity of the nodes introduce the idea of clique for community
detection from graph. Asitis difficult to find cliques in real life applications, relax-
ation of cliques called the quasi-clique is introduced [72]. The edge connectivity
or the edge weight density is relaxed in case of quasi-clique structure [73, 74].
Clique and the relaxed clique structures are abundantly explored in case of social
networks [75], biological networks [72], crime activities [72].

1.3.2 ML based techniques

The ML based techniques help to develop the algorithms that enable learning from
the previously recorded TS values to infer the future values, or the frequent and
anomalous patterns. ML techniques have been broadly categorized as supervised
and unsupervised learning. The supervised learning algorithms are used for
classification of the labeled TS data while the unsupervised learning algorithms
are used for clustering of the unlabeled TS data.

The traditional clustering techniques like K-Means, Hierarchical clustering
solely rely on the distance measures used. The pairwise distance measures applied
onraw TS data is a time consuming process and it also cannot discover the clusters
formed due to different pattern shifts [76]. To capture the pattern information
from electricity consumption data, the authors in [77] obtain cumulative load
consumption and then apply K-Means and Hierarchical clustering techniques onit.
The cumulative TS in [77] is defined as the sum of load consumed over a predefined
time window. The association rules help to find the patterns in the form of A — B,
that means B occur after A [78]. Association rule mining in case of smart grids
and buildings gives an idea about the consumption behavior of the consumers
due to the different appliance usage. The authors in [78] use k-shape clustering to
discover the association rules in case of building energy consumption data. But
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the above clustering techniques do not consider how to mine the subsequently co-
occurring patterns in case of the TS datasets. Considering the anomalous pattern
discovery using clustering techniques, Ane et. al [54] review some clustering
approaches where the similar subsequences are placed into the same cluster while
the subsequences which are farthest from the cluster centroid are the detected
anomalous subsequences. In [79] the authors distinguish between the regular
patterns and the anomalous patterns in case of underwater sensor dataset, using
DBSCAN algorithm.

Classification of TS samples based on the regularity of the patterns involves de-
termining whether a given time series follows a predictable and consistent pattern
or if it exhibits anomalous behavior. The application areas of regularity in patterns
is shown in [80] to mine the sleep-wake patterns, in [81] for the demand side man-
agement in smart grids. The handcrafted features limits the performance accuracy
of the classifier, therefore in [82], authors combine multiple feature extraction tech-
niques and classifiers as well. Authors in [83] learn the frequent temporal patterns
from each class based on several metrics such as the frequency of patterns in each
class, or the average number of their instances. They then obtain a feature matrix
to induce the classifier. The authors in [32] propose an ensemble approach for TS
classification, where the trend information alongwith the mean of the segments is
used for symbolic representation. The regularity or the consistency of the patterns
depend on accurately mining a co-occurring sequence of patterns. When consid-
ering the TS dataset, such co-occurring patterns should be identified with respect
to the multiple TS samples.Therefore employing multiple feature extraction or the
ensemble methods is not suitable for identifying the regularity.

1.4 Thesis overview and contributions

The research objective of this thesis is univariate time series analysis in time do-
main for pattern mining and anomaly detection. The existing pattern mining and
anomaly detection techniques are not well defined to capture the subsequently
co-occurring patterns, the regularity of the TS samples in case of TS datasets. The
symbolic representation of TS dataset to construct a graph structure can indeed
perform multiple TSA tasks at multiple time granularity. The research questions
addressed in this thesis are:

1. How to represent the large TS datasets so that the pattern based information
are retained?

2. How to identify the frequently occurring longest temporal patterns from TS
dataset ?

3. How to extract the atypical patterns from TS dataset ?
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4. How to identify the co-occurring patterns at multiple time granularity ?
5. How to measure the regularity of the patterns in TS dataset ?
6. How to classify the TS dataset based on regularity of TS patterns ?

The contribution of this thesis to address the above research questions are
discussed in the following sections.

1.4.1 Clustering time series using directed graph

The existing TS dataset representation techniques based on the segmentation strat-
egy typically suffer from information loss. Considering the graph structure for TS
representation, most of the work use the VGs and its variants [84, 85, 86, 34, 87, 88,
89]. These VGs cannot be trivially extended to represent TS dataset because they
cannot embed the subsequent co-occurring pattern based information for multiple
TS samples.

In Chapter 2 of this thesis, a TS representation technique is shown for TS
datasets that can retain the pattern based information. Based on the vertex and
edge properties, several different weighted directed graph structure is obtained
from the entire TS dataset. The graph path based clustering is applied on the best
graph structure. The proposed method can extract the frequently occurring longest
temporal patterns from each cluster, using statistical measure. The proposed
method can also extract the atypical patterns using a graph component analysis.

1.4.2 Clustering time series subsequences using directed graph

Clustering of subsequences in TS dataset, aim to group the subsequences so that
the clusters formed can actually represent the subsequently co-occurring patterns
of TS samples. The existing subsequence TS clustering focus on capturing either
the shape or the structure of the patterns [90, 91, 92, 93, 94] but do not consider
their pattern dependency.

In Chapter 3 of this thesis, a novel quasi clique based TS subsequence clustering
is shown. To overcome the limitations of the existing SAX technique, a modified
SAX based dimensionality reduction approach is proposed for encoding the TS
subsequences. The symbols obtained from SAX are used to obtain a single weighed
directed graph structure that can retain the pattern based information. The cluster
labels assigned to subsequences are used to measure the regularity of patterns in TS
datasets. The vertex degree measure is used to extract the temporally dependent
atypical patterns from TS dataset.
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1.4.3 Clustering time series subsequences using multiple directed graph

The co-occurring patterns in case of TS datasets can either be same or different at the
different time granularities. Itis important to mine the patterns at the different time
granularity because of several applications, like, the demand side management in
case of smart grids. Identifying the abrupt changes in TS components [5, 95], iden-
tifying the homogeneous regions based on the TS components [96, 97] are common
in literature, but identifying the commonality or the changes in subsequently co-
occurring patterns at multiple time granularity for multiple TS samples is a new
perspective.

In Chapter 4 of this thesis, a method is proposed to identify the subsequently
co-occurring patterns at multiple time granularity. Unlike the handcrafted feature
extraction, a state-of-the-art learning technique is used to automatically extract fea-
tures from TS subsequences. The features are converted into symbols from which
multiple weighted directed network and consensus network is obtained. A maxi-
mal quasi-clique based network clustering method on directed weighted multiple
network and consensus network is shown. A sample entropy based measure is
shown to measure the regularity of TS samples at multiple time granularity.

1.4.4 Classification of time series using graph convolutional network

The classification of TS datasets rely on TS representation using handcrafted fea-
tures or ensemble of features [98, 99, 100, 101]. The literature also has model
based [101, 102, 103] and distance based measures [104, 105] for classification. The
importance of classifying TS datasets on the basis of regularity help to group the TS
samples based on their consistency in the pattern. An application of this approach
is shown smart grids and buildings in [106].

The Chapter 5 of this thesis propose a method to classify the TS dataset based
on regularity of the TS patterns. An automated graph structure formation is pro-
posed using the state-of-the-art encoder-decoder technique. The vertices represent
unique subsequences and the edges are obtained by applying a threshold on the
attention values of the encoder-decoder model. The attention values define the
co-occurring patterns formed in the TS sample. The edge weight define the simi-
larity between the co-occurring patterns. The graph structure is the input to Graph
Convolutional Network, that classify the TS sample whether it regular or not.

1.4.5 Conclusions and future scope

Chapter 6 of this thesis discusses the conclusions the proposed contributory work
and the applications with respect to the TS dataset in each chapter. It also discusses
the future scope of this thesis.
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Clustering time series using directed graph

2.1 Introduction

TS clustering deals with identifying the similar data points based on the pointwise
similarity or the similar patterns formed, based on the structural similarity. The
pointwise similarity is measured mainly using TS distance measures [107], while
the structural similarity can be obtained by study and discovery of the features in
TS [108, 60].

The clustering results of pointwise similarity depend on the choice of distance
measures and the cluster quality vary with the change in distance measures [108].
Deciding the suitable distance measure that would capture the data characteristics
has been an important area of research [108]. It is observed that the distances
concerned with the phase and amplitude invariances perform exceptionally well
in TS clustering [109]. In case of clustering based on structural similarity, the
high dimensional TS is the cause of fluctuating data patterns and high correlation
between the features impose a challenge on designing efficient clustering tech-
niques. Therefore, TS data representation is important so that the feature based
information can be retained. SAX [26], a time domain TS representation cause loss
of information [110, 111]. The SAX approach however diversifies TS analysis for
temporal pattern discovery.

In this chapter, we propose a novel Graph based Time series data mining
framework (Graft). The framework uses equal length segmentation to extract
the subsequence features. Features are then converted into symbols using SAX
approach. Unique symbols are used for graph structure formation. The graph
structure help to represent TS data into a unique structure of nodes and edges that
can capture the temporal nature of co-occurring patterns. The whole TS clustering
approach aim to cluster the TS data based on frequently appearing longest tem-
poral patterns. A simple yet effective graph based approach for identification of
temporal dependent rare events is also shown.
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2.2 Literature survey

The whole TS data clustering methods has shown improvement in prediction ac-
curacy [112, 113], but it has been rarely used for analysis of temporal co-occurring
patterns or the discovery of rare patterns from a TS dataset. The matrix profile
based approach developed in [114] applies all pair similarity search between all the
possible TS subsequences and the unique features and behaviors obtained gives
distinguishable clusters. Chin et. al [114] uses the Euclidean distance between the
subsequences and obtains the distance profile to discover the frequently occurring
patterns and the rarely occurring pattern in a TS sample. To extend the method
for an entire TS dataset, the matrix profile becomes computationally expensive.
Several improvements were done to reduce the run time for frequently occurring
pattern discovery [115, 116] but they do not consider TS dataset. However, the
matrix profile is considered as one of the foundational techniques for frequent
pattern discovery [117, 118]. The temporal co-occurring pattern signify the dis-
covery of dependent patterns across the time and the repetition of such patterns in
multiple TS samples is called frequently co-occurring patterns. Discovery of tem-
porally dependent co-occurrence patterns help in accurate forecasting and identify
the similar characteristics in the TS samples [5]. The matrix profile [114] can ex-
tract only the motifs or discords based on the distance profile, not the temporally
dependent co-occurring patterns.

Singh et. al [119] unveil the importance of temporal pattern discovery in case
of energy consumption patterns of electrical appliance of residential buildings
and also discuss how it is useful to built accurate forecasting models; Matloob
et.al [120] propose a sequence mining approach that can generate a sequence of
events for each patient and identify the anomalies to detect the insurance claim
related frauds in healthcare systems; Park et.al [121] discover a set of frequent rules
to differentiate between the normal events and the deviant events for a die-casting
manufacturing process dataset.

The pairwise similarity between TS samples, or between the TS subsequences
cannot unveil temporal information of the patterns. However, the graph structure
can store temporal information of the patterns in the form of nodes and edges.
The transformation of TS to complex network domain is shown for the first time
in [122] where the authors construct a graph from pseudoperiodic TS. Each unique
cycle in the series is represented by a node in the graph and the node link define the
correlation measure. Later in [123], Zhang et. al, test an extensive range of network
topology statistics on two pseudo periodic TS data in order to distinguish between
their dynamic regimes. Several improvements on the NVGs [33] are proposed, for
example, the weighted VGs can capture the pairwise similarity between the TS and
help in accurate forecasting [124]; Stephen et al. [34] construct a temporal network
from the NVGs where each TS subsequence corresponds to a node in the graph
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and nodes are connected based on the visibility rule. Small et.al [86] represent
each subsequence as a permutation of integers on the basis of increasing order
of values in the subsequence. The nodes are linked if the corresponding integer
permutations occur in succession. The authors in [86] claim that their proposed
representation can capture the non-linear dynamics of TS.

TS to graph representation is shown also in forecasting problems, where com-
plex network is used to select the variables that retains the causal relationship,
based on which the prediction is obtained [125]. Several graph properties like-
number of nodes, number of links, betweenness centrality, are used as features to
train the regression model in [126] and forecast the political crisis in a country. For
trend clustering in stock market data [5], the authors extract noise, gradient, max-
imum and minimum values as features to be represented as graph nodes and the
communities are detected using a traditional community detection algorithm [5].
A community detection is shown in [127] where the TS samples are represented as
graph nodes and the weights between the links are based on similarity measures
between the TS. But representing a TS by a single node, causes information loss.
Yan et. al [88] study the hourly traffic flow congestion using a complex network
for each hour.

The existing works on analysis of TS patterns cannot address the questions
likel. which patterns occur in sequence termed as co-occurring patterns or tempo-
rally dependent patterns 2. what are the longest of such subsequently occurring
patterns, 3. how to identify frequently appearing longest co-occurring patterns in
different groups of TS samples 4. what are the rare patterns from the perspective
of frequently appearing co-occurrence pattern analysis.

To address the above mentioned research questions, we first consider a data
structure that can model the information about the longest common co-occurring
patterns over the TS data base. One of the popular data structure to capture pair-
wise relation is graph. Mapping each TS sample to a graph can cause redundancy
and increase computational burden. Hence a single weighted directed graph
structure is formed. The next two research question can be addressed by using a
data mining approach that can extract the longest common paths. Though there
are plenty of graph clustering algorithms available, there are limited or no work on
clustering the graph paths so as to identify the longest common paths. To address
this issue, we propose a unique graph path based clustering approach that would
group the samples based on the frequently appearing longest temporal pattern
occurrences. The final and obvious question that appear is how to identify the rare
patterns from the perspective of analysis of longest temporal pattern occurrences.
For this we use a simple graph component analysis based method to detect the
temporally dependent rare event patterns that occur in the dataset. The objective of
the proposed framework is that other graph analysis based method can be applied
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to detect the rare events depending on the application and apriori knowledge.

2.3 Proposed Method

In this section, we discuss the definitions, notations and the proposed graph based
TS data mining framework.

2.3.1 Definitions and Notations

Definition 1 TS dataset: The TS dataset is represented as a matrix T = RN with K
different TS samples each of length N. Each row vector of the matrix corresponds to TS,
ti = {t},t?,...t?"}.

Definition 2 TS subsequences: TS subsequences are the ordered sequence of values ob-
tained by sliding a fixed length window L across t; € T. For example, a subsequence at
time instant p will be yb’f]_ = {t’; . t;p =D For two subsequences ¢’fj and 1!’:]./ the sliding
window follows the rule: r = p + L — 1, to obtain the non-overlapping subsequences. This

is done to avoid the trivial matches but capture maximum possible patterns from the data.

Definition 3 Temporally dependent subsequences: : Two subsequences, Ipfj = {t? . t?}
and gb{j = {t; ... 15}, will be called as temporally dependent subsequence if, p < rand q <s,
where p and r are the start time and q and s are the end time of the subsequences.

The length of temporally dependent pattern ranges from a minimum value of 1 to

maximum &.

Definition 4 Graph: The directed graph is represented as G = (v, €) where v corresponds
to the set of nodes and € corresponds to the set of edges.

The weighted graph is represented as G = (v,€,w), where w : € — R, is a function
which maps the edges to their real values R.

Definition 5 Path: The path between the vertices v; to v is represented as p; j = {v A}i\:i'
The length of path is the number of edges present on it.

In case of a weighted directed graph and a path p; j, where the vertices {v )\}ﬁ:i lies on
the path, the weight of the path is defined as the summation of edge weights connecting v;
to vj, given as Z;zi W5

The steps of the proposed graph based TS mining framework is detailed be-
low. The terms pattern and subsequences have been used interchangeably in this
chapter.
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Algorithm 1 Symbolic representation: T

Input: FTxKXq Output: Ffoq
1: Initialize L
g = N/L, is the number of subsequences
T= [y(@), sd(6), max 6, min 9]
for tjin1:Kdo
forsinl:gdo
foreach zin 7 do
0= (.. )
F(7, j,s) = 7[z](0)
end for
end for
: end for
Initialize Tkxq
Initialize the breakpoint table B = {f, 5?:3
foreach zin 7 do
columnVec « F(1, j, q)[z]ﬁi1
med «— median(columnVec)
a[z] = arg min(|med — B|)
end for
. a < max(a)
Convert values in Fxxxg, to symbols with alphabet size a.

[ S e S S s SO e Gy S Gy S W Gy WY
@ P PN DN Q

N
—_

: TKXq is the obtained symbolic representation of T.

2.3.2 Segmentation and symbolic representation

Given a TS dataset T, each TS t; € T is broken down into non-overlapping sub-
sequences of a fixed length L, defined in Definition 2 and each subsequence is
represented by a feature vector. For T = RN, the tensor for features is given
as Frxkxq where K is the number of TS samples, g is the number of subsequences
obtained and 7 is a feature vector comprising of- mean, standard deviation, time
of maximum and minimum as discussed below:

e Mean: To obtain a reduced representation, the average value of the subse-
quence is considered [26].

e Standard deviation: It is insufficient to characterise the subsequences only
on the basis of mean [110]. The standard deviation (SD) is used to determine
the deviation of the subsequence values from its mean.

e Time of maximum and minimum: The time of occurrence of the maximum
and minimum value in a subsequence captures the time of rise and fall in
pattern [111], thus indirectly incorporating the shape of the subsequence.
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The above mentioned features have been used in our proposed method, how-
ever, any other attribute set which captures the underlying pattern from the sub-
sequences, can be chosen for the feature representation.

In case of SAX [26], assuming that the normalized TS data follow a Gaussian
distribution, it is partitioned into equiprobable regions and unique alphabet is
assigned to each equiprobable region. However, the number of alphabets in the
Gaussian curve plays a vital role in space complexity. The method for alphabet
size estimation of each feature is shown in algorithm 1. The input to algorithm 1 is
the TS dataset T. Steps 4 to 10 shows computing the features— mean (u), standard
deviation (sd), time of maximum value (1max), time of minimum value respectively
(min), for each TS {tj}ﬁ.il and for each subsequence s. Median, being the middle
element, maintain a symmetricity in the values across the time instants. The
alphabet for which the partitioning points in Gaussian curve is closest to the
median of the feature values, is chosen for the symbolic representation. Steps 13
to 18 is for the symbolic representation of extracted features. The alphabet set
size is chosen in the range, al = {3,20}. For example, an alphabet size, al = 3,
signify that alphabets {a, b, c} will be used to convert the features into symbols. B
is the lookup table where each column stores a sorted list of breakpoints for the
alphabet al, that divide the Gaussian distribution into equal sized areas. In step 14
to 16, we compute the median value of each feature. The variable columnVec
store the feature values from which we compute the median, as shown in steps 15
and 16 respectively, and obtain the alphabet size from al, for which atleast one of
its breakpoints is closest to the computed median. The vector a[z] in step 17 stores
the alphabet size for each feature that corresponds to minimum value of |med — B|.
To ensure maximum discretization, the maximum value from vector a is chosen
for symbolic representation, shown in step 19. The matrix TKXq, store the symbols
for each subsequence of the TS dataset T. In section 2.3.5 we show an example of
the symbolic representation in a sample timeseries dataset.

2.3.3 Graph based representation

The symbolic data TKXq, obtained from previous step is converted to a graph
structure. The proposed graph based representation is different from the existing
because we obtain a single graph for an entire TS dataset unlike the others where
the nodes of the graph either represent the segments of a TS or an entire TS. Both
the weighted and unweighted graph is used in our work.

Two different subsequences with the same symbol denotes they have similar
pattern, therefore the unique symbols from Tkxq form the graph nodes. This ap-
proach helps to keep the minimal number of nodes in the graph thereby removing
the redundant pattern based information from the entire TS dataset. The direc-
tional edges are based on the time of first occurrence of the symbols in the TS.
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Subsequent occurrences of same symbol is represented by self loops. Each unique
sym € Tyx, is a mapping to v € G, given as f : sym — v, and, Je;; € G, if the
subsequences i and j occur subsequently.

2.3.4 Graph based analysis

For T = R®*N and its graph based representation G, we analyze G for clustering
of TS and rare event detection.

Algorithm 2 Extract path from the graph: pathDiscovery(G)

Input: sou and tar as the source and target nodes of G

Output: G,
1: Gy < NULL, stores all the paths from sou to tar
2: fortarinl: (jv| — 1) do
3:  while there exists path from sou to tar do
4 Gpll « pathAlgorithm(G, sou, tar)
5: G G- Gp[]
6: end while
7: end for
8: return (Gy)

Clustering using path level analysis

At this level of analysis, we discover unique paths in G and then use them as
features to cluster the TS samples in T. Each path of the graph is a sequence of
unique symbols, that corresponds to the temporal patterns in TS. Therefore path in
the graph act as discriminative features that can identify the homogenous groups
of TS. The steps are explained below.

e Path discovery: As it is intractable to discover all possible paths from the
graph, we choose a source node as the central node of the graph and the
nodes other than source is considered as the target. The initial node of the
path is the source and the final node is the target. The minimum path length
is 2. The maximum path length depends on the length of subsequences.

The steps to extract path from G is outlined in algorithm 2. Input to al-
gorithm is the graph with source and target nodes, represented as sou and
tar respectively. Steps 3 to 6 is repeated until all paths are visited. After
each iteration, the path obtained from pathAlgorithm(.) is removed from G to
discover the other possible paths from source to target. No two paths in G,,
should have more than 60% match in symbols.
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Algorithm 3 Path algorithm: pathAlgorithm(G, sou, tar)

Input: G,sou, tar
Output: path
1: while not all nodes marked Visited do

2:

10:
11:
12:

Visited « sou
Stack < sou
for i adjacent of sou do
if i # tar then
Visited[] « i
Update Stack and Out
dfs(G,i, tar)
else
path « Visited — Out
end if
end for

13: end while
14: return (path)

The function pathAlgorithm(.) in step 4 is the algorithm 3 used for path discov-
ery in case of weighted and unweighted graph. In case of weighted directed
graph, the paths are obtained using the traditional Dijkstra’s shortest path
algorithm [128]. Edit distance (ED) is used to compute the edge weights.
ED is the minimum number of changes required to convert one symbol to
the other. The maximum value of ED is equal to the number of features
used and the minimum is 0. Lower ED denotes better match between two
subsequent nodes. The weight of the path in case of Dijkstra’s algorithm is
defined in Definition 5. The Dijkstra’s algorithm always computes atleast
one path with minimum weight from the source to target nodes.

In case of unweighted directed graph, we modify the traditional depth first
search (DFS) algorithm [129] to obtain the paths from the graph. Algorithm 3
for the modified DFS approach is explained with an example shown in
Fig. 2.1. Input to the algorithm is G with the source sou = p and the target
tar = t nodes. Visited nodes are represented as Visited and Out stores the
order in which the nodes are popped out of Stack in the traditional DFS. DFS
starts from p and is continued until ¢ is visited shown in step 1. Each time
a new node is traversed, is marked into the Visited and Stack list. Once the
target t is visited in Step 4 of Fig. 2.1, the algorithm stops however output
from the DFS after the last step is pgrts as shown in Fig. 2.1. We subtract the
nodes in Out from Visited as the given order, until the target ¢ is obtained.
The final output from the algorithm 3 is pt. Reason of choosing DFS over
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Step 1: Visited: [p] Stack: [p] Out:[ ]
Source Target

<

° Step 2: Visited: [pq] Stack:[pqg] Out:[ ]

<

Step 3: Visited: [pqr] Stack:[pr] Out:[q]

Step 4: Visited: [pqrt] Stack:[prt] Out:[q]

v

Step 5: Visited: [pqrts] Stack:[ps] Out:[qtr]

Step 6: Output: Visited - Out Output from DFS: pqrts
[parts] - [qtr] Output from DFS after modifying: p t

Figure 2.1: An example of Depth First Search (DFS) method used to find the path
from a given source node to target node.

BFS is that DFS traverse across the depth which makes the path discovery
easier but BFS traverse across the levels, so to reach the target nodes at the
deeper levels, each time all the previous level nodes has to be traversed hence
the path obtained is not valid. For instance, in case of the graph shown in
Fig. 2.1, considering p as the source node and g as target, the BFS path is pgq
but when the target is ¢, one of the BFS traversal is pgrst which is not a valid
path.

e Clustering: We compute the similarity between the extracted paths and the
symbolically represented TS data using the longest common subsequence
(LCSS) distance. The reason of choosing LCSS is because it can find the
matching subsequences between the symbolically represented TS and the
paths which in turn helps to identify the temporal patterns in the data.

In the graph G, with source as sou and target as tar, the set of paths obtained
between sou and tar is G, = {P(sou,tar)};;il- The steps for the clustering is
outlined in algorithm 4. The input to the algorithm is :I:qu and the set of
paths G,. The matrix DKch, stores the LCSS distance between each path in
Gp and each TS {t ]-}5:1. Steps 5 and 6 shows the distance matrix computation.
To obtain a normalized value the LCSS is divided by q. Motivated by [130],
to avoid the use of redundant features in clustering, we employed a pruning
strategy. The steps for pruning is shown in step 12 to 15. For k clusters and
for each path p € G, we compute the rand index (RI) score, assuming the
cluster labels obtained from j — 1 paths as the true labels. Lesser the change
in ri_score signifies a stable clustering, and hence we choose the cluster labels
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Algorithm 4 Clustering;: cluster(TKXq, Gp)

Input: foq, Gy
Output: Cluster labels of T, given as cls
g=N/L
Initialize DKch
foreach jin1: Kdo
fortin G, do
LCSS = length(LCSS(t}, Gpl[t]))
DIj, Gylt]] « Lcs8
end for
end for
k « number of clusters
ri_score «— NULL
: cl[1] « kMeans(D[1 : K, 1], k)
: forjin2: Gy do
cl[p] < kMeans(D[1 : K,1: j], k)
ri_score[j] « 1 — RI(cl[j — 1], cI[]])
: end for
: cls « cl[arg min(ri_score)]
. return (cls)

W PN a2

e
N o Uk NP O

with minimum ri_score.

To avoid the effect of random choices of cluster centers in K-means algorithm,
the K-Means is run over a maximum of 500 iterations and the best results are
reported. The number of clusters k is chosen using the elbow rule.

Algorithm 5 Temporal pattern discovery: TP(cx)

Input: ¢

Output: temporal pattern TP
1: TP[] « NULL, is a list, initially empty
2: foryin1:|c do

3 tp «—clyl

4. forzinl:|c| do

5: tp « LCSS(tp, cklz])
6: Append tp to TP

7. end for

8: end for

9: TP « TP[arg min(|TP|)]
10: return(TP)

e Temporally dependent subsequences: The temporally dependent subse-
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quences are discovered from the labeled T. For each cluster k, we obtain
the temporal pattern which occurs in majority of the cluster samples. The
minimum length of the discovered temporal pattern is 1. Assuming the
cluster set C = ¢y, ¢, ... ¢k, algorithm 5 shows the steps for temporal pattern
discovery for an arbitrary chosen cluster ¢;. For each TS sample in cluster
cx, we obtain the longest common subsequence between each pair of TS and
append to the list TP. The minimum length subsequence from TP will be the
temporal pattern of ¢, because it occurs in every TS sample of ¢, given in
step 9. The algorithm is repeated for each cluster ¢ to obtain the temporal
patterns of respective clusters.

Rare event detection using graph component analysis

We define the temporally dependent rare events as the sequence of events which
rarely occurs in T, or their occurrence is restricted only to some of the TS samples.
This study is different from the TS subsequence anomaly discovery techniques in
literature where single event without temporal dependency is obtained from the
TS. The strongly connected components (SCC) of G is given as SC(G) = {gi};_,. We
obtain a subset of components, SC,,(G) € SC(G), such that, cs < ct, Vg; € SCqp(G),
where cs is the component score and ct is the threshold chosen for graph component
analysis. The component score cs is discussed further in section 2.4.4. This denotes
that Vg; € SCq,p(G) is either connected to g; € SC(G) — SCq(G) or to another
gj € SCsup(G) or to both. The path formed by the nodes connecting the components
in SC4,5(G), forms the rare events in the T. Advantage of the proposed rare event
detection using the graph component analysis is that we obtain the temporally
dependent rare events.

We summarize the steps for the proposed graph based data mining framework
inFig. 2.2. The TS samples of T is shown using different colors. In the segmentation
step, the subsequences are obtained from each TS sample and are shown using
dotted lines. Tensor F;xkxg, is the input to the symbolic representation technique.
We obtain Tqu as the matrix of symbols shown in Fig. 2.2 and construct the graph
G. Due to space constraints, a subset of graph has been shown as an example, which
is the input to clustering algorithm. The frequently occurring longest temporal
patterns are obtained from the clusters. Temporally dependent rare patterns are
obtained from entire TS dataset.

2.3.5 Example

We explain the steps of segmentation, symbolic representation and the graph
representation of the proposed framework using an example as shown in Table 2.1.
All the notations used in Table 2.1 are detailed in the section 2.3.
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Raw time series Segmentation Symbolic Representation Time of occurence Graph Representation
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Figure 2.2: Illustration of the proposed TSA framework for TS clustering using
a directed graph. The steps are: Segmentation, Feature Extraction, Symbolic
representation, Graph Representation and Clustering.

In Table 2.1 (a), we show a sample TS dataset T. For simplicity, we assume
two TS t; and f; in T. For the TS ¢; the time instants are given as {t}, ‘e t?}. We
assume the segment length L = 3. The subsequences are referred as segments in
the table 2.1 (a).

In Table 2.1 (b), we show the values of the features extracted from each subse-
quence of TS t; and t,, given as 1, sd, max and min. The median value med obtained
for each feature are also shown in the feature. To decide the alphabet size, we
obtain |med — B| for each feature. a is a vector which stores the alphabet size for
which |med — B| is minimum. Table 2.1 (b) returns the maximum alphabet size from
the vector of alphabet sizes in a.

The features are converted to symbols using the SAX technique, with the al-
phabet size a. In Table 2.1 (c), we show the symbolic representation corresponding
to the feature values of Table 2.1 (b).

For the graph based representation, we obtain unique symbols from Tqu-
Three unique symbols— eehg,eegh and eehh forms the graph as shown in Ta-
ble 2.1 (d). A self loop in eegh denotes temporal occurrence in #;.

2.3.6 Time complexity analysis

Time complexity for the graph based data mining framework is governed by-
segmentation, feature extraction, symbolic representation, graph representation,
and the clustering and rare event detection. Given the TS dataset T = RN and,
L << N, G(v,€) is the graph based representation of TS T, below we discuss the
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Table 2.1: (a) An example to show the working principle of the proposed frame-
work for a TS dataset T, with two TS samples ¢; and t,. The segments of t; and
t, are shown (assuming L = 3) (b) Feature extraction from TS dataset T. (c) Sym-
bolic representation TKXq. The number of alphabets for symbolic representation is

shown in bold. (d) A graph based representation obtained from Tqu

t t £2 £3 4 ™ £0 t7 8 £
i ] i 1 Ji i 1 1 Ji

t 030 031 0301]028 015 0.133|0.131 0.13 0.12

tr 002 00 0.02| 0.0 0.01 0.008|0.003 0.024 0.0

segment 1 2 3
(@)
segment od max  min segment u sd max min symbols
1 030 0005 2 1 o Loeeh g echg
t 2 ee g h eegh
2 0.19 0.08 3 3 3 ee g h eegh
3 0.12 0.001 3 3 1 ee h h eehh
1 0.01 0.01 3 2 ; 2 ee h g eehg
2 00 0009 2 1 . 3 ee h h eehh
t
? 3 00 001 2 3 ©
med - 0.07 0.011 2 2.5 '
|med — B| - |0.07 — BJ|0.011 — B||2 — B||2.5 — B| @
a - 8 3 8§ 8 N
a «— max(a) - 8
(b) (d)

time complexity of each operation and then show the time complexity for graph
analysis at the two different levels.

Segmenting the TS data into equal length subsequences takes a constant time.
The number of subsequences in TS dataset T is K X (N/L). The time complexity to
obtain the features from a subsequence is O(L). Because K >> N >> L, the overall
complexity of feature extraction is, O(K).

The symbolic representation using algorithm 1 is based on median value com-
putation. For g = N/L, the time complexity to compute the median value is
K x O(glogq). As K >> N >> L, the time complexity becomes O(K).

The graph representation require— unique symbols and the edge weight com-
putation. Considering K X (N/L) as total number of subsequences, the time com-
plexity to obtain unique symbols is O(K?). Assuming f number of features used
to represent the subsequence, the time complexity for edge weight computation
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using edit distance is O(f?). In the worst case, if all the vertices are connected,
the time complexity for edge weight computation is O(v?f?). Considering total
number of vertices v = KX (N/L), it becomes O(K?). Hence, the total time for graph
representation is O(K?) + O(K?) = O(K?).

Below we discuss the time complexity for analyses performed on the graph
representation.

e Clustering using path level analysis: Time complexity for path level analysis
is decided by the path discovery algorithm, clustering and the temporally
dependent subsequence extraction. The path discovery require a source
node and we extract the source using two methods. In the first case, when
highest out-degree is chosen a source, the time complexity is O(v?). In the
second case, when the highest Eigen-vector centrality is chosen as source, the
time complexity is O(v®). In the worst case, maximum number of vertices
in graph is [v| = (N/L) x K = K, when K >> N >> L. The overall time
complexity for source node extraction using the first and the second method
is, O(K?) and O(K®) respectively.

The time complexity to extract the path from source to target using the
DEFS based approach is O(e + v). The maximum number of vertices in the
obtained graph in worst case is |[v| = (N/L) X K = K, when K >> N >> L.
Considering G as a fully connected graph, maximum number of edges in
a graph is v X (v — 1)/2 edges. Therefore time complexity due to modified
DFSis O(K? + K) = O(K?). The time complexity of the Dijkstra’s algorithm is
O(w+elogv) = O(N/L)xK+K?1og((N/L)XK)) = O(K?log K). The worst case
combination is, choosing the Eigen-vector centrality as source and Dijkstra’s
algorithm for path extraction from source to target, O(K> + K* log K) = O(K3).
The best case is choosing highest out-degree as source and modified DFS
for path extraction, that is O(K? + K?) = O(K?). The K-means clustering is
applied, and the time complexity for K timeseries samples is O(K?). Therefore
the clustering in case of the proposed graph based framework in worst case
is O(K?).

The temporal pattern extraction is, LCSS string matching between the sym-
bolic TS and the paths extracted. In the worst case, the maximum path length
is based on maximum number of vertices in the graph, that is (N/L) X K and
the length of symbolically represented TS is N/L, the time complexity due to
the LCSS string matching algorithm is O((N/L) x K X N/L) = O(K?) because
K>>N.

e Rare event detection using graph component analysis: Time complexity
for graph component analysis is decided by the algorithm used for SCC
computation, which is O(v + €). Since the maximum number of edges in
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Figure 2.3: Subfigures show seasonality in case of (a) London dataset (b) Ausgrid
dataset (c) Stock market dataset and (d) Web traffic dataset.

a complete graph is v X (v — 1)/2 edges, the time complexity for graph
component analysis in the worst case is O(K?).

2.4 Experiments

In this section, we discuss the datasets used for the experiments, design of experi-
ment, the baseline methods for comparison and the evaluation metrics.

2.4.1 Data description and data preparation

The proposed graph based framework is validated on— London household data
discussed in section 1.1.1, Ausgrid dataset discussed in section 1.1.1, Stock market
discussed in section 1.1.1 and Web traffic dataset discussed in section 1.1.1.

In case of London household, we extract the houses which belong to one of
the top three categories- adversity, affluent and comfortable, which are considered
as true labels in our experiment. Each category has 70 different houses and each
house has six month half hourly power consumption values. Linear interpolation
is used to impute the missing values in the data.

In Ausgrid dataset, the postcodes of the houses are taken as the true labels in
our experiment. Duplicate values at a time instant are replaced by their averages.

In case of stock market data, the stock index to which the company belongs
is considered as the true labels in our experiment. Linear interpolation is used to
impute the missing values in the data.

In case of web traffic data, the type of access to the wikipedia article is consid-
ered as the true labels in our experiment.

Table 2.2 details the number of TS samples, data size and the subsequence
length (SL) for all the datasets used. The above chosen datasets demonstrate
typical characteristics of TS including trend, seasonality, repetitive patterns and
also contain ground truth information about the cluster labels. The datasets are
log normalized before carrying out the experiments.

31

72



CHAPTER 2. CLUSTERING TIME SERIES USING DIRECTED GRAPH

2.4.2 Design of experiments

In this section, we discuss the experimental design to analyze the proposed frame-
work and the graph parameters.

1. Planted patterns: The performance of the proposed method is evaluated on
the TS samples with manually implanted patterns. The clustering and tem-
poral pattern extraction is performed and the results obtained are reported.

2. Clustering using path level analysis: The proposed graph based framework
is experimented on- (a) weighted graph (WG) and (b) unweighted graph
(UWG). The source nodes of the graph are chosen using two different meth-
ods (a) node with the highest out degree (b) node with highest Eigen vec-
tor centrality. Hence we obtain four different combinations (a) Deg-WG: a
weighted graph (WG) in which the source node is the one with highest out
degree (Deg) (b) Deg-UWG: unweighted graph (UWG) in which the source
node is the one with highest out degree (Deg) (c) Ei-WG: a weighted graph
(WG) in which the source node is the one with Eigen vector centrality (Ei)
and (d) Ei-UWG: unweighted graph (UWG) in which the source node is the
one with Eigen vector centrality (Ei).

The objective of path level analysis is (a) clustering and (b) discover the
temporally dependent subsequences from clusters. The optimal number of
clusters is decided using elbow rule in within cluster sum of squares (WSS)
plot. The cluster quality metric used in this experiment is Rl and ARI. Also a
statistical test is performed to check whether there is significant difference be-
tween the clustering on proposed framework and other clustering measures
used.

The objective of temporally dependent subsequences, is to characterize the
discovered clusters by the temporal patterns that occur in majority of cluster
samples. None of the existing state-of-the-art clustering techniques dis-
cussed above, can characterize the clusters by temporal patterns, hence no
comparison could be shown with respect to the temporal pattern discovery.

The best graph representation out of Deg-WG, Deg-UWG, Ei-WG and Ei-
UWG, is based on the study of- RI and ARI indices, statistical test and
support values of temporal pattern.

3. Rare event detection using graph component analysis: The objective of the
graph component analysis is to extract the rare event or the temporally
dependent rare events from the TS dataset. A metric called component score
is computed, to identify the rare events.
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Table 2.2: Data description of the datasets used in experiments.

Data #Samples | Size SL
London 210 8785 | {12,18,24,...66}
Ausgrid 216 8832 | {12,18,24,...66}

Stock Market 207 1023 | {5,10,15,...50}
Web traffic 3000 802 | {7,14,21,...49}

4. Configuration setup: The nodes and the extracted path from graph are the
main parameters that govern the clustering results and analyses.

Number of nodes changes with the changing subsequence length (SL). The
SL used in the experiment for each dataset is decided based on the peri-
odicity in the dataset. For visualization purpose, in Fig. 2.3, we show the
periodicity in the datasets. Reason of choosing periodicity is because the
periodic length alongwith the feature vector of subsequences can capture
the distinct patterns.

For aperiodic TS, each subsequence will correspond to unique symbols based
on the SL chosen. If the minimum SL= 2 for the aperiodic data, there
will atleast be one path corresponding to the TS and a connected graph is
obtained. In Table 2.2 we report the range of SL used for each dataset. For
example, in the London dataset, as the minimum periodicity is observed in
12 hours, the subsequence lengths chosen are {12, 18, 24, ... 66}. To determine
the best SL, we analyse the cluster quality with the changing SL. The cluster
quality metrics are explained later in the section.

In order to obtain the longer paths from DFS technique, we choose a criteria
for each discovered path p, where, 6 < |p| < g, ¥p € G, where 6 = 80% X g.
However, 6 is reduced by 5%, when no path of desired length exists. When
no path is obtained after the decrease, we choose the immediate next source
node.

For the graph component analysis, the value of threshold, ct is based on
component size distribution. For our experiments, ct is set to 0.9. The
machine specifications where the proposed framework is implemented are
Intel i7 CPU with 3.4GHz clock speed, Ubuntu 18.04 LTS, 64-bit operating
system. The experimental results are carried out using R-3.5.0.

2.4.3 Baseline methods

The primary and the first step of mining using the proposed framework is
the clustering approach. Hence, it is important that a good quality clusters are

33




CHAPTER 2. CLUSTERING TIME SERIES USING DIRECTED GRAPH

obtained before further analysis on temporal pattern discovery and the temporal
rare event discovery. In this regard, we perform a comparative analysis of the
cluster quality with some of the conventional clustering algorithms like— hier-
archical clustering using complete linkage (HC-C), hierarchical clustering using
single linkage (HC-S), K-means, K-Shape and the recent state-of-the art techniques
like- SAX-Distance (SAX), minimum spanning tree (MST) based clustering, HC on
matrix profile based distance (MP). We discuss the baseline methods below,

SAX distance based clustering (SAX) A straightforward way of TS represen-
tation is to represent each subsequence using its mean value [26]. SAX distance
is used to compute the pairwise similarity. K-Means clustering is applied on the
computed SAX distance.

Clustering via community detection (Walktrap) Since the proposed method is a
graph based representation, we compare it with a graph based community detec-
tion technique, called as walktrap. Authors in [127] have discovered the clusters
using community detection algorithms applied on e- nearest neighbor. The au-
thors discuss that very small values of € generates many network components and
very large value generates fully connected network, we choose the intermediary
based on the best rand index. In order to keep the comparisons on same scale,
Euclidean distance is chosen for pairwise distance computation. The dataset is
min-max normalized before the experiments.

Minimum spanning tree (MST) based clustering : MST is defined as the sub-
graph that covers all the vertices of the graph such that the sum of edge weights
in minimized. Authors in [131] have used MST based clustering approach, where
each node of the graph represents a TS from the TS dataset and the edge weight is
the similarity between two different TS. To keep the comparisons at same scale, Eu-
clidean distance has been used as the similarity measure. Since this is a supervised
approach, the number of clusters is same as the true labels of the dataset.

Other methods The results have been shown for the standard clustering algo-
rithms like K-means using Euclidean distance [132], K-shape clustering [133], HC
with single and complete linkages [134] and the clustering using matrix profile
based distance [118] (MP). Because K-means gives different results on different
runs, the best out of 500 runs have been reported.

For comparisons on same scale, the dataset is normalized in every clustering
algorithm and the number of clusters are scored using the elbow rule. The number
of clusters in HC is chosen using the Silhouette score.
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Time complexity comparisons: The TS dataset T = RN with K TS samples each
of length N, L is the length of subsequences and L << N, g4 = N/L is the number of
subsequences, G(v, €) is the graph based representation of TS T, below we discuss
the time complexity of the baseline methods discussed above for comparison with
the clustering on proposed graph based framework.

The time complexity for HC using complete and single linkage and K-means
is O(K?). The time complexity for K-shape clustering is O(K x N?) [133]. The time
complexity of SAX method is the maximum of piecewise aggregate approximation
(PAA) of the subsequences, the SAX distance and the K-means clustering. Because
K >> N >> L, time complexity for SAX based clustering is O(K?).

Walktrap and MST clustering technique depends on the number of vertices
and edges of the graph. The time complexity for walktrap algorithm is O(ev?). If
lel = v X (v—1)/2 and |v| = N/L X K, the time complexity for walktrap algorithm
is reduced into O(K®). In case of MST, the time complexity is O(|v| + le]). If
lv] = N/L x K, it becomes O(K?). The time complexity to compute the matrix
profile is O(K?). Because HC is applied on MPDist, the total time complexity is
O(K?) + O(K?) = O(K?).

Therefore, the time complexity reported for the clustering from proposed graph
based representation is similar to the K-means, MST, SAX and the MP clustering
approaches. The runtime of the SAX distance based clustering is 20 seconds, the
K-shape clustering is 10 seconds, HC clustering is 5 seconds and the proposed K-
means based clustering is 0.08 seconds. The proposed method shows the minimum
runtime as compared to the other methods.

2.4.4 Evaluation Metrics

In the clustering using path level analysis, the proposed graph based data mining
framework is evaluated using the rand index (RI) and adjusted rand index (ARI)
and the temporally dependent subsequences are evaluated using the support val-
ues. A statistical test is performed to check if there exists significant difference
between the RI and ARI obtained from proposed framework and the other clus-
ter techniques. In the graph component analysis, evaluation is done using the
component score. All the evaluation metrics are discussed below.

Rand index (RI) Rand index is a measure of similarity between the predicted
and the ground truth labels. It is computed by counting the number of sample
pairs that falls to the same or different clusters in the predicted cluster set as that
of the ground truth [135]. It is given as:

RI=@+b)/(a+b+c+d) (2.1)
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where, a is the number of sample pairs that have same predicted cluster labels as
that of ground truth labels, b is the number of sample pairs that have different
predicted cluster labels as that of ground truth labels, c¢ is the number of sample
pairs that have same predicted cluster labels but different ground truth labels and
d is the number of sample pairs that have different predicted cluster labels but
same ground truth labels.

Adjusted rand index (ARI) ARI is corrected-for chance version of the RI [136].
Consider two cluster sets {Ai}f:1 and {B ]-}']le be represented in a contingency table
and the values of the table computed as, n;; = |A; N B, that is, number of elements
common in A; and B i clusters. So, the ARI is computed as

i () - 6z )]f)

ARI = 2.2)

2626 [ 0 6))E)

where, 4; and b; corresponds to the sum in the i row and j column of the

contingency table respectively. Greater the value of ARI, better is the clustering.

Statistical test Wilcoxonssigned rank test [137]is anon-parametric test performed
to determine if the pairs of values are statistically different. Because the RI and the
ARI values are continuous and non-normally distributed, we choose the Wilcoxon
test to obtain the paired differences between each clustering techniques. The test
returns p-value that decides whether the paired values are significantly different
from each other or not. Considering, @ = 0.05, according to the null hypothesis, no
significant difference exists between the paired values if p-value > «, the alternate
hypothesis is satisfied otherwise.

Support value The number of cluster samples that contains the temporal pattern
out of the cluster size is the support value. Assuming the clustersetC =cy,cz... ¢,
the support value for cluster ¢ is given as Sy = n./n where n, is the number of
cluster samples with the detected temporal patterns and |ci| = n. The maximum
support value is 1 and the minimum is 0.

Component score The component score (cs) is the ratio of the number of edges
in a graph component (eg,) by the total number of edges in the graph. It is give
ascs = % A lesser component score denotes the occurrence of rare events with
respect to that component.
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Figure 2.4: Subfigures (a) and (b) show two different manually implanted sinu-
soidal patterns (highlighted in red) to 20 randomly chosen TS samples from London
dataset. Subfigure (c) shows a table that report the support value and the tempo-
rally dependent patterns obtained by clustering and temporal pattern extraction
using the proposed graph based framework when Pattern type 1 and Pattern type
2 is implanted. The symbols for the manually implanted patterns are highlighted
in red.

2.5 Results and analysis

In this section we discuss the results obtained from the different experiments
discussed in section 2.4.2.
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2.5.1 Planted patterns

To evaluate the performance of the proposed method, we manually implant sinu-
soidal patterns to 20 randomly chosen TS from the London dataset. Pattern type
1 shown in Fig. 2.4 (a) is the dataset which has a single pattern implanted at a
time and pattern type 2 shown in Fig. 2.4 (b) is the dataset which has periodic
pattern, occurring after some time interval. Due to space constraints, we illustrate
only one TS samples from each dataset. We perform the experiments on both the
datasets and report the support values obtained from temporal pattern in the table
in Fig. 2.4 (c). The symbols obtained for pattern type 1 and 2 are grtq and npqt
respectively.

It is observed that the proposed graph based framework can successfully iden-
tify the manually implanted single pattern and the periodic pattern present in the
TS samples. The results in the table of Fig. 2.4 (c) are the support values obtained
from the temporal pattern symbols in the column temporally dependent patterns.
We obtain 3 clusters from dataset of pattern type 1 and 2 clusters from dataset
of pattern type 2. In case of pattern type 2, the two different temporal patterns
are detected. The first temporal pattern obtained from pattern type 2 denotes the
occurrence of a loop in the corresponding graph and the second temporal pattern
denotes the occurrence of self loop.

2.5.2 Clustering using path level analysis

In this case we evaluate the clustering method and the temporal patterns discov-
ered from the clusters.

Clustering comparisons

To evaluate the performance of the proposed framework for clustering TS database
we carryout a comparative study on the datasets with ground truth information.
In Table 2.3, we report the best Rl and the ARI values obtained by clustering on the
proposed graph based framework and the other baseline clustering techniques- HC
(complete), HC (single), K-shape, K-means, SAX, Walktrap, MST, MP, discussed in
section 2.4. The best results obtained are highlighted in bold. The highest RI and
ARI values indicate that the cluster obtained using proposed method matches the
ground truth information the best.

The RI and the ARI values obtained from the four graph representations of the
proposed framework are significantly greater than that of the clusters obtained
by using the other techniques: HC (complete), HC (single), K-shape, K-means,
Walktrap, MST and MP. The performance of the SAX method and the proposed
method using Ei-WG graph representation are comparable on the London dataset
when measured in terms of ARIL On the Ausgrid dataset the ARI score of K-means
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Table 2.3: Comparative results of RI and ARI in case of clustering in the proposed
framework and the existing baseline clustering methods measured in terms. The
best values of RI and ARI are highlighted in bold. The abbreviations used for the
algorithms are mentioned in section 2.4.2 and section 2.4.3

London Ausgrid | Stock market | Web traffic
RI | ARI | RI | ARI | RI ARI RI | ARI
HC-C 042 | 0.001 | 037 | 0.01 | 04 | 005 |034| O
HC-S 0.34 | 0.001 | 0.18 0 031 | 001 |[034| O
K-shape | 0.54 | 0.002 | 0.61 | 0.007 | 0.61 | 0.005 | 0.63 | 0.046
K-means | 0.58 | 0.001 | 0.67 | 0.08 | 043 | 0.076 | 0.67 | 0.25
SAX 0.61 | 0.04 | 073 | 0.04 | 059 | 0.02 | 066 | 0.1
Walktrap | 0.5 | 0.01 | 0.51 | 0.06 | 0.7 02 |069]| 02
MST 034 0 0.19 | 0.001 | 0.26 0 0.33 0
MP 0.36 | 0.003 | 0.25 | 0.001 | 0.29 | 0.002 | 0.34 | 0.001
Deg-WG | 0.61 | 0.007 | 0.73 | 0.08 | 0.64 | 0.09 | 0.74 | 0.26
Deg-UWG | 0.63 | 0.01 | 0.75 | 0.07 | 071 | 017 | 0.7 | 0.26
Ei-WG | 062 | 0.04 | 073 | 007 | 072 | 02 |071] 0.3
Ei-UWG | 062 | 0.01 | 073 | 0.04 | 0.74| 018 | 0.7 | 0.25

Dataset

is same as that of the proposed method using Deg-WG graph representation. On
the Stock market dataset, Walktrap and the proposed method with Ei-WG graph
representation score same ARIL. Among the other baseline methods, while SAX
and Walktrap show high RI scores for all the data sets, K-means follows them
closely. It may noted that the highest Rl score ranges between 0.63-0.75 across the
datasets, while the highest ARI range is 0.04-0.3 across the datasets. This may be
because of the number of clusters.

We plot the change in RI and ARI with changing subsequence length (SL),
shown in Fig. 2.5. The plot shows highest values of ARI from Ei-WG graph
representation in case of London, Stock market and the Web traffic datasets. This
is because the paths formed from Ei-WG is better as compared to other graph
based representation. The edges in Ei-WG are weighted, so, according to Dijkstra’s
algorithm, it forms the path with more similar sequence of nodes. Also the source
has high Eigen vector centrality, which signifies, the neighbour nodes of source
also has high Eigen vector scores.

Table 2.4 shows the results for Wilcoxon signed rank test. The Deg-WG, Deg-
UWG and Ei-UWG show the p-values that are lesser than significance level a =
0.05, except the K-means. However, the p-values obtained from Ei-WG graph
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Figure 2.5: RI and ARI values obtained for the change in subsequence length in
case of Deg-WG, Deg-UWG, Ei-WG and Ei-UWG graph representation on the
proposed framework.

Table 2.4: The p-values of Wilcoxon signed rank test performed on the RI and ARI
for the different clustering techniques. The columns corresponding to clustering
on proposed framework is highlighted in bold.

Deg-WG Deg-UWG Ei-WG Ei-UWG

RI ARI RI ARI RI ARI RI ARI
HC-C 12e-5 | 4.5e-4 | 9.5e-5 | 9.3e-5 | 1.3e-5 | 1.1e-5 | 1.3e-5 | 9.08e-6
HC-S 0.1 8.8e-7 | 1.4e-4 | 2.3e-6 | 2.8e-5 | 6.2e-7 | 42e-5 | 1.8e-6
K-shape 0.6 58e-6 | 3e-4 | 1.6e-5 | 0.003 | 1.6e-6 | 6.5e-4 | 7.1e-6

K-means | 5.9e-6 0.1 0.1 0.03 0.01 0.02 0.3 0.18
SAX 0.1 6.3e-4 | 48e-6 | 0.01 | 1.6e-4 | 0.02 | 2.2e-4 | 4.7e-3
Walktrap 0.5 0.01 | 0.007 | 1.8e-4 | 0.02 0.01 0.01 | 3.7e-4
MST 59e-5 | 2.4e-6 | 9.5e-5 | 3e-6 | 1.29e-5 | 1.5e-6 | 1.3e-5 | 2.1e-6
mp 2.69e-6 | 1.5e-6 | 6.4e-5 | 3.9e-6 | 1.4e-8 | 1.1e-6 | 5.9e-6 | 4.7e-6

representation in case of K-means shows a significant difference. This justifies
that the weighted path extraction from Ei-WG graph gives better clustering results
than the other graph representation techniques.
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Table 2.5: The highest support values obtained from temporal patterns. The best
support values are highlighted in bold.

Data Deg-WG | Deg-UWG | Ei-WG | Ei-UWG
London 0.89 0.94 0.95 0.96
Ausgrid 0.95 0.96 0.96 0.93

Stock 0.96 0.95 0.96 0.95

Web traffic 0.79 0.76 0.93 0.67

1.0
0.5
Jun-02 Jun-03 Jun-04 Jun-05 Jun-06 Jun-07 Jun-09 Jun-10 Jun-11
18:00 19:00 20:00 21:00 22:00 23:00 00:00 01:00 02:00
(a)
-

(b)

Figure 2.6: Subfigure (a) shows temporal subsequence patterns obtained in case
of Ei-WG graph representation for London dataset and subfigure (b) shows the
respective graph nodes for London dataset.
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Figure 2.7: Temporal pattern and the respective symbols discovered from each
cluster, shown in sequential order, in case of Ei-WG graph. For each dataset, the
temporal patterns are illustrated using different colors in each window and is also
marked by dotted lines. SL in the table is the subsequence length.
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Temporal patterns

We report the support values obtained from the datasets in Table 2.5. In case of
Web traffic data, the Ei-WG representation shows significantly high support value
as that of others. Although the unweighted graph representation is better in terms
of time complexity, but due to the higher support values obtained from Ei-WG, a
weighted graph, we perform the rest of the experiments on it.

For each dataset, we show the occurrence of temporal patterns obtained from
Ei-WG graph representation in as explained below. We show the date and time of
occurrence of the temporal pattern and discuss how the temporal pattern discovery
is useful with respect to the respective TS datasets. Temporal pattern for London
dataset, cluster 1 is shown in Fig. 2.6 (a) starting with node cdmm and the length
of the temporal pattern is 10. The colored nodes and edges of the graph forms the
temporal pattern. The start node of the temporal pattern has been labeled by its
symbol. The first pattern cdmm occurs during June 4" and 5", second and third
pattern occurs on June 8" and 9" respectively, as shown in Fig.2.6 (b). This signifies
that every building of cluster 1 has a similar consumption pattern at the given date
and time, which can be the cause of increase in demand. This information will
help the utilities to balance the demand supply needs by several demand-side
management operations, one of which is the peak shifting. We obtain 7 different
clusters from Ei-WG representation of London dataset. The temporal patterns
and their respective symbols for other clusters is shown in Fig. 2.7 in a sequential
order. The pattern in each window is colored for illustrative purpose. Let us
discuss how we can characterize each cluster by the shape of temporal pattern
occurring at a fixed date and time. Temporal patterns of cluster 1 has minor
changes in consumption during the first 9 windows followed by a slow increase
in the 10 window. Cluster 2 has pattern length of 13 and it can be characterized by
alternate sequence of sharp rise and steady consumption pattern. Pattern length
in cluster 3 is 9 and is characterized by a peak value occurring at the starting or the
end of the day followed by a constant load consumption. The temporal pattern
for cluster 6 has multimodal peak occurrence.

The temporal pattern for the Ausgrid dataset, cluster 1 is shown in Fig. 2.8 (a),
that starts from the node fgkk and pattern length of 8. The first pattern fgkk,
shown in graph in Fig. 2.8 (b), occurs on Aug 25" followed by Aug 28" and
Sep 1% respectively. This signifies that every house of cluster 1 generates the
similar electricity patterns at the given date and time and this information can
further help in designing accurate prediction models. The temporal patterns for
the other clusters is illustrated in Fig. 2.7 with the respective symbols. Observing
the temporal patterns, we can characterize the pattern of each cluster. In cluster 1,
all the windows, except the last, shows an exponential increase in the load pattern.
In cluster 2, the windows of temporal patterns forms sinusoidal shape due to the
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Figure 2.8: Subfigure (a) shows temporal subsequence patterns obtained in case
of Ei-WG graph representation for Ausgrid dataset and subfigure (b) shows the
respective graph nodes for Ausgrid dataset.

rise and falls in the pattern. The length of temporal pattern for cluster 3, is 1,
which forms a sinusoidal pattern. The temporal pattern for cluster 4, has length 3,
has triangular like patterns and the peak consumption is observed at the first and
the last pattern. The length of temporal pattern in cluster 5 is 9 and shows slow
decrease when moving towards the 9" pattern. The length of temporal pattern in
cluster 6 is 9 out of which 8 of them have the rectangular shape patterns.

The temporal pattern for stock market data, cluster 1 is shown in Fig. 2.9 (a).
The graph has a self loop as shown in Fig. 2.9 (b), which denotes that the pattern
length is 2, starting and ending with chuu. The occurrence of the first chuu ranges
from June 6", 2017 to July 11,2017 and the occurrence of the second cbuu ranges
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Figure 2.9: Subfigure (a) shows temporal subsequence patterns obtained in case
of Ei-WG graph representation for Stock market dataset and subfigure (b) shows
the respective graph nodes for Stock market dataset.

from Sep 12, 2017 to Oct 17", 2017. This signifies that every company of cluster 1
has similar closing price during the given date range, hence this information can
help in building good recommender systems that can decide when to buy or sell
the stocks. Temporal patterns for the other clusters are shown in Fig. 2.7 with the
respective symbols. Cluster 1 has a linearly increasing trend, cluster 2 has a steep
fall in the pattern, cluster 3 forms a staircase pattern with a slow fall, and cluster 4
shows sinusoidal shape. Although the symbols for cluster 1,2 and 4 is same, the
pattern shape differs.

The temporal pattern for web traffic data, cluster 1is shown in Fig. 2.10 (a). The
length of temporal pattern is 2, with dhoo as the starting node, shown in Fig 2.10 (b).
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Figure 2.10: Subfigure (a) shows temporal subsequence patterns obtained in case
of Ei-WG graph representation for Web traffic dataset and subfigure (b) shows the
respective graph nodes for Web traffic dataset.

The time and date of occurrence of dhoo is from Feb 8", 2017 to Mar 21%, 2017 and
the occurrence of the next pattern, fhoo is from June 14", 2017 to Jul 26", 2017,
shown in Fig. 2.10 (a). This signifies that all the web pages of cluster 1 have similar
pattern of daily views during the above mentioned dates, and it can be the cause of
peak in the web traffic. The temporal patterns for the other clusters are shown in
Fig. 2.7 with their respective symbols, where cluster 1 shows no change in pattern
during the first window and a peak in the second window. Cluster 2 shows a
slow decrease in the number of visits from the first to the second window, cluster
3 shows a steep rise, cluster 4 shows a peak at the middle of the window, cluster 5
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Figure 2.11: Subfigure (a) shows temporal dependent rare events obtained in case
of Ei-WG graph representation for London dataset and subfigure (b) shows the
respective graph nodes for London dataset.

shows a parabolic shape pattern, cluster 6 shows steady decrease from window 1
to window 2 and cluster 7 shows flat peak.

2.5.3 Rare event detection using graph component analysis

We illustrate the occurrence of rare event patterns and their graph structure ob-
tained from Ei-WG graph representation and the respective patterns for all the
datasets. Directed edges between the graph nodes in each case, denote the tem-
poral order of occurrence of the rare events

The graph showing rare events for London dataset, in Fig. 2.11 (b) has 9
different component out of which 8 components are the rare events. The different
components of the graph are shown using different colors and the rare events
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Figure 2.12: Subfigure (a) shows temporal dependent rare events obtained in case
of Ei-WG graph representation for Ausgrid dataset and (b) shows the respective
graph nodes for Ausgrid dataset.

are labeled by their symbols. Patterns for the rare events are highlighted in the
plots for each dataset. Each of the rare events has c¢s = 0.0001, which is less than
the threshold ct, while the cs = 0.99s for the largest component. The nodes in
the graph fbkk — cfkk — efkk — ebkk — fgkk — cdkk — cckk — edkl show the
sequence of temporally dependent rare events. The pattern for the same is shown
in Fig. 2.11 (a) and are colored same as the color of graph nodes.

Fig. 2.12 (a) and 2.12 (b) the rare event patterns and the graph for Ausgrid
dataset. The graph shows two components. The cs = 0.99 for the largest compo-
nent and the highlighted node symbolized as dhkk is the rare event with cs = 0.0004,
that is less than ct.

Fig. 2.13 (a) and 2.13 (b) shows the rare event patterns and the graph for the
Stock market dataset. The cs = 0.99 for the largest component and the cs = 0.002 for
rare event. The detected rare event is observed only in Eicher Motors Limited. The
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Figure 2.13: Subfigure (a) shows temporal dependent rare events obtained in case
of Ei-WG graph representation for Stock market dataset and subfigure (b) shows
the respective graph nodes for Stock market dataset.

nodes symbolized as dbrq — rbqr — rbrq — rbrr are the temporally dependent rare
events. The respective time and date of occurrence of the temporally dependent
rare event starts from Mar 29" to Oct 25! as shown in the plot of Fig. 2.13 (a).
Unlike the other companies, the closing price pattern for the Eicher motors show
an increasing trend, which is the cause of rare event occurrence, as shown in
Fig. 2.13 (a).

Fig. 2.14 (a) and 2.14 (b) shows the rare event patterns and the graph for a
web page named Emanuel Macron in the Web traffic dataset. The rare event
symbolized as mhmo has the cs = 0.0003 and the largest sized component has
cs = 0.99. The pattern corresponding to mhmo shows the highest peak in the TS
dataset and is detected as a rarely occurring event. The lowest cs and the pattern
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Figure 2.14: Subfigure (a) shows temporal dependent rare events obtained in case
of Ei-WG graph representation for Web traffic dataset and subfigure (b) shows the
respective graph nodes for Web traffic dataset.

of the rare event for the Web traffic dataset justify the rare events discovered from
the proposed method.

2.6 Conclusions

In this chapter, we propose a graph based TS analysis framework— Graft. The
purpose of the proposed framework is to identify the frequently occurring longest
temporal patterns and also identify the temporally dependent atypical patterns.
To achieve the purpose, the TS dataset is represented by a weighted directed
graph structure, that can store the information about the pattern similarity and
the temporal pattern dependency. Clustering of the TS samples is performed
based on the graph path extraction. Cluster evaluation metrics obtained from
proposed method are compared with the existing traditional clustering methods
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and the graph clustering techniques. Higher cluster evaluation metrics in case
of the proposed path based clustering signify higher similarity of the predicted
cluster labels with the target.

The higher support values of frequently occurring longest temporal patterns
reported, denote that those patterns are observed in majority of the cluster samples
in a certain cluster. To justify the discovery frequently occurring longest temporal
patterns, the study has been experimented on some planted sinusoidal patterns
in a sample TS dataset. The component score for a graph component denote
the ratio of edges with respect to the total number of edges in the graph. Lower
component score denote that the desired pattern occurrence is comparatively lesser
observed in TS dataset. The importance of these clustering analysis is to build
accurate forecasting load models, recommender systems for stock market, resource
management for web servers. The atypical pattern will identify the possible theft
or newer patterns detected, and find the cause for the same. A comparative
analysis on time complexity show that the time complexity of clustering in the
proposed framework is similar to that of the existing clustering techniques. The
proposed method shows minimum runtime as compared to the other clustering
techniques.
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Clustering time series subsequences using
directed graph

3.1 Introduction

Subsequence clustering aim to cluster the subsequences of a TS sample so that the
similar patterns can be grouped into a cluster. Considering a TS dataset, the TS
subsequence clustering aim to group the similar patterns of the several TS samples.
Because the TS dataset has multiple TS samples, a pattern can be associated with
multiple other co-occurring patterns. Discovery of the subsequently co-occurring
patterns and clustering based on the discovered patterns is a challenging part.

In general, the feature extraction is applied either on raw TS or on the subse-
quence TS. The optimal set of features can be chosen using cluster quality scores.
But the primary concern is to incorporate the information about the subsequently
co-occurring patterns of the patterns into the feature extraction approach. Based
on the length of the subsequences, the TS dataset has large number of subse-
quences but some of them can have redundant pattern information. Therefore, it
is necessary to identify the subsequences that have distinct information, in order
to reduce the space complexity.

Existing subsequence clustering approaches look for similarity between the
subsequences but they do not consider the temporal dependency between the
subsequences. The graph theoretic approaches have been successful in mining
similar as well as dependent events across several applications.

In this work, we formulate the subsequence clustering on TS dataset, as a dense
subgraph mining problem for a weighted directed graph. The novelty of pro-
posed weighted directed graph is that it can capture the dependency between the
subsequences using directed edges and the similarity between the subsequences
using the edge weights. The dense sub-graphs formed from the subsequently co-
occurring patterns from the weighted directed graph is defined using the concept
of quasi-clique. For atypical pattern identification, a subsequence that is followed
by minimum number of other unique patterns is considered atypical. Out of the
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different application areas of the TS subsequence clustering, this chapter shows
how to obtain the stable set of consumers from a residential smart grid system,
that can be chosen for demand response (DR) [138] or Demand Side Management
(DSM). The stable set of consumers denote the consumer set that have a consistent
electricity consumption behavior. The historic TS with a consistent consumption
behaviour is more likely to adjust their demand. This will help in persistent peak
load shifting and reduced daily energy consumption through long term contrac-
tual agreement with the smart grid operators.

3.2 Literature

The TS subsequences are extracted using the sliding window, however the study
in [139] shows that clustering all possible subsequences extracted using the sliding
window yields meaningless results. Zhanget. al. [92] introduced the subsequences
as shapelets, which are described as selective subsequence set that describe the
unique shape based features in the TS data. Clustering the TS based on the learned
shapelets has shown good results [92] but the shapelet searching from the entire
set of all possible subsequences is an exhaustive process. Some other factors to
obtain meaningful clusters of subsequences depend on window length and the
distance measures used. There exists several data encoding techniques for TS
subsequences that have given good clustering results. Pramod et. al. [140] extract
the adaptive and robust extrema features from the subsequences that are used
for subsequence matching. The TS data generated from each source is domain
specific and so the clustering result depends on the extracted features. How-
ever, Masoumeh et.al [141] claim that the shift-invariant versions of the spherical
clustering, principal component analysis (PCA), sparse coding and non-negative
matrix factorization (NMF) are suitable for TS of all domains.

The applications of subsequence clustering extends— rule discovery [142], fre-
quently occurring pattern discovery [143] and rare event discovery [63]. Rule
discovery is extraction of the causal events that have multiple occurrences dur-
ing a time frame. The frequently occurring patterns in the data are discovered
by mining all the possible subsequences of TS [143]. In [44], the authors use
K-medoid algorithm to cluster the discovered motifs. The clustering and motif
detection techniques using SAX approach in [106, 144, 145] have shown promising
results. Several subsequence TS clustering approaches in literature have used the
pairwise similarity measure and achieved good results [146, 94, 147]. However,
none of them discuss about extracting the subsequently co-occurring pattern based
information.

Considering the graph structure for TS, it has been used for link prediction
where the link denote communication between two entities. Authorsin [148] claim
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that the graph based structure for link prediction can capture both the structural
and temporal dependencies. The advantage of using graph structure for TS is that
it provides multi-level analysis that reflect the co-occurring patterns present in the
TS [6]. TS to graph based representation is shown in [63] for anomaly discovery,
in [127] for whole TS clustering, in [53] for rule discovery.

In this chapter, the dimensionaly reduced TS dataset is combined with the
graph based structure. There are some properties in graph based structure, that
assists in capturing the TS pattern 1. the vertices can be used to represent the unique
patterns from TS 2. the weighted edges can be used to represent the similarity
between paired vertices 3. the directionality of the edges can help in preserving the
temporally dependent events in TS. The unweighted undirected graph clustering is
faster and abundant in literature as compared to the weighted and directed graphs.
There are some approaches, discussed in [149] to convert the directed graph into
undirected and then apply the traditional community detection algorithms, but
this conversion in case of TS will cause loss of temporal information.

3.3 Methodology

In this section, we discuss the proposed work and the details of the proposed clus-
tering approach. A flowchart describing the control flow between different steps
of the proposed framework is briefly described using Fig. 3.1. The input to the
flowchart is the time series data, denoted as T = {t; ...t;,}. The data pre process-
ing steps for missing data imputation, duplicate removal and normalization are
discussed in section 3.5.1. The first important step is segmentation and symbolic
representation on T which is discussed in section 3.3.2. The symbolic data is used
for graph representation as discussed in section 3.3.3. The details of the proposed
quasi clique clustering technique on the graph is discussed in section 3.3.4. The
cluster labels thus obtained (S¢) is finally used for DR programs as discussed in
section 3.6.4.

3.3.1 Definitions and Notations

To describe the proposed framework we discuss the notations and define the
underlying concepts.

Notation 1 Time series dataset: The TS dataset is denoted by a matrix, T = R™™, where,
m is the number of TS samples and |t;| = n, Vt; € T.

Notation 2 Time series subsequences: A TS t;, is split into equal length non-overlapping

segments, called the subsequences of length I. Given the TS t;, the subsequence of t; starting

at time instance j is {tlf L t§j+l_1)},
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Figure 3.1: A flowchart of the proposed graph based subsequence clustering
method with application to Demand Response (DR) program for identification
of stable consumers and identification of atypical patterns.

Notation 3 Graph: A directed weighted graph is denoted as G(V, E, W), where V is the
set of vertices, E is the set of directed weighted edges and W(e; ;) is the weight function
that maps an edge e; ; € E to a real value.

Notation 4 Vertex weight: Weight of a vertex v; € V is the sum of weights of its outgoing
edges given as: W(v;) « sum;(W(e;;)), where e;; € E is an outgoing edge from v; to
vj € V.

Definition 6 Maximum Clique on a weighted graph: Given a weighted graph, a clique
is defined as a complete subgraph s such that for every pair of vertices i, j € s there exists
an edge (i, j) in s and the summation of the edge weights of s is the maximum over all
complete subgraphs in G.

Definition 7 Clique on a directed graph: Given a directed graph, a clique is defined as a
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subgraph s such that for every pair of vertices i, j € s there exists both the edges i — j and
j— i

Definition 8 y-quasi-clique: Given a unweighted undirected graph, a y-quasi-clique is

defined as a subgraph s if Vi € s deg(@)

7 T6-D) = YV, where 0 < Y <1.

3.3.2 Segmentation and symbolic representation

Algorithm 6 Symbolic representation

Input: T : TS dataset
Output: T : Symbolic representation

1: Initialize F rxpxg
2: foreach TSt € T do
3: foreachsegmentjinl:gdo
4 leixj — M(tf)
5: Foxixj < slope(tf )
6 Faxixj < dif(t))
7. end for
8: end for
9: For each f compute median
med[ f] = median(F xuxq)
10: for each f do
11: forain3:20do
12: Ela] « min(|B* — med[f]|)
13:  end for
14:  a[f] « arg min(E[a])
15: end for
16: vopt < max(a)
17: Symbolic conversion of F fxx; USINg gpt )
18: Concatenate the symbols to obtain the symbolic representation T};x

Two subsequences, ¢ and tz.y are non-overlapping if y > x + [ — 1, where x and
y are the start times of the respective subsequences. The number of subsequences,
for each t; of length n is g = n/I, where [ is the length of the subsequences. A higher
value of | results in loss of information while a smaller value of I produces unique
encodings that might fail to find the common patterns between the subsequences.

Segmentation of each subsequence Vt; € T, is followed by symbolic represen-
tation. Following the extended SAX approach developed in [111], three different
features are extracted from each subsequence which are then converted to symbols.
The features are:

j
1. average or mean, p(t;)
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2. to capture the trend pattern of the subsequence, slope is used, slope(tf )

3. to determine the range of values, the difference between maximum and
minimum value in the subsequence is used, di f (tf).

Although other features may be considered, the above chosen feature set can
be computed in linear time which is important for analysis of large datasets.

Let the PAA of normalized TS t; be f;. For a given alphabet a > 2 and a =
{3,...,20}, the sorted list of breakpoints B* = {ﬁk}Zj/ is used to obtain the SAX
symbols using the Equation 3.1,

=y, if By < F < Pi (3.1)
where j € {1, ...,q} and a; denote the kth element of the alphabet.

The pseudo code for symbolic representation is discussed in algorithm 6.

F rxmxq is a tensor, where f denotes the number of features that represent a subse-

quence. The appropriate alphabet size for each feature {Fx}jcr _y, 1s its median. For

example, in case of mean represented as F1, we compute median(Fixuxq)- Instep 9,
med is a vector which stores the median value of the features and E is the vector
which stores the minimum value of |[B* — med[f]|. For the feature f, we obtain the
alphabet size a[ f] whose corresponding breakpoint is closest to the median value
of the feature f, as shown in step 14. The maximum from vector a, that is, agp:
is chosen for symbolic representation of entire TS. Output of algorithm 6 is the
symbolic representation of TS data T, given as Tyuxg.

3.3.3 Graph representation

The directed weighted graph G is formed from symbolically represented TS data T
as discussed in notation 3. The aim is to extract groups of similar subsequences oc-
curring in the TS dataset that also preserves the temporal order of their occurrence,
therefore we propose the following approach for construction of G, that preserve
the temporal order of occurrence of the subsequences. The subsequences with
same symbols represent similar patterns, so we extract the unique symbols in T
that form the graph vertices. Mapping of a unique symbol to a vertex of G is given
by the mapping function V : £/ — v;. If V(£") = v; and V(£’) = vj, then the map-
ping function of edges E(., .) is given as, E : (v;,vj) — e;j, if y = x+1—1. The weight
of the edge is computed using a modified SAX distance given as W(e;;) = D(.). The
SAX distance of two time series with SAX representation as: fy, fy, is computed
using Equation 3.2, where, f; is the ith element of the string .. In the Equation 3.2
the function dist(, ) can be implemented using a table lookup where the rows and
columns of the table represent the letters of SAX alphabet and the value in the cell
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q
SAX(F,, F,) = \/g Y dist(, T2 (3.2)
i=1

(3.3)

dist( ) 0, iflr—c <1
ist(ay, @) = .
v B max(r,c)-1 — ,Bmin(r,c) otherwise

(r,¢) is the distance between the rth and cth letter of the alphabet. The function
dist(ay, o) is defined in the Equation 3.3, and f is as defined in Equation 3.1.

Limitation of SAX distance is that it ignores the distance between two suc-
cessive symbols, causing information loss and hence the difference between two
patterns could not be identified correctly. To reduce this discrepancy, we modify
the existing SAX distance by introducing a gap function gap(.,.) that capture the
distance between two successive symbols. The modified SAX distance, given as
SD(Fi, F;) is shown in Equation 3.4, where Fi is the SAX encoding of feature value
representation of #.. The max(a,) and min(a.) are maximum and minimum values
of the regions corresponding to rth element of the string a, and cth element of the
string a.. A working example of computing the modified SAX distance between
two subsequences, is shown later in section 3.3.5 of the paper. The summation of
SD(.,.) over g subsequences may be used to get the modified SAX distance between
two time series.

f
SD(FL,Fi) = \/g J Z dist(FL*, Fy2 + gap(FY*, Fif) (3.4)
k=1

(max(a,) — min(a))?, if(r—c)=1

ap\Qiy, &c) =
gap( ) {o

3 otherwise

3.3.4 Clustering

The proposed quasi-clique based clustering approach on a directed weigted
graph G, searches the groups of similar vertices that preserve the temporal or-
dering. Relaxing the existing definition 6 of clique on a weighted graph and
definition 7 on a directed graph and extending definition 8 of a y-quasi clique on
a weighted graph, we propose definition of 1)-quasi clique on a directed weighted
graph with normalized edge weight.

Definition 9 Given a weighted directed graph G, a subgraph s is called a y-quasi clique
if both the following conditions are satisfied
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Algorithm 7 Quasi- clique clustering

Input: G : directed weighted graph
Output: S¢ : graph clusters
1: For each v; € G, compute W(v;)
2: Q « Enque the vertices with W(v;) as the associated priority
3: Initialize Sg = 0
4: while Q is not empty do
5. 5; < Deque maximum element from Q

6: loop
7: sj « Deque maximum element from Q such that
sj is a neighbour of s;
8: if s; = () then
9: exit loop
10: end if
11: new_s; < subgraph({s; U s;})
12: if WCC(new_s;) & Y(new_s;) > i, then
13: s; « vertices(new_s;)
14: new_s; =0
15: Continue
16: else
17: R < RU{s;}
18: end if

19:  end loop

20:  Enque the vertices in R to Q with the
associated priority

21: R=0

22: S5 =SgU/{s;}

23: end while

24: return Sg

1. s is a weakly connected component (WCCs), and

2. ifVies, W > 1, where 0 < ¢ < 1 and deg™(i) is the out-degree of

vertex 1.

Condition 1 ensures that the temporal order of occurrence of patterns repre-
sented by the vertices is preserved while condition 2 ensures that every y-quasi
clique is dense even for a disassortative graph where vertex weight and vertex
degree are not correlated. A clique on a weighted directed graph with normalized
edge weights is a special {-quasi-clique where every pair of vertices form a SCC
that is for every pair of vertices (i, j) there exist both the directed edge i — j and
i—jand =1
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We propose the definition of maximal i-quasi clique on a directed weighted

graph with normalized edge weight as below:

Definition 10 Given a weighted directed graph G, a subgraph s is called a maximal
Y-quasi-clique if all the following conditions are met -

1. sisa -quasi clique on G, where 0 < ¢ <1, and

2. for all i € V such that i is a neighbour to s, s U {i} seize to remain a y-quasi clique
on G.

The complexity of the naive problem of finding all maximal 1)-quasi clique
from a given weighted directed graph G is exponential in the size of the input
graph. It is known that there can be as much as Q(3"/%) maximal cliques in a
graph [150], and hence there can be at least as many maximal quasi-cliques, since
each clique is a special {-quasi clique. Even it is shown that it is computationally
hard to propose an approximation algorithm for this problem [151].

In this chapter we propose a bottom up greedy graph clustering algorithm such
that every cluster is the maximal y-quasi clique in the given weighted directed
graph G as mentioned in algorithm 7.

In algorithm 7 the vertices are first arranged in non-increasing order of their
weight values W(v;) in the priority queue Q where the priority is the weight value
of the vertices W(v;). Vertex with highest weight is considered as the central vertex
of G because it is either connected to maximum number of other vertices of the
graph or it is connected to other vertices which are most similar to it. According to
the greedy strategy in the algorithm, inclusion of the vertex with higher weight to
the cluster at an early stage, help to find the maximal 1-quasi clique as compared
to the strategy of including a vertex with lower weight.

The term clusters and subgraphs S are used interchangeably in algorithm 7.
Initially, the vertex with highest weight forms an individual cluster {s;}. At each
iteration, the vertex with next highest weight that is also neighbour of s; is chosen
as s;. The subgraphs s; and s; are merged if the following conditions are satisfied -

1. the new subgraph, new_s; should form a WCC, that ensures a minimum
connectivity between the vertices. The WCC are found by a breadth-first
search algorithm.

2. the new subgraph, new_s; should satisfy the condition ¢ (new_s;) >= Yin,
where,

Y(new_s;) = min min(W(v), deg” (v)

Yovenew_s; (Z - 1) (3.5)

where, z = [new_s;|, the number of vertices in subgraph new_s;. The parame-
ter 1, determines the quality of the clusters.
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Figure 3.2: (a) A working example of the proposed TS subsequence clustering,
shown for time series dataset T, with three time series t; and f, and t3, each with
n =16 and | = 4. The PAA is shown for the respective time series. The points
in the lines denote the start and end of subsequences. x-axis is the time units
and y-axis is the power consumption values.(b) The features obtained from each
subsequence in T. agy is the alphabet size obtained, shown in bold. (c) The B*
represents the breakpoints for a,,; = 4 (d) Symbolic representation of the features

(:.I:). (e) The graph representation obtained from T (f) The cluster labels obtained
using the proposed quasi clique clustering approach, for 1,,;;, = 0.3. (g) Stability
of t; t, and t3. The cluster labels of the subsequences are illustrated with different

colors.
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The iterations are repeated until no more merge is possible with s;. s; forms a

maximal 1)-quasi clique. The above steps are repeated for all the vertices that do
not belong to s;. The algorithm returns a set of subgraph S which are the maximal
Y-quasi cliques of graph G.

3.3.5 Working Example

A working example of the proposed method is shown in Fig. 3.2. For simplicity,
we assume three time series samples given as T = {t1,fy,t3} with [ = 4and q = 4.
The 5 unique symbols obtained from Fig. 3.2 (d) is used for graph representation,
as shown in Fig. 3.2 (e). The edge direction in dbd — dcd is based on the temporal
order of occurrence and the edge weight is computed using Equation 3.4.

SD(fy, ty) = \/14?\/(0 +0) + (0 + gap(b,c))) + (0 + 0) (3.6)

where gap(b,c) is a non-zero value. According to the values of slope, given in
Fig. 3.2 (b), we obtain gap(b, c) = (0.38 — (~=0.0006))? ~ 0.15 and SD(f;, f,) = 0.75.

3.3.6 Time complexity

As shown in section 3.3, the proposed approach has three major steps- segmenta-
tion and symbolic representation, graph representation and clustering.

Time for obtaining a segment from a time series is O(1). For time series t;,
the number of subsequences obtained is ¢ = n/l. The time complexity for feature
extraction from a subsequence of length [ is O(l). For the dataset with m time series
samples each of length n, the worst case complexity for segmentation is O(mn). In
case n >> m, the time complexity becomes, O(n).

The symbolic representation require to compute the median value of features.
For total m X n/l number of subsequences and n >> m, the time complexity for
median value computation in worst case is O(n X log n1). Time to obtain Qopt for the
symbolic representation is O(1). The symbolic representation is linearly dependent
on number of features. For f different features, the worst case time complexity is
O(mx(n/l)x f),and n >> m, it becomes O(n). Therefore the worst case complexity
for symbolic representation is max(O(n log ), O(n)) = O(n logn).

In the worst case, the total number of unique symbols extracted as graph ver-
tices is approximately m X (n/1), therefore the time complexity to extract the unique
symbolsis O(mX (7 log 7)) and as n >> m, itbecomes O(n log ). Deciding the edge
direction is based on sorting the subsequences in time order, which also require
O(nlogn) time. For f features, the time complexity to compute the edge weight
using modified SAX distance is O(f2). In worst case, if we consider a complete
graph with m X (n/l) number of vertices, the worst case time complexity for edge
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weight computation is when n >> m is, O(n?). Therefore, the time complexity
for graph representation is max(O(1),0(nlog n), O(n?)) = O(n?). Considering the
directed weighted graph G(V,E, W), the quasi-clique based clustering approach
has three main steps-

1. Sorting vertices on vertex weights. The time complexity is O(V log V).

2. Two conditions are checked before each merge, as given in section 3.3.4. The
time complexity to obtain WCC is O(V + E) and the time to check whether
Y-quasi clique satisfies, is constant. In worst case, a merge occurs in each
step, the time complexity becomes O(V X (V + E)).

In worst case, the maximum number of vertices in G is approximately m X n/I.
For n >> m, the total time complexity for the proposed quasi clique clustering
approach is O(n?).

3.4 Application to DR programs

We discuss how the labeled subsequences can help in achieving energy efficiency
through DR program. Firstly, we find a stable set of buildings which are suitable
for the load shifting operations. Secondly, we identify the atypical patterns using
graph degree analysis.

3.4.1 Measuring Stability

The buildings that have consistent load pattern, are considered as stable customers
that are suitable for the DR as well as energy efficient (EE) programs [152, 153]
focusing peak load shifting and peak as well as daily consumption reduction.
The buildings showing sudden change in consumption patterns are less likely to
meet the said objectives as sudden consumption change indicates the presence of
uncertain factors that trigger the unpredictable load pattern.

Assuming a cluster set 5S¢ = {si}szl,
Shannon’s entropy to measure the stability score of a building (¢;) that can be
computed as [154]:

we use the information theory metric

C
H(t) = - Z S(si, 1)) X 1og S(si, t) (3.7)

i=1
where the temporal variation function S(.) intends to find the membership of the
cluster label s; in the building #;. The temporal variation function is defined as:
S(si tj) = % Zzzl o(s, t’; ), where 0(s;, t}; ) = 1, if the cluster label for the subsequence
t is s; and 0 otherwise. g is the total number of subsequences. The buildings
showing lesser H(.) value are considered to have high stability score and are likely
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to have more consistent demand. If they are selected for DR programs, they will
result in persistent participation to DR programs for longer period of time.

We compute the entropy of t1, t, and t3 based on the cluster labels obtained,
illustrated in Fig. 3.2 (g). In t3 all the segments belong to cluster 2 and in #,,
cluster label 2 is observed in three consecutive subsequences. ¢; has four different
cluster labels. The entropy for f3 is —[% X log(é)] = 0. The entropy for t; is

—[}1 X log(%) + % X log(%)] = 0.56 and entropy for t; is —[}I X log(}I) + % X log(%) +
% X log(%) + % X log(%)] = 1.38. Therefore, as per the entropy measure, t3 is most
stable and #; is the most unstable.

3.4.2 Atypical pattern identification

It has been a tradition to identify atypical patterns using brute force method, which
is rather computationally expensive in case of large time series data. We propose
a graph based analytical approach to discover atypical patterns from entire time
series dataset.

The key to identify atypical pattern is to examine the frequency of occurrence
of the symbol and the degree of vertex in graph G. Degree of a vertex capture the
number of temporally dependent unique patterns. The vertex with fewer degrees
has only a few temporally dependent patterns while a higher degree vertex signify
that it has many temporally dependent patterns. As a consequence, we isolate the
lower degree vertices based on the threshold value vd and the representative
patterns of the isolated vertices are considered as the atypical patterns. The value
of vd is decided on the basis of degree distribution of vertices.

3.5 Experiments

In this section we discuss about the datasets used, the experimental design, the
evaluation measures used for comparative analysis of clustering results obtained
from proposed quasi clique technique and the baseline methods.

3.5.1 Data description

Two residential building dataset from smart grids are used in our experimental
study- London household data discussed in section 1.1.1, Ausgrid solar homes
electricity data discussed in section 1.1.1.

The data pre-processing part include- missing value adjustment, duplicate
removal and normalization. Linear interpolation is used in the London households
dataset to impute the missing values. The Ausgrid electricity data do not have
missing values but it has duplicates which is replaced by the mean values. The real
valued half-hourly data are z-score normalized before performing the experiments.
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3.5.2 Experimental design

1. Parameter sensitivity: The subsequence length (WL) and ¢ are the two
graph parameters in the proposed graph representation. Total number of
subsequences in a time series is inversely proportional to the subsequence
length. Very long subsequence can cause information loss and very short
length subsequences might fail to capture the common patterns leading to
large number of clusters. To obtain the best WL (WL= 2I), we vary it as-
1,2,4,6,8,12 and 24 hours.

Y regulates the edge density of a subgraph and its value ranges from 0 to 1.
The edge weights are normalized from 0 to 1, where 0 signifies no similarity
between the corresponding vertex pair and 1 signifies maximum similarity.
Greater the value of 1), more similar are the vertices of subgraph.

2. Planted quasi clique: To evaluate the reliability of proposed quasi clique
clustering technique, we design a graph and implant maximal quasi cliques
as subgraphs to it. The vertices of the subgraph form a single cluster which
are assumed as the true labels. The proposed clustering technique is applied
on the designed graph which then form the predicted labels. The normalized
mutual information (NMI) is computed between the actual and the predicted
labels, discussed in section.3.5.3.

3. Cluster quality: We apply the proposed quasi-clique clustering algorithm
on the directed weighted graph obtained from each WL and determine the
best cluster set using the cluster quality measures. At this stage, we compare
the cluster quality obtained from the proposed clustering technique with
the existing state-of-the-art methods. The cluster quality measures used for
comparison with the state-of-the-art methods are: Davies Bouldin (DB) and
Edge Density (ED) which is discussed in section 3.5.3. The state-of-the-art
clustering techniques is discussed in section 3.5.4.

Statistical test: The Friedman test is carried out to check whether the pro-
posed method or any of the state-of-art clustering technique perform better
than others or not. As each clustering method is evaluated on multiple WL,
the Friedman test is suitable for comparisons across multiple state-of-the-art
clustering methods. The rejection of null-hypothesis in Friedman test signify
that the cluster quality results obtained from all the clustering methods are
not same. On rejection of null hypothesis of Friedman test, the post hoc
Nemenyi test [155] is carried out that is useful for pairwise comparison of
the proposed quasi clique clustering technique with the existing state-of-the
art clustering.

4. Cluster characterization: The cluster characterization is performed on the
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cluster labels obtained from the best graph representation, decided on the

cluster quality measures: DB index and ED, as discussed in section. 3.5.3.
Firstly we categorize the clusters based on the similarity in their shapes.
Cluster centroid of each cluster is studied, which is the mean of load data
values of the cluster samples.

Secondly, we analyse the time of occurrences of the patterns, identified by
the cluster shapes, using the heat map. Finally we obtain the consecutively
occurring patterns in the time series that belong to same cluster.

5. Atypical pattern identification: The Wilcoxon signed rank test is performed
to check if there exist a significant difference in the frequency of occurrence of
the atypical patterns with that of the normal patterns. The number of atypical
patterns in the time series dataset is significantly lower than the normal
patterns and therefore Wilcoxon signed rank test is considered suitable for
the lower number of samples. We randomly choose the samples from the
frequency of occurrence of the normal patterns and pair with frequency of
occurrence of the atypical patterns, to perform the Wilcoxon signed rank test.

3.5.3 Evaluation metrics

Below we discuss the evaluation metrics and the statistical tests used in the exper-
iments.

Normalized mutual information (NMI) : This is the measure of normalized
mutual dependencies between the ground truth information (A) and the predicted
information (P), computed as

2 x I(A, P)

(3.8)

where, H(.) is the Shannon’s entropy measure [154] and I(.) is the mutual informa-
tion between the A and P.

Davies Bouldin index (DB) : DB index is the ratio of the intracluster to inter-
cluster distances. It is given as

k . .
1 intra(s;) + intra(s;)
DB = — 3.9

k ;4 n;fzx ( inter(x;, x;) ) (39)

where, intra(s;) = % Zpuesi (d(pa, x)), is the intracluster distance formed by the cluster
s; with x; as the cluster centroid and inter(x;, x;) = d(x;, x;), is the intercluster dis-
tance between the cluster centroids x; and x;. Lower values of DB index indicates
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better clustering. The minimum value of DB index is 0.

Edge density (ED): Edge density of a graph is the mean of edge densities of
subgraphs obtained.

ED(G) = mean(ed(s;)) Vs; € Sg (3.10)

For e;; number of edges, |vs,| number of vertices and, |vs,| X (|vs,| — 1) set of all
|Csi|

possible edges in the subgraph s;, the ed(s;) = gxp =1~ The ED ranges from 0 to

1. Higher value of ED denotes dense subgraph formation.
Accuracy: Accuracy[64] is a measure of closeness of the predicted labels to the
true labels, computed as:

tp+tn
tp+tn+ fp+ fn

Accuracy = (3.11)

where tp is the number of true positives, tn is the number of true negatives, fp is
the number of false positives and fn is the number of false negatives. The higher
accuracy values imply that the predicted labels are closer to the true labels.

Statistical tests

Friedman test : This is a non-parametric statistical test which finds if the
proposed clustering method or any of the state-of-the-art clustering techniques is
better than that of the others [155]. It computes the chi-square test statistic as:
12><|WL|[ - u(u+1)2]

2 2

= — R — ———— 12

Fo uu+1) ; j 4 (3-12)
where [IWL| is the number of different subsequence length used, u is the number

of different clustering method used for evaluation and the average rank R; =

ﬁ Z'ﬁ” rf where rf is rank of jth clustering technique for the ith WL. According
to the null hypothesis, all the clustering techniques have the same performance
if the p-value obtained from the corresponding )(12: is no less than the assumed
significance level.

On rejection of null hypothesis of Friedman test, we proceed with post hoc
Nemenyi test. The test considers that the performance of proposed method is
significantly different from the other state-of-the-art clustering methods if, Ry —
Rjl > a/ V2 x \/u(u +1)/(6 X |WL|), where « is the significance level [155], R; is

the rank of proposed clustering and {Rj};l;ll is the rank of other methods. The
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p-values for the above statistical test is obtained, which if less than a, denote that
the proposed method significantly differ from the compared method [156].

Wilcoxon signed rank test : This is non-parametric test that finds if there exist
a significance difference between the paired values [157]. According to the null
hypothesis Hy : no significant difference exist because, the median of differences
is zero and the alternate hypothesis H; : the median of differences is positive at
a = 0.05. The test statistic for n paired samples is W = min(W*, W™). The W* is
the sum of positive ranks, given as W* = } y;c, i, where r; is the rank assigned
to ith pair which has positive difference value and W~ is the sum of negative
ranks, given as W™ = )} yje, j, where 7 is the rank assigned to jth pair which has
negative difference value. The hypothesis Hy is rejected if W < W,i;, where W,
is the critical value of W obtained from the critical value table.

3.54 Comparative methods

Because this chapter proposes a graph based clustering technique, we choose
to compare it with the commonly used existing graph clustering algorithms as
discussed below.

1. Fast greedy (FG): This is a greedy approach [158] in which the edges are
added to a complete disconnected graph to form the communities and each
time the modularity score is computed. This process continues till all the
communities are merged, resulting in just one community. The cluster labels
with highest modularity score is returned.

2. Minimum spanning tree based vertex betweenness: We obtain the minimi-
mum spanning tree (MST) of the given graph and the vertices are removed
from MST in order of their betweenness score and each time the modularity
score is computed. The community formed from the cut vertex with highest
modularity score is returned.

3. Girvan Newman edge betweenness (EB): The edge with highest edge be-
tweenness score is removed from the given graph and the betweenness score
is computed for the remaining edges. The process is repeated until no edge
remains [159]. Cluster labels with the highest modularity score is returned.

4. Multilevel: At each iteration, the vertices are merged to form a commu-
nity with maximum modularity score. The process is repeated until all the
vertices find their communities or they form a community on its own [160].

5. Infomap: This clustering creates the community structure by minimizing the
description length of a random walk trajectory [161].
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Table 3.1: Actual and predicted cluster labels of the vertices, in the planted quasi
clique to a time series dataset.

Clusters Actual =02 Predicted =02
1 bce, cce, dce, ebe, ece | bee, cce, dce, ebe, ece | bee, cce, dce, ebe, ece
2 cce, ced, dbe, ded, ede|ccc, ced, dbe, ded, ede|ccc, ced, dbe, ded, ede
3 bee, bed, cbe, cde, dde|bec, bed, cbe, cde, dde|bec, bed, cbe, cde, dde
4 dcc, eae, ecc, ecd, eee | dec, eae, ecc, ecd, eee | dec, eae, ecc, ecd, eee
NMI - 1 1

Table 3.2: Cluster quality results and the p-values obtained from post-hoc Nemenyi
test, between pairwise comparisons of state-of-art clustering techniques with the
proposed method. The best cluster quality and the paired comparisons which
vary significantly are highlighted in bold.

Cluster quality Nemenyi Test
Method |London |Ausgrid| London | Ausgrid
DB |ED|DB |ED | DB| ED | DB | ED
FG  |3.78]0.83| 3.5 ]0.87| 0.1 | 0.001 | 0.1 |0.001
MST-VB |2.48/0.81|2.45|0.92/0.98/0.0002| 0.6 | 0.02
EB 1.89(0.92(1.73/0.96/ 0.9 | 0.4 |0.98 | 0.03
Multilevel| 2.9 |0.85/5.17| 0.9 |0.02| 0.007 [0.004| 0.09
Infomap | 3.7 {0.89|2.91| 0.9 | 0.2 | 0.61 | 0.02 | 0.73
Proposed | 1.6 |0.99/1.06| 1 | — - - -

3.6 Results and Analysis

In this section, we discuss the results corresponding to the experimental design
discussed in section 3.5.2.

3.6.1 Planted quasi clique

The experiments are performed on a time series dataset T with m = 30 different
time series samples extracted randomly from the Ausgrid dataset. For illustrative
purpose, we assume smaller length of time series, n = 80 and / = 8. We obtain
a graph representation from the time series dataset T, with [v| = 20. The graph
consists of the manually implanted maximal quasi cliques each of cluster size 5.
The graph vertices and the actual and predicted labels are shown in Table 3.1.
We obtain the predicted labels using the proposed quasi-clique approach for i =
{0.2,0.25}.
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Figure 3.3: Cluster quality measures, DB index and the ED for London and Ausgrid
datasets achieved using the proposed clustering method.

The obtained NMI value 1, indicate that the proposed quasi-clique successfully
extract the maximal quasi cliques for the given values of 1.

3.6.2 Cluster quality

In Table 3.2, we report the DB index and ED of the proposed clustering technique
and other existing graph based clustering techniques- FG, MST-VB, EB, Multilevel
and Infomap. In case of the proposed clustering technique, we report the lowest
DB and highest ED, out of those obtained from varying WLs and 1. While for the
other graph based clustering approaches, we report the lowest DB and highest ED,
out of those obtained from varying WLs. It is important to note that the proposed
method shows a significant 15% and 38.7% improvement over the best performing
baseline method EB when compared in terms of DB index of London and Ausgrid
datasets respectively.

The graph clustering techniques like FG and Multilevel decide the cluster labels
based on the best modularity score, hence they are unable to capture the similarity
between the vertices resulting to a higher DB index. Also the high ED values in
FG, MST-VB, Multilevel and Infomap, signify that although they can form denser
subgraphs but the similarity between the vertices is poor.

The London dataset show highest ED of 0.99 because of the dense subgraphs
obtained for 1 = 0.45 and WL=2 hours. Similarly, the Ausgrid dataset show
highest ED of 1 for ¢ = 0.75 and WL= 4 hours. Although the DB index for WL
1 and 2 is lower in both the datasets, it shows a poor cluster distribution which
leads to large number of clusters.

The distribution of DB index and the ED values with changing 1 is depicted
using boxplot in Fig. 3.3. To identify the best cluster set, we study the DB and ED
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Figure 3.4: Graph structure obtained from London and Ausgrid dataset for (a) WL
12hours and g = 0.5 and (b) WL 4 hours and 8 = 0.65. Clustered regions highlight
the vertices and edges using different colors.

values and also study the cluster distribution.

For both the London and Ausgrid datasets, WL 6 show higher DB index. The
DB index for WL 4 and 12 in case of London dataset, is similar and both of them
show similar results. However the maximum DB index in case of WL 12 is less
than that of WL 4. Based on this study, we obtain WL 12 and ¢ = 0.5 as the best
cluster distribution and best graph representation for London dataset.

In case of Ausgrid dataset in Fig. 3.3, the WLs 2, 6, 8 show higher DB index but
WL 4 show lower DB index. Based on the DB index and cluster distribution, WL 4
and 1) = 0.65 is the best cluster set and best graph representation for the Ausgrid
dataset.

The Friedman x? = 16.5, p-value = 0.005 for the DB index and Friedman x? =
26.837, p-value = 6.137e — 05 for the ED in case of London dataset. Therefore both
the p-values show significant difference at p < 0.01, rejecting the null hypothesis.
Therefore, we proceed with the post-hoc Nemenyi test, and obtain the pair of
clustering methods that differ significantly. In Table 3.2, we report the p-values
obtained from post-hoc Nemenyi test. For the London dataset, the DB index of
Multilevel clustering show p-value= 0.02 (p < 0.05). FG, MST-VB and Multilevel
clustering differ significantly from the proposed method in terms of ED with p-
value of 0.001, 0.0002 and 0.007 respectively (p < 0.05).

The Friedman x? = 19.8, p-value = 0.001 for the DB index and Friedman
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Figure 3.5: Subfigure (a) shows the clusters, grouped into shapes A through shape
G for the London dataset with a cluster centroid (in black). x-axis shows the time
units of the subsequence (in hours) and y-axis is the energy consumed (in kWh).

x? = 19.3, p-value = 0.001 for the ED in case of Ausgrid dataset. Therefore both
the p-values show significant difference at p < 0.01, rejecting the null hypothesis.
In Table 3.2, we report the p-values obtained from post-hoc Nemenyi test for the
Ausgrid dataset. The DB index of Multilevel and Infomap clustering show p-
values 0.004 and 0.02 respectively (p < 0.05). FG, MST-VB, and EB clustering differ
significantly from the proposed method in terms of ED with p-value of 0.001, 0.02
and 0.03 respectively (p < 0.05).

As shown in Table. 3.2, for London dataset, the proposed method perform
better than Multilevel in terms of both DB index and ED, and better than FG and
MST-VB in terms of ED. In case of Ausgrid, the proposed method perform better
than Multilevel and Infomap in terms of DB index and better than FG, MST-VB
and EB in terms of ED.

3.6.3 Cluster characterization

In this section we characterize the clusters obtained using the proposed method
for each data set.

1. London : Fig. 3.4 (a) shows the graph representation of London dataset. The
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Figure 3.5: Subfigure (b) shows the month wise occurrence of cluster labels in
London dataset using heatmaps where x-axis shows the time, y-axis shows cluster
labels. Total number of subsequences corresponding to a given time and belonging
to a particular cluster is denoted using different colors in log scale.

vertices of each cluster are marked with same colors. Out of all the cluster
obtained, 17 are densely connected subgraphs of size 2 or more and 16 are
found to be isolated vertices. All further experiments are carried out using
the graph shown in Fig. 3.4 (a) for London dataset.

Fig. 3.5 (a) shows the cluster samples and cluster centroids of the respective
clusters (in bold face). Based on the similarity in shape, the clusters are
grouped as the shapes A-G. Each group may be considered as representation
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of a subsequence pattern.

e Shape A: The cluster centroids of #1,#2,#10,#14 are denoted as shape
A. The cluster centroid shows single peak of sinusoidal shape. Cluster

centroid of #13,#19 also shows sinusoidal like behavior however, a

sharp fall is observed towards the end of the subsequence. 73% of the

subsequences in #1 belongs to affluent category.

e Shape B: The cluster centroids of #3, #4, #17, #16,#22 are denoted
as shape B. These cluster centroids show a downfall in consumption
during the last 6 hours. Cluster #6 occurs in affluent and comfortable
category of buildings while #4 is observed only in affluent category.

e Shape C: The cluster centroids of #5,#8,#11 are denoted as shape C.

They show a sharp peak during first 2 — 3 hours of the window.

e Shape D : The cluster centroids of #6, #9, #12, #15, #20,#32, #33, #23,
#26, #28, #31 are denoted as shape D. These clusters show multimodal
peaks. No steep rise or fall in pattern is observed. Cluster #12 occurs in

the affluent category buildings only while #31,#32 is observed in only

one building of affluent category.

e Shape E: The cluster centroid profiles of #7, #25, #21 are denoted as
shape E which have flat top peaks during the first 6 hours of window.
All the subsequences in cluster #25 belong to only one building of

affluent category.

e Shape F: The cluster centroids of #24, #30 are denoted as shape F which
show a constant consumption pattern. All the cluster samples in #24

belong to a building in adversity category.

e Shape G : The cluster centroids of #18, #29, #27 are denoted as shape G
which have a sharp peak at the end of the window. Cluster #27 occurs

in affluent category buildings only.

We next analyze the occurrence of each of the patterns identified by the cluster
shapes. In Fig. 3.5 (b) each heat map display the month wise distribution
of the cluster labels. The columns of each heatmap show the 12 hour time
segments while each row represent a cluster label. The cluster label which is

not found during a particular month, is omitted from the heat map.

Clusters #2,#13 with shape A as shown in Fig. 3.5 (b) occur in every month
in every time interval with maximum frequency. Clusters #1 with shape A
is rather an infrequent pattern and does not occur regularly as compared
to #2,#13,#5,#11,#8, except for month of May where cluster #1 is observed
once in every 2 days. Other clusters with shape A, namely #10, #14 and #19
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Figure 3.6: Subfigures show the consecutive occurrence of patterns that fall into
the same cluster for (a) two subsequent time segments and (b) three subsequent
time segments in London dataset. The red dashed lines denote the time segment
boundaries. The cluster numbers are shown in the panel of each plot.

though occur in every month but no typical pattern of occurrence is observed.
Majority of the subsequences in cluster #3 with shape B has occurrence during
the month of May and none of the occurrences is observed during the first
day of any month. Cluster #16 with shape B is observed during March,
April and June. Cluster #17 with shape B occurs in all months except August
and for all months it mostly occurs during the last four days of the week.
Cluster #22 and #4 with shape B are observed to occur very infrequently in
all the months of March through August. Cluster #5,#8,#11 with shape C
occur in every month and in every subsequence. Cluster #9 with shape D
mostly occurs in July and August. Cluster #12 with shape D occurs during
April, May and July. No occurrence of cluster #15 with shape D is observed
during July and only a single occurrence observed in August. Cluster #20
and #23 are observed to occur in majority of the days in every month while
cluster #6 occurs rarely in a month. Clusters #26, #28, #31 #32, #33 are only
rarely observed to occur in the month of March and May, in the month of
April and May, in August, in the month of March and April, and in March
respectively. They are not observed during June and July. Cluster #7 with
shape E is observed in every alternate subsequence during March and the
first 20 days in April. Cluster #21 is observed in every month while cluster
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Figure 3.7: Subfigure (a) shows the respective cluster samples in skyblue, grouped
into shapes A through shape E for Ausgrid dataset and the cluster centroid is
shown in black lines. x-axis shows time units of subsequence (in hours) and y-axis
is the energy consumed (in kWh).

#25 is observed only during March. Cluster #24, #30 with shape F occur only
in July and August. Cluster #27 with shape G occurs on Monday, Tuesday
and Thursday. #18 and #29 are observed only once in a month during April,
May and August.

We finally analyze the consecutive occurrence of patterns that fall under same
cluster for London dataset. Fig. 3.6 shows the occurrence of similar patterns
that belong to same cluster in two and three successive time segments. As
shown in the figure, the cluster shapes are clearly repeated in successive time
segments for clusters #1, #2, #13 with shape A, #5, #8, #11 with shape C and
#6 with shape D.

2. Ausgrid: Fig. 3.4 (b) shows the best graph representation obtained from the
proposed clustering technique in case of Ausgrid dataset. Out of all the
clusters obtained, 5 are densely connected subgraph of size 2 or more and 3
are found to be isolated vertices. All further experiments on Ausgrid dataset
are carried out using the graph shown in Fig. 3.4 (b).

Fig. 3.7 (a) shows the cluster samples and cluster centroids of the respective
clusters (in bold face). Based on the similarity of shape, the clusters are
grouped as the shapes A-E.

e Shape A: Cluster centroid of #1,#4 is denoted as shape A. These cluster
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Figure 3.7: Subfigure (b) shows the month wise occurrences of cluster labels of
Ausgrid dataset using heatmap where x-axis shows the time, y-axis is cluster label.
The total number of subsequences corresponding to a given time and belonging
to a particular cluster is denoted using different colors in log scale.

centroids show a decreasing trend. The rate of decrease in #4 is greater
than #1.

e Shape B and C: The cluster centroid of #3,#7 and #2 are denoted as
shapes B and C respectively. These show sinusoidal patterns where
cluster #2 has peak during the first 2 hours, cluster #3 has peak during
the last 2 hours and cluster #7 has gradual increase during the last hour.

e Shape D and E : The cluster centroid of #6 and #5,#8 are denoted as
shapes D and E respectively. While cluster #6 shows a flat consumption

77




CHAPTER 3. CLUSTERING TIME SERIES SUBSEQUENCES USING
DIRECTED GRAPH

IS
=
N

< 2.0+
2
=
°
©
o]

S 05+

<
(SIS AN

0 (| ]

—~ 075
=

= 0704
= 0.65
g 0607
- 055

T 20 T
15
1
1.0
I os
L oo

o =N w A

d
[y S
odm == =

Figure 3.8: (a) Consecutive occurrence of patterns that fall into the same cluster
for a) two subsequent time segments and b) three subsequent time segments in
Ausgrid dataset. The red dashed lines denote the time segment boundaries. The
cluster numbers are shown in the panel of each plot.

pattern at the initial hours followed by a sharp peak, clusters #5, and #8
shows a sharp peak at the initial hours followed by a flat consumption
pattern.

We next analyze the occurrence of each of the patterns as identified by the
cluster shapes. In Fig. 3.7 (b) each heat map displays the month wise distribution
of the cluster labels. The Ausgrid dataset is experimented on dataset over an year,
the heat maps for the months of July through December are shown. The columns
of each heatmap show the 8 hour time interval while each row represents a cluster
label. The cluster label which is not found during a particular month, is omitted
from the heat map. Cluster #1 and #4 with shape A, #7 with shape B and #2 with
shape C, as shown in Fig. 3.7 (b) occur in every month and in every time interval
with clusters #7 and #4 showing high frequency. Cluster #3 with shape B is also
observed to occur in majority of the time intervals every month. Clusters #6 with
shape D and #5 and #8 with shape E are rarely observed and do not demonstrate
any pattern of occurrence.

We finally analyze the consecutive occurrences of patterns that fall under same
cluster in Ausgrid dataset. Fig. 3.8 shows the occurrences of similar patterns that
belong to same cluster in two and three successive time segments. As shown in
the figure, the cluster shapes are clearly repeated in successive time segments for
clusters #1, #4 with shape A, #7 with shape B and #2 with shape C.

3.6.4 Application to DR programs

In this section we discuss the results obtained from the application areas as detailed
in section 3.6.4.
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Figure 3.9: Subfigures (a) and (c) show the entropy values (along Y-axis) of the
buildings against the number of clusters per building (along X-axis) for (a) London
and (c) Ausgrid datasets. The density plots for entropy values and number of
clusters per building are shown along the right and top axis respectively. The thick
dotted lines show the mean entropy and mean number of clusters that break the
plots into four regions: A) low entropy and low number of clusters per building,
B) high entropy and low number of clusters per building, C) high entropy and
high number of clusters per building, D) low entropy and high number of clusters
per building. In subfigure (a) the buildings #137,#181 and #198 are highlighted
for their typical positions while in subfigure (c) the buildings #14, #95, #145, are
highlighted for their typical positions. The load data in subfigure (b) show the
pattern for buildings #137, #181 and #198 of London grid dataset and in subfigure
(d) show the pattern for buildings #14, #95, #145 of Ausgrid dataset.
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Stability

For application to DR programs we first identify the buildings appropriate for the
DR program based on their stability. The stability score measured using entropy
of each building is computed using Equation 3.7.

1. London: In Fig. 3.9 (a) we plot the entropy values of the buildings against
the number of clusters per building. The right and top axes of Fig. 3.9 (a)
shows the distribution of the entropy and number of clusters per building
in the London dataset. While the second distribution shows a peak around
the mean, the entropy shows a positively skewed distribution with mean as
1.519 and median as 1.495. The mean entropy and mean number of clusters
partition the plot into four regions, where all the building have: A) below
average entropy and below average number of clusters per building, B)
above average entropy and below average number of clusters per building,
C) above average entropy and above average number of clusters per building
and D) below average entropy and above average number of clusters per
building. Though the choice of how much stability the utilities need is
application and data dependent, the regions A, D and C are of particular
interest. The regions A and D may be considered as a safe choice for stability
as they denote the region where the successively occurring subsequences
have fewer or infrequent changes in patterns. On the contrary, the region
C may be considered as volatile region where the successively occurring
subsequences frequently change their patterns. It is observed that in the
London dataset nearly 46% buildings belong to region A while 22% buildings
belong to the region C. Further, considering all entropy values greater than
equal to 1 as high, we choose to filter the buildings having lower than 1
entropy and below average number of clusters per building as stable. In
such case, we observe that in the London data set only 8% buildings have
entropy lower than 1 whereas 7% buildings can be labeled as stable.

In Fig. 3.9 (a) we have highlighted the buildings with globally minimum en-
tropy (building #137), with globally maximum entropy (building #198) and
with minimum entropy within region A (building #181) and have studied
their load patterns in further details. In Fig. 3.9 (b) we report the consumption
pattern for 10 days for the highlighted buildings with various stability. Build-
ing #198 with highest entropy value of 2.70 in Fig. 3.9 (a), depicts frequent
change in patterns and mean values in temporally dependent subsequences.
The subsequences of building #198 is distributed over 13 different clusters.
On the other hand, building #137 with lowest entropy value of 0.32, depicts
regular patterns during the 10 day period. The subsequences of building
#137 is distributed over 7 clusters and 96% of the total subsequences belong
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to cluster #2. Building #181 belongs to region A with entropy value of 0.423
while the subsequences of building #181 is distributed over only 4 clusters.
In building #181 it is observed that 92.3% of the subsequences belong to the
cluster #2 and remaining 7.2% belong to the cluster #11 with only exception
of two subsequences. It is also noticed that in building #181 nearly 13%
of time patterns belonging to clusters #2 and #11 occur in subsequent time
steps. The majority of occurrences in a single cluster for building #137 and
#181 signifies that the consumption patterns are stable and predictable in
nature.

2. Ausgrid: Fig. 3.9 (c) shows the entropy values of the buildings against the
number of clusters per building and the density plots for entropy and number
of clusters per building. It is observed that in the Ausgrid dataset nearly 46%
buildings belong to region A and D while 20% buildings belong to the region
C. Further, we observe that in the Ausgrid data set only 4% buildings have
entropy less than 1 and below average number of clusters per building that
are labeled as stable. In Fig. 3.9 (d) we show the consumption pattern for
10 days for the buildings with globally minimum entropy (building #145),
with globally maximum entropy (building #95) and with minimum entropy
within region A (building #14) that are highlighted in Fig. 3.9 (c). As shown
in Fig. 3.9 (c), building #95 shows highest entropy value of 2.25. Two highest
peaks are observed upto day 6, but the pattern shapes differ each day. On
the other plot, building #145 shows lowest entropy value of 0.61. The peaks
are observed during the start and end of the day, except day 10 still shows
some instability. 82% of the subsequences of building 145 belongs to cluster
#7. Building #14 belongs to region A with entropy value as 0.672 while the
subsequences of building #14 is distributed over only 3 clusters. Further, we
found that over 84% of the subsequences of building #14 belong to cluster
#7 and over 15% belong to cluster #4 with nearly 24% of time subsequent
occurrences of patterns belonging to clusters #7 and #4 is observed. The
majority of occurrences of subsequences in a single cluster for building #145
and #14 signifies that the consumption patterns are stable and predictable in
nature.

Atypical pattern identification

1. London: Fig. 3.10 (a) shows some of the discovered atypical patterns when
the assumed threshold value vd = 4. All the symbols shown in the figure
belong to single sized cluster with maximum degree of 3. To highlight
the uniqueness in the pattern, we have shown two subsequences before
and after the occurrence of atypical pattern in Fig. 3.10 (a). Symbol dfe
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Figure 3.10: Atypical patterns from (a) London and (b) Ausgrid datasets. Each
subsequence is bounded by dotted lines. The black represent normal subsequence
and the red represent atypical pattern. x-axis shows date-month-time of occurrence
and y-axis shows the load consumption values (in kWh). The building number
and the symbol corresponding to the atypical pattern is shown at the top.
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show a constant consumption and is observed in 4 different buildings with
majority occurrences at 12 noon. The occurrence in building #29 is shown in
Fig. 3.10 (a). Hence the discovery signify that those buildings have minimal
consumption during 12 noon.

We perform the Wilcoxon signed rank test for n = 30 and the significance
level &« = 0.05. From the critical value table, Wcrit(n,a) = 137. The test statistic
W obtained is 19 which is significantly less than the W, and therefore we
obtain a significant evidence that the frequency of occurrences of the atypical
patterns is different from the frequency of occurrence of any randomly chosen
normal pattern. Hence hypothesis Hy is rejected in favor of H;. The p-value
obtained is 9.3¢ — 10.

2. Ausgrid: Fig. 3.10 (b) show the discovered atypical patterns when the as-
sumed threshold value vd = 8. To highlight the uniqueness in the pattern, we
have shown two subsequences before and after the occurrence of the atypical
pattern. Cluster #8 has a vertex dae, with the lowest degree 6. Cluster #6
has vertex dee with degree 7. We observe that dae occur in three different
buildings in the entire dataset. The atypical pattern dee show 8 occurrences
and majority of the occurrences is observed at 4 a.m. The peak towards the
end of the pattern in case of dee signify the occurrence of the atypical pattern
during the early morning hours.

Since only two atypical patterns are detected from the Ausgrid dataset,
we choose a smaller value of n = 20, for the Wilcoxon signed rank test.
The significance level chosen is @ = 0.05. From the critical value table,
Werit, ) = 1. The test statistic W obtained is 1 which is significantly less than
the Wi and therefore we obtain a significant evidence that the frequency
of occurrences of the atypical patterns is different from the frequency of
occurrence of normal patterns. Hence hypothesis Hy is rejected in favor of
H;j. The p-value obtained is 9.5¢ — 7.

Case study on labeled data

The buildings that follow consistent load patterns, are considered as stable cus-
tomers that are suitable for the DR as well as energy efficient (EE) programs [152,
153]. The buildings showing sudden change in consumption patterns are less
likely to meet the said objectives as sudden consumption change indicates the
presence of uncertain factors that trigger the unpredictable load pattern. To show
how the proposed framework can be applied for DR programs, we show a case
study on labeled CER-IRISH dataset which is discussed in section 1.1.1. We con-
sider the test and control groups of buildings as the true labels. The test set of
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buildings have a stable consumption behavior. We therefore use the proposed
method to find the stable set of buildings.

We apply the proposed quasi-clique clustering approach with changing WLs to

obtain the best cluster set using the cluster quality measures DB and ED discussed
in section 3.5.3. Best cluster quality is observed for WL=1 hour, ¢ = 0.35. We use
the Shannon’s entropy as the stability score to predict the buildings with highest
k stability scores.

In Table 3.3, we report accuracy results for WL=1 hour where k varies from 10
to 35. For k = 25, the predicted results successfully match with that of the true
labels with accuracy of 0.76. The highest accuracy is achieved for the minimum k
value of 30. We compared the results with the k least stable buildings (last-k) that
identify the building with maximum fluctuations as probable participants to DR
programs.

We divide the dataset into 4 groups and evaluate the change in the consumption
of test period over that of the benchmark period.

e Group 1: the actual buildings that belong to test group
e Group 2: the actual buildings that belong to control group
e Group 3: the predicted top-25 buildings

e Group 4: the buildings that belong to both actual and predicted test group
in top-25.

In Fig. 3.11 (a), we illustrate the average day wise load consumption in the 4
groups. According to the CER-IRISH dataset, 5:00-7:00 p.m is considered as the
peak time during which the DR operations are active !. As shown in Fig. 3.11 (a),
Group 1 show a decrease in peak hour consumption, Group 2 do not show any
significant decrease in the consumption during the peak hours of the test period.

Thttps://www.ucd.ie/issda/tdmedia/cer11080.pdf

Table 3.3: The Table shows accuracy results for different values of k. The top-k
signify the accuracy achieved for the buildings with highest k stability scores and
the last-k signify the k least stability scores.

K Hourly (WL=1 hour) Daily Weekly
top-k last-k top-k | last-k | top-k | last-k

10| 0.58 0.30 057 | 032 | 0.57 | 0.32
15| 0.58 0.23 0.58 | 0.23 | 0.58 | 0.23
20| 0.69 0.16 0.67 | 0.14 | 0.67 | 0.14
25| 0.76 0.16 076 | 0.16 | 0.76 | 0.16
30| 0.83 0.21 0.8 | 023 | 0.82 | 0.21
35| 0.83 0.30 0.82 | 0.32 | 0.82 | 0.30
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Figure 3.11: Subfigure (a) shows the average load consumption of the subse-
quences (WL=1 hour), of top-25 buildings during the benchmark and the test
period in case of CER-IRISH dataset. Subfigure (b) shows percent change during
test period to that of the benchmark period in case of the top-25 buildings in case
of CER-IRISH dataset.

A significant decrease in consumption during the peak hours of test period is
observed for Group 3 and 4. The percentage of change during the average daywise
consumption of the predicted top-25 buildings, is illustrated in Fig. 3.11 (b) which
shows a gradual decrease of upto 25% during 5 p.m and then a gradual increase
when moving away from the peak hours.

Analysis on aggregate data: To study the stability of the residential buildings
over the longer time period, we obtain the aggregate load values from the time
series dataset T. Two different aggregation is obtained.

1. Daily aggregate: The daily aggregate is the sum of the daily loads ¥t; € T.

2. Weekly aggregate: The weekly aggregate is the sum of the weekly loads
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Vt; eT.

For daily aggregate, we obtain the clusters of subsequences for WL={2,4,8,12,16,24,48}
days. The maximum accuracy achieved for daily aggregate is 0.82 for the top-35
buildings, shown in Table 3.3. For the weekly aggregate, we obtain the clusters of
subsequences for WL= {2, 4, 8, 12} weeks. The maximum accuracy achieved for the
weekly aggregate is 0.82 for both top-30 and top-35 buildings, shown in Table 3.3.
The lower accuracy values in case of the last-k for both the daily and weekly ag-
gregate, signify the validity of the proposed method. The top-k accuracy results
for the aggregate data are similar to that of the hourly data, therefore instead of
choosing the larger values of WLs, the proposed clustering can be applied on the
aggregate data to study the DR programs for the longer time period.

3.7 Conclusions

In this chapter, we propose a time series subsequence clustering framework. The
proposed framework aim to cluster the subsequently co-occurring patterns of the
TS dataset, that actually form cohesive mesoscopic structures. To achieve the
purpose, a weighted directed graph structure is obtained from the TS dataset and
a novel quasi-clique based clustering technique is proposed. The graph vertices
store information about the pattern mean, trend and range of values present in the
subsequence. Therefore the graph structure store the pattern based information,
similarity between patterns and also the sequential occurrence of the patterns. The
labeled subsequences obtained through quasi- clique clustering help to obtain the
regularity of patterns in TS samples.

Experiments are performed on multiple TS datasets and cluster quality mea-
sures are obtained for the proposed method and the other state-of-the-art graph
based clustering techniques. The cluster samples are more closely located when
clustered using the proposed method as compared to the other state-of-the-art
graph based clustering techniques. The statistical test— Friedman Test establish
that the proposed method is better than most of the other clustering techniques.
AN elaborate study on cluster centroids gives insight about which of the patterns
are dominant during each month, which of the patterns are observed during each
month. The cluster centroid shapes differ during the weekdays and the weekends.

The atypical patterns are obtained from the degree based analysis that reveal
the patterns that rarely occur in the TS. Wilcoxon test show that the frequency of
occurrence of the atypical patterns is different from that of the normal patterns.
The time complexity of the proposed method is not more than the state-of-the-art
graph clustering techniques.

The proposed framework shows a societal impact when applied for DSM in
case of smart grids. The proposed framework compute regularity of household
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buildings and it is shown that when the predicted building set is actually chosen

for DSM, it results to 25% decrease in electricity consumption during the peak

hours.
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Clustering time series subsequences using
multiple directed graph

4.1 Introduction

Univariate TS data is an ordered sequence of real values data with a mature
research in analysis, however, the existing techniques rarely discuss on change or
the similarity of the temporal patterns in a TS dataset, at multiple time granularity.
Itis discussed in [162] that in majority of the research, the time factor as a function,
is overlooked. The periodic patterns like trend, seasonality are ordered in nature
and can be easily obtained [95]. In addition to periodic patterns, there exist
a sequence of patterns that are not necessarily periodic and are obtained from
different statistical or TS transformation. Such complex patterns have a repeating
nature when analysed at different time granularities, also, show a dependency
in their occurrence. This is generally observed in road traffic data [163], energy
data [164]. Complex network have a high potential of encapsulating the pattern
based information in several time granularities [165].

The recent efforts focus on summarizing large TS using small length patterns
called the shapelets, that would also help in classification and clustering. The
shapelets are space effective and computationally efficient when being used in
clustering and classification problems. But, shapelet discovery at multiple time
granularity could not help in discovery of similarity of the patterns at multiple
time granularity.

Motivated by the success of complex network in knowledge representation, in
this chapter, the TS dataset is converted into multiple weighted directed network
and consensus network at different time granularity. A maximal quasi-clique
based network clustering method is shown on multiple weighted directed net-
work and consensus network. The maximal quasi-clique based graph clustering
approach at multiple time granularity help to index the TS samples. The entropy
based stability measure is used for indexing the TS samples at multiple time gran-
ularity. Application of the proposed method in case of appliance level dataset
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uncover important insights to maintain the demand-supply balance.

4.2 Related work

Despite of several clustering techniques on univariate TS dataset, in literature,
there is a constant need for state-of-the-art clustering because of the increasing data
size and its different pattern types. Inliterature, the change point detection and rule
discovery [78] is vastly studied for pattern mining. The pattern mining techniques
aim for TS clustering operations such that the TS samples can be segregated based
on the desired application domain.

Every TS sample show change in static properties— mean, median at certain
time interval, or the change in periodic properties, which is called the change
points. Detection of change points help in event detection that is further used
for clustering [166, 3]. The change point detection techniques can be categorized
into supervised and unsupervised methods, discussed in [167, 3]. Considering
the subsequence length in case of change point detection, a fixed length [168] or a
variable length [169] both has been used for clustering .

In contrast to change points, the rule discovery gives the idea of temporally
dependent patterns in the time series. The association rule mining (ARM) strictly
find the patterns in the form of A — B, that is, if A and B are the two different
patterns, then A precede B in the entire TS [78]. The time lag between patterns A
and B can differ based on the application areas [170, 171]. ARM techniques are
linguistic in general, which is popular in market analysis [172]. The development
of technology has observed an increase in clustering using the rule discovery
techniques [78, 173]. In case of rule discovery, a reduced representation of original
TS is obtained that retain the characteristics of the original dataset and analysis
could be done with less computational time [174].

Several applications in Internet of Things (IoT) rely on subsequent co-occurring
pattern discovery in TS, specifically in smart homes as given in [175]. Cheng
et.al [172] have proposed an PrefixSpan, apriori based algorithm to mine the se-
quential patterns in a cross marketing data and then cluster them based on the
patterns extracted. The transaction data of the customers will help to find the ap-
propriate partners for cross marketing and promote industry growth [172]. Rather
than clustering on the extracted temporal patterns, Wang et. al [97] have computed
Dynamic Time Warping (DTW) distance and applied clustering to extract the rain-
fall temporal patterns. But the DTW on entire TS is rather a computationally
expensive process than applying the clustering on a reduced data representation.
Kaustubh et. al [176] propose a unified framework that can extract frequent subse-
quences considering the multiple constraints like length, gap, span of the patterns
from the text data, but extending the same framework for TS on multiple time gran-
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ularity require a TS representation [26]. The symbolic representation is applied
on TS in [121] to extract the deviant events using ARM algorithm. To describe
the spatial relationship between the variables, [177] has constructed a complex
network where, a shape based distance is applied on a reduced TS representation

and the nearest neighbor approach to built the complex network. Instead of em-
ploying any symbolic representation technique, the temporal patterns can also be
studied by computing the statistical features at multiple time granularity as shown
in temporal self regulation (TSR) of energy demand [178].

The previous discussed works shows how to cluster the TS data on the basis of
temporal patterns, however, discovery of subsequent co-occurring patterns across
multiple time scales and study of the clusters obtained at the respective time scales
is rarely observed in literature.

Clustering techniques in monolayer graph based networks are abundant, but
dividing the monolayer into groups minimizing the information loss in an NP-
hard problem [179]. The authors in [179] have shown spectral clustering in multi-
layer network (SC). Other clustering techniques in case of multilayer graph based
networks include Non-negative matrix factorization using Frobenius (NMF-F)
and Lee (NMF-L) norm [180]. Another approach in case of multilayer network
is aggregation technique in which multiple graph based network merge into a
monolayer using the aggregation functions and then apply the traditional cluster-
ing techniques [181], shown in multidimensional community (MC) [181] and the
projection average (PA) [181] methods.

4.3 Method

The methodology for this study as shown in Fig. 4.1 involves the broad steps as
discussed below. The terms— network and graph, and- graph layer and season, is
used interchangeably throughout the chapter.

4.3.1 Data preparation

Assuming a TS dataset T, where |T| = M, a TS sample t; € T is of length |t;| = N,
we explain the proposed method below.

To deal with the issues of missing value, duplicate values at a certain time in
case of the TS dataset, we first apply the data cleaning step as shown in Fig 4.1, that
involves missing value imputation using moving average technique and duplicate
replacement by their average.

As shown in Fig. 4.1, the data cleaning is followed by segmentation. Each ¢; is
divided into overlapping subsequences of a predefined length L and a stride value
§. A subsequence of ¢; at time instant a is denoted by t‘l.l, therefore the subsequence
set of £; becomes {t/}>_ . The overlapping subsequences can capture information
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Figure 4.1: A flow chart of the proposed TS subsequence clustering using multiple
directed graphs. Step A, is data cleaning, segmentation and normalization. Step B
is the feature extraction from the LSTM-AE model. Step C is the multiple network
and consensus network formation followed by the clustering of networks based
on quasi-clique partitioning given in step D. Residential building indexing using
SampEn and the stable set is obtained in step E.

Long term L

about break points [182] unlike the disjoint subsequences. Two subsequent sub-
sequence of t; given as, t? and tf.’, are called overlapping if, b < a + §, where is
the stride value. To avoid the trivial match in two consecutive subsequences, the
stride value follows the inequality: § > L/2.

As shown in Fig. 4.1, the segmentation is followed by normalization. The
subsequences are normalized using the inverse normal transformation (INT) [2].
The INT based normalization technique gives a normalized data representation
from a highly skewed data unlike the other techniques like z-score and min-max
normalization in which the normalized data is also skewed.
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4.3.2 Feature extraction and discretization

Fig 4.1 shows the next step for the proposed framework is the feature extraction
and discretization. The handcrafted feature set can cause information loss if
not chosen appropriately. To overcome this, an automated feature extraction
technique is shown in this work. The objectives of this step is: 1. capturing
information about the current consumption pattern and autocorrelation present
in a segment 2. dimensionality reduction. Motivated by the success of Long Short
Term Memory- Autoencoder (LSTM-AE) models for relevant feature extraction
and capturing the trend pattern from the sequential data[183, 184], the normalized
subsequences are fed to the LSTM-AE model.

The LSTM-AE model consists two LSTM networks— encoder and the decoder
in which the decoder is a reverse representation of the encoder, each with / hidden
layers. Each input subsequence given as {t}, ... t?}, is processed into a 2-d tensor
of shape lookback x n_feat, with n_feat as the number of features. The working
principle of LSTM-AE for input t? is given as:

Err = % Zq:(t? — 1y (4.1)
2] = ¢t (4.2)

M =di(z]) (4.3)
el(t]) = o(We.[ego1)(t)] + be) gcMxS (4.4)
di(z!) = o(Wa.ldg-1) ()] + ba) (4.5)

where, z?,f? is the encoded and decoded representation of t? which is computed
using Equation. 4.4 and Equation. 4.5 respectively. The encoded representation
z?, is of length |Z?| = f. The functions ¢(.), d;(.) are encoder and decoder functions
of the [t layer, o is the activation function of LSTM-AE. W,, W, are the weight
matrices and b,, b; are bias vectors.

The Symbolic aggregate approximation (SAX) is a popular discretization tech-
nique for the TS that divide the normalized data into equiprobable regions, there-
fore retains the pattern based information of the data. As shown in Fig. 4.1, the
discretized words are represented as a tensor TWyxsx . Each element of the tensor
TWhixsxy 1s a vector 7.

4.3.3 Multiple network and consensus network formation

The next step, is the multiple and consensus network formation, shown in Fig. 4.1.
The multiple network and consensus network formation can capture the change
in TS patterns at multiple time granularity. The TS data is divided based on the
seasons and a graph based structure is obtained from each season, that forms
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the multiple network, which can also be used for daily analysis while for yearly
analysis a consensus network is formulated. The definitions and construction of
graphs are discussed below.

Multiple network: The multiple network is formally defined as a set G =
{Gsls € layer} where each weighted directed network is given as Gs = (Vs, Es, Ws),
Vs is a set of vertices, & C Vs X V, and the edge weight is ‘Ws. The multiple
network is constructed as below: i) the layer corresponds to seasons the TS is
divided into ii) unique words from the season s, given as, TW C TWyxsx ¢ form
the set of vertices v; € G, such that each vertex represent a unique pattern iii) a
directed edge v; — vj, where v; corresponds to 7 is formed if a < b < a+3
iv) weight of the directed edge W (v; — v;) is computed using SAX distance [185]
between the words corresponding to v; and v;.

Consensus network: For a given multiple network G, the consensus network
is the weighted directed network given by a three tuple G = (V,E, W), where,
V= U “Vsand E = U &Es. The edge weight W(v; — v;) of the consensus network is

the respect1ve edge welghts ingG.

Algorithm 8 Clustering

Input: TWyxsxy, layer
Output: (C,C)

1: Initialize the lists V « 0, E « 0, priority « 0

2: for each s € layer do

3:  Construct Gs from (Vs, &, W)

4:  priority < Compute VW(.) for G5 using Eqn 4.6

5. C[s] « QC(G;, priority)

6 V< VU%V;andE « EU&;

7. end for

8: Construct G from (V,E)

9: ¢ « CG(G)

10: return (C, C)

4.3.4 Clustering in multiple network and consensus network

The next step is the clustering as shown in Fig. 4.1. The clustering problem
is formulated as a maximal quasi clique finding problem on a set of weighted
directed network. We propose a greedy solution to find all possible maximal quasi
clique structures from the multiple network and consensus network.

Initially the vertex set Vs € G, are ordered based on their non-increasing
weighted degree measure (vertex priority) VW(.). According to the greedy choice
rule, the vertex with highest priority is chosen so as to identify the larger maximal
quasi clique structures before identifying the smaller quasi clique structures.
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While the out degree of a vertex measure the number of subsequent patterns,

the weighted degree measure indicate similarity between the subsequently occur-
ring patterns. The weighted degree measure VIW(.) is given as:

_ a4 (0) X W(wy)

VW(UZ') = T (46)
d™(v;) - Juin (d™(vy)
d~(v;) = —————————and (4.7)
\;gjiggs(d (v1)) \;g:égs(d (v1))
W)= Y., W) (4.8)
YoieN (vi)

where, d™(v;) is the normalized out degree of v;, while d(v;) is the out degree,
W(v;) is the weight of v;, that is, the sum of weights of the outgoing edges of v;,
N(.), is the neighborhood. The value of VW(v;) ranges from 0 to 1 with 1 as the
highest priority.

In general, clustering on networks aim to obtain dense subgraph structures.
Definition of dense subgraph varies depending on the application. The quasi
clique, a relaxed clique structure is one possible way to define the dense sub-
graphs [72]. According to the existing definition of quasi-clique, it is a subgraph
such that every edge (v; — ©v;) between a vertex pair (v, v;) implies the existence
of a reverse edge (v; — v;) to it. For weighted directed graph, the C- quasi clique
computation on a subgraph ¢ € G or ¢ € G is based on the density function A(.)
defined as below.

Definition 11 A subgraph g is said to form a C-quasi clique if-i) A(g) > C such that C € [0,1]
ii) g forms a strongly connected component, that is, SCC(g) = 1 and iii) |g| > 3 where,

A(g) = %Z;min(W(lz,"), d (vy))

and, (4.9)

where d=(.) and W(.) is defined in Equation. 4.7 and 4.8 respectively. Greater
the value of C, more similar are the vertices indicating more coherent patterns.
For a layer s, the maximal C-quasi clique is a subgraph formed from the vertex set
v C Vs, such that including any node from the neighborhood of v does not form a
larger C- quasi clique.

The problem of partitioning a graph into the maximal quasi clique structure
in a weighted directed multiple network is atleast as hard as that of unweighted
undirected graph [74, 72], because for every directed edge between a vertex pair,
there must be an edge in the reverse direction. We propose a greedy method that
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iteratively finds all the possible maximal quasi clique structures from each layer of
the multiple network G followed by exploration of maximal quasi clique structures
from the consensus network G.

The algorithm 8 shows the steps of the proposed greedy strategy. It starts
with arranging the vertices of multiple network in order of vertex priority. In
step 4 of algorithm 8, priority queue stores the vertices of G, arranged in the non-
increasing order of the VIW(.) computed using Equation. 4.6. Final cluster set in G;
is C[s] = {ci}i.‘zl, where k is the number of unique clusters and the final cluster set
in Gis C.

Algorithm 9 Quasi- clique: QC(G;, priority)
Input: Gs: directed weighted graph, priority: priority queue of vertices based on
VIW(.).
Output: Cs : cluster labels of G;.
1: Qnew, C < threshold(priority, Gs)
2: old < 0,new < length(Qyew)
3: while old # new do
4:  for each g € Quep do

5: g < Dequeue subgraph from Q. based on A

6: N(Q) — Dequeue all subgraphs from Q,,, based on
A such that N(g) is in neighborhood of g

7: for each § € N(g) do

8: Snew < a subgraph formed from {g U g}

9: if SCC(gnew) & A(gnew) = C then
10: Enqueue gy to Qpew with associated A
11: new = 0
12: Exit loop
13: end if
14: end for

15:  end for

16:  old « new, new « length(Qew)
17: end while

18: return Qe

The algorithm 9 intends to obtain clusters from each layer G;. The vertex with
highest priority designates the maximum number of temporally dependent similar
patterns connected to it. In step 1 we use a function threshold(.,.) to optimize
the value of C, which is discussed further in algorithm 10. The steps 3 to 17
allows to merge neighboring subgraphs so that the merged subgraph is a quasi-
clique. The for loop in step 4 intends to merge (-quasi clique without violating
the property as given in definition 11. The neighborhood of a subgraph g is,
N(g) = {glquasi clique and JE,, », where v; € g and v; € g}. The steps are repeated
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until the number of clusters obtained after each iteration do not change.

Algorithm 10 Obtain C: threshold(Q, G;)

Input: Q: priority queue of vertices

Gs : directed weighted graph G; obtained from s season
Output: C: threshold value and

Quew: priority queue of subgraphs

1: Initialize an empty priority queue Qjew
2: Initialize L =0

3: while Q # 0 do

4:  v; < Dequeue Q

5. for v; < Dequeue Q such that v; € N(v;) do
6 for v, «Dequeue Q such that v, € N(v)) do
7: § < Subgraph{v;, v, vy}
8 if SCC(g) then
9: Enqueue g to Qyew, with associated A(g).
10: C«—CUA(g)
11: Exit loop
12: end if
13: end for

14:  end for

15: end while

16: C « min(Q)

17: IV « isolated vertices in Q.

18: foreachiv € IV do

19:  gnew <Add iv to the quasi-clique cluster g of Q¢ such that the change in A
is minimum

20:  Update C < A(gnew)

21:  Update guew in Quew With the associated A

22: end for

23: return (Quew, C)

The algorithm 10 intends to discover the optimal value of C such that most
of the vertices of graph G; can find their quasi clique structure and are not left
isolated. Initially the vertex with the highest priority is chosen for the merge. The
merging is a two step process 1. identify two closest neighbors (v, vi) of v; in order
of priority 2. merge them to form a quasi clique structure g. This is repeated in
steps 3 to 15. The neighbors of v;, form a quasi clique g with highest possible
A(g) value. The vector C stores A(.) values of the quasi-clique obtained from the
merging process and the optimal value is the minimum in (, given in step 16.

The vertices of lower priority for which no quasi-clique cluster could be ob-
tained is denoted as IV in step 17. The set IV consists of the vertices that form
lesser number of temporal patterns as compared to the other vertices. The steps 18
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to 22 aim to merge iv € IV with an already formed quasi clique g, such that the
change in A(gnew) of the new subgraph is minimum. The output Q¢ contain the
maximal C-quasi-clique structures of Gs.

Algorithm 11 Consensus: CG(G)

Input: G

Output: Q : priority queue in which each element forms a clus-
ter

. Initialize c_priority < NULL

: Initialize a priority queue Q « NULL

: for each unique v; € V do
c_priority[v;] < mean(Wj))

end for

. Q « QC(G, c_priority)

. return (Q)

N U AW N =

Algorithm 11 shows the steps to obtain the consensus network G from the
multiple network and the clusters in G. The steps 3 to 5 is to obtain the priority of
each vertex v;. Priority of the vertices is stored in a vector c_priority, which is the
mean of the out degree of edge weights given as mean(W(v; — v;)). The mean of
the out degree edge weights is used to capture the overall strength between two
nodes present in all layers.

4.3.5 Indexing the TS samples

The next step is the indexing of TS samples, as shown in Fig. 4.1. The subsequences
belonging to a cluster denote that they represent similar patterns and the change
in cluster labels denote the change in patterns. Hence, lesser the change in cluster
labels, higher is the temporal similarity and that denote a stable behavior of TS
sample. Therefore, the indexing is done by measuring the stability of ¢; based on
how frequently the cluster label of its subsequences change with time. Cluster
labels of subsequences obtained from the quasi-clique structures in G and G are
used for indexing at multiple time granularity. The cluster label representation
of subsequences is given by a sequence f¢; = {¢},¢%,...¢7,...¢7}, where ¢/ is the
.- Below we discuss the indexing at
multiple time granularity with respect to tc;, where fc; € C[s] denote the cluster
labels from multiple network G and tc; € C, denote the cluster labels from the
consensus network G. The different granular levels are named as:

1. Short term granularity measure stability based on the pattern observed on
day basis. In this case tc; is broken to daywise sequence of labels. 2. Medium term
granularity measure the stability based on pattern observed during the entire

season. The cluster set C[s], for layer s is used. 3. Long term granularity measure

cluster label for the subsequence t! € {t‘l?};:
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the stability based on pattern observed in the entire yearly data. In this case the

tc; € C is considered.

A statistical measure called the sample entropy (SampEn), is used for the in-
dexing both in multiple and the consensus network [186]. The SampEn for cluster
label representation tc;, is shown in Eqn 4.10.

SampEn(tc;) = — log% where,
A=number of pairs, where, d[x,,(v), xu(2)] <7
B=number of pairs, where, d[x,+1(y), Xn+1(2)] <7 (4.10)

where d(., .) is the distance function, x,,(y) = {éiy L. éiy -

dow length and r is the tolerance level. The choice of parameters d(.,.), m and r are

+ }, mis the sliding win-

discussed in section 4.4. SampEn quantify the regularity in the sequence of labels.
Lower values of SampEn signify regularity and predictable nature of patterns in the
TS whereas the higher values indicate irregular nature of patterns [186]. In case of
the labeled dataset, we obtain the stable set by assuming, p = {0,0.02,0.04, ..., 1}.
The TS samples with SampEn < p are considered as the stable set and vice versa.
The optimal value of p at each granular level is decided on the accuracy scores.
In case of unlabeled dataset, while the value p can be chosen as the one of mean,
median, standard deviation of SampEn at each granular level, we choose the p as
the median value of SampEn.

While the idea behind the use of SampEn is to estimate how many patterns are
repeated throughout the dataset, it would also be interesting to measure what is the
maximum percentage that a pattern is repeated. To estimate the latter we propose
the definition of Temporal similarity (TPS). For the cluster label representation tc;,
at a given granularity the TPS is the percentage of sliding window sequence of
cluster labels which are common, given in Equation 4.11. The higher value of TPS
denotes the existence of a higher number of repeated pattern.

S—m+1

100
TPS = max[m Zzzl 52];

a 1, iftcz] = xm(z) 4.11)
0, otherwise.

where, S is the total number of subsequences obtained, m is the sliding window
length.
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4.3.6 Time complexity

The first step is to obtain the time complexity for the feature representation of
TS. Extraction of overlapping subsequences from M different TS samples is O(M).
A standard LSTM unit has elementwise multiplication and addition operations
over the input, previous hidden state and the cell state. Considering w different
weights in an LSTM unit, the time complexity of learning the weights per timestep
using the Adam optimization technique is O(w). Considering the input shape to
LSTM-AE g xlookbackxn_feat, where g C M XS, lookback is the number of time steps
to lookback and n_feat is the number of features to be extracted from LSTM-AE.
The training time complexity is dominated by O(q X lookback), with q >> lookback,
it is O(g). Discretizing the features into symbols using the breakpoint table is
O(1) [187]. With M x S different subsequences and M >> S, the time complexity
for symbolic representation in O(M).

Graph is formed by extracting the unique words from each s layer followed
by finding & and W. For a layer s, the worst case time complexity to extract the
unique words is O(Mlog M). The edge formation is O(1) and ‘W uses SAX based
distance which has the worst case time complexity of O(M?). Therefore the overall
complexity is O(M?).

The time complexity to compute the vertex priority of set V is O(V), which is
a constant. In worst case, time complexity to sort the vertices in order of priority
is O(Vl1og V). The algorithm 9, calls the threshold(.) function to obtain the optimal
Cvalue. The steps of threshold(.) function algorithm 10 is enqueuing and dequeing
the elements and check the conditions as given in Definition 11, that is, check for
SCC(g), which takes O(V +&) time. On satisfying the given quasi clique condition,
the newly formed C-quasi clique is inserted to the priority queue, this require O(V)
time. In worst case, time complexity is & = V2. Therefore total time required in
algorithm 10 is O(V log V) + O(V?) = O(V?).

The steps 3 to 18 in algorithm 9 is merging the already formed C-quasi clique
structure. In worst case, if the merge occurs at each iteration in the priority queue,
then time required is O(V(V —1)) = O(V?). Therefore the overall time complexity
for algorithm 9 is O(V?).

The algorithm 8 shows repeating the QC(.,.) for multiple and consensus net-
work, therefore the overall time complexity is O(V?).

4.4 Experimental design

In this section, we discuss the datasets used, the comparative study, the validation
measures used to validate the performance of the proposed approach and also
discuss the parameter tuning of LSTM-AE and SampEn computation.
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4.4.1 Data description

For the current study, the datasets used are- CER-IRISH dataset discussed in
section 1.1.1, CU-BEMS dataset discussed in section 1.1.1 and the Stock market
discussed in section 1.1.1.

For multiple graph analysis, the CER-IRISH dataset is further split into the
winter (Dec-Feb), spring (Mar-May), summer (Jun-Aug) and autumn (Sep-Nov)
seasons, based on the average climate in Ireland!. Based on the monthly average
climate in Bangkok, the CU-BEMS is divided into three seasons- winter (Nov-Feb),
summer (Mar-Jun) and rainy (Jul-Oct) [188].

The cluster quality analysis is done on both the labeled and unlabeled datasets.
The proposed method is validated on labeled dataset, that is, CER-IRISH, and, the
study on stable TS samples is performed. Lastly in case of the unlabeled data-
CU-BEMS, we predict the stable appliances at multiple granularity.

4.4.2 Comparative Study

For a fair comparative study of the proposed clustering applied on multiple and
consensus network, we use the existing clustering techniques on the monolayer
and the multi layer models as discussed below.

The multilayer community detection methods— NMF-F, NMF-L, PA, MC, SC,
TSR which are discussed in section 4.2 are used for comparative study. In addition,
because the proposed clustering approach is applied to discover the stable TS
samples in case of smart grids, a comparative analysis is also done with [7], where,
the authors extract features from cluster centroid to find the suitability of the
residential building/appliance for DR.

To compare between the handcrafted features with the automatic feature ex-
traction using the LSTM-autoencoder model as shown in this paper, we construct
a monolayer network (MN) using the handcrafted feature set as shown in [173],
denoted as (MN-F1) and also on the features obtained from the LSTM-autoencoder
model, denoted as (MN-F2) [173]. The monolayer network is obtained from the
entire TS dataset by choosing the unique symbols as vertices and connecting the
subsequent vertices based on time order.

4.4.3 Validation measures

1. Fl-score: Assuming tp: #true positives, tn: #true negatives, fp: #false posi-
tives and fn: #false negatives,

precision X recall
X

F1 —score =2 (4.12)

precision + recall

Thttps://www.met.ie/climate/climate-of-ireland
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where precision = tp/(tp + fp), recall = tp/(tp + fn).

2. Area under curve (AUC): This measure the performance under all possible
classification thresholds.

3. Davies-Bouldin (DB) index: For a given cluster set C, the DB index is the mea-
sure of scatter within the cluster ¢; and the separation between the clusters
¢; and c;.

§i+§j

) (4.13)

k
1
== E . where, D, = = max]; ; and, Jij=
k P J#l

where , k is the total number of clusters, §; is the average distance of each
point in cluster c; to its centroid and § j is the average distance of each point
in cluster ¢; to its centroid, d(c;, ¢;) is the distance between cluster centroids
of ¢; and c;.

4. Average scattering for clusters (Scatt): It is the mean of the norms of the
variances in the clusters:

X Zl 1 [[oar(c;)|l

Seatt(C) = ==

(4.14)
where the var(c;) is the variance of ¢; and var(C) is the variance of the entire
cluster set.

5. Wilcoxon signed rank test: It has two research hypothesis, HO : the proposed
method performance is same as that of the compared method and H1 : there
exist a significant improvement in the performance of the proposed method
to that of the compared method. We obtain the paired difference in scores
between the cluster validity measures of the proposed method to that of the
existing methods and report the P-value for the test statistic. HO is rejected
if the P-value is significantly smaller than the significance level @ = 0.05.

4.4.4 Parameter tuning

1. LSTM-AE parameters: The optimal parameter set for the model is chosen
on the basis of mean squared error (MSE) score, that is, the parameter set
with best MSE score is chosen for feature extraction. The number of units
in each layer is varied from 8-32, the number of epochs is varied from 200-
400 with Relu and tanh activation functions. Each model is trained using
the Adam (Adaptive momentum) optimization rule with the learning rate
of 0.001. The early stopping rule is used to prevent model overfitting. In
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Table 4.1: Hyperparameters of the LSTM-AE model- number of layers, hidden
units, number of epochs, batch size and activation functions. The best MSE scores
are reported in bold.

Data |#Layers|([Units], epochs, batch-size, activation)| MSE
2 [16, 4], 200, 16, tanh 0.07
IRISH 3 [32, 16, 4], 300, 32, relu 0.05
4 [16, 8, 4, 4], 400, 16, relu 0.06
2 [16, 4], 200, 16, relu 0.0181
CU-BEMS| 3 [16, 8, 4], 200, 32, relu 0.016
4 [16, 8, 4, 4], 400, 32, relu 0.0183

Table 4.1, we report the parameters with the MSE in each layer. The dataset
is divided into 80% training and 20% test set. Best values are obtained for
lookback = 2 hours.

2. SampEn parameters: Computation of SampEn depends on the parameters—
d(.,.),m,r. The d(.,.) capture whether the cluster labels are same or different,
hence (i) d(.,.) = 1 if x,,(y) # xu(2), 0 otherwise (ii) Edit distance. The value r
depends on the ED.

In order to avoid long hours of discomfort, DR is executed by the utilities for
a shorter time period during a day. So the value m is chosen such that it can
find the patterns that exist in a day. Hence the value m is varied as {2,3, ...
#subsequences in a day}.

4.5 Results and Observations

To check the validity of the proposed method, we first index the stable buildings
using SampEn at each granular level, as discussed in section 4.3.5 and compare the
Fl-score and AUC of the proposed method with the state-of-the-art methods on
labeled CER-IRISH dataset.

We carry out a comparative study on cluster quality and report the character-
istics of the clusters obtained from the proposed method.

We also measure the average percentage change in daywise consumption dur-
ing the benchmark and the test period for the predicted stable building set, given
as % Change. The decrease () in % Change denote the decrease in load during test
period to that of the benchmark and vice versa, thereby proves that the identified
stable set of buildings can create a sustainable grid.

102




4.5. RESULTS AND OBSERVATIONS

Table 4.2: Comparative results of cluster quality indices for the proposed and
baseline methods. WT is the p-value for Wilcoxon signed rank test. The best
values are highlighted in bold.
CU-BEMS IRISH SM
Method DB | Scatt | DB | Scatt | DB | Scatt WI
NMF-F |324 | 178 | 1.78 | 095 | 1.4 | 0.76 | 4.19e-3
NMF-L | 484 | 198 | 313 | 146 | 271 | 055 | 7.62e-4
PA 254 | 254 | 243 | 223 | 1.76 | 0.82 | 1.52e-05
MC 304 | 1.15 | 3.01 | 092 | 1.76 | 3.02 | 1.52e-05
sC 515 | 247 | 197 | 197 | 347 | 1.74 | 1.06e-4
MN-F1 474 098 |392| 07 | 22 | 0.21 0.01
MN-F2 | 1.1 | 029 | 154 | 072 | 0.5 | 0.14 | 1.44e-4
Proposed | 1.07 | 0.27 | 0.91 | 0.33 | 0.6 | 0.11 -

4.5.1 Cluster quality analysis

In Table 4.2, we report the cluster quality results and the P-value obtained from
the Wilcoxon test for the proposed method and the state-of-the-art methods. The
best values are highlighted in bold face. In case of IRISH, the proposed method
shows 2.8% improvement in DB index, 6.8% improvement in Scatt. In case of
CU-BEMS, the proposed method shows 40% improvement in DB index and 52%
improvement in case of Scatt. The lower value of DB signify that the intracluster
distance is less than the intercluster and the lower values of Scatt signify lower
variance in the clusters, thus indicating the clusters obtained from the proposed
method is more coherent as compared to the other state-of-the-art methods. In
case of Stock Market dataset, the Scatt is minimum in case of the proposed method.
The better results in majority of the cases for the proposed method signify that the cluster
samples are closer in case of the proposed method as compared to the other state-of-the-art.

The pairwise Wilcoxon signed rank test establish that the proposed method is
a significant improvement in terms of the measured cluster quality metrics over
the state-of-the-art methods with P-value 0.01 or lower.

We obtain a normalized consumption pattern from the cluster samples of each
cluster denoted as the representative TS profiles (RTP). Fig. 4.2 shows the RTP
of each dataset during different seasons. The inset barplot in Fig 4.2 shows the
percentage of samples belonging to different clusters. The clusters with number
of samples below 2% of data set, are not shown in the barplot.

In case of CER-IRISH dataset, shown in Fig 4.2 (a), RTP of cluster 1 during
winter, spring and autumn show downfall during the 2™ hour of each subse-
quence, followed by a rise. Cluster 2 of winter and autumn seasons show a rise in
consumption pattern during the 2 hour. This signify that the RLPs of two different
seasons belonging to a cluster can match, means that the normalized consumption behavior
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Figure 4.2: Normalized representative TS profiles (RTP) obtained from clusters
in multiple network (respective seasons) and from the consensus network for (a)
IRISH (b) CU-BEMS datasets

across the seasons can be similar.

In case of long term granularity, shown by the consensus network in Fig. 4.2 (a),
the RTP of clusters 1 and 2 show a similarity with the RLPs of cluster 1 and 2 during winter,
summer and autumn, while no similar consumption behavior is observed for summer.

In case of CU-BEMS dataset, shown in Fig. 4.2 (b), the similar RTP of cluster 1
and 2 in summer and rainy seasons signify that the appliances have similar normalized
consumption behavior. In case of long term granularity, no such similar behavior is
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Table 4.3: Comparative study on accuracy measures (F1- score and AUC) for the
proposed and state-of-the-art clustering methods. The Change % denote increase
T or decrease | in electricity consumption of the stable set selected using the
proposed and state-of-the-art methods. The best scores are highlighted in bold
face. The % improvement in the last row highlight the % improvement in F1-score
and AUC when compared with the best performing state-of-the-art clustering.

Short Term | Medium term | Long Term
Method %Change
F1 |AUC| F1 | AUC | F1 |AUC
NME-F 0.73 | 0.63 |0.64| 047 |0.64| 047 | 851(T)

NMEF-L 0.74] 0.63 |0.64| 047 |0.64| 047 | 851 (T)

PA 0751 0.67 |0.64| 047 |0.64| 05 5.37(T)

MC 0.76 | 0.77 |0.68| 0.63 [0.42| 0.63 | 20.13(T)
TSR 0.6 | 071 |0.62]| 0.67 |0.57| 0.52 | 19.45(T)
SC 0.73 | 0.63 |0.54 0.6 ]0.52| 0.57 | 4.33(T)

MN-F1 078 0.8 [0.62| 0.63 [0.68| 0.53 | 19.13(7)
MN-F2 0.64 | 0.73 |0.61| 0.57 [0.67| 0.53 | 37.93 (T)
2-level 032 0.64 |057| 06 |0.26] 0.6 | 3.21(T)
Proposed 0.83 | 0.83 |0.77| 0.7 [0.71| 0.67 | 1.09 (])

% improvement | 6.4% | 0.3% |13% | 4% 4% | 6% -

observed with the different seasons.

Key observation: A decrease in DB index and Scatt cluster quality is observed
for both the labeled and unlabeled datasets. The pairwise Wilcoxon test establish
the significance of the clusters obtained from proposed method. The study on
RLPs reveal the similarity and dissimilarity in the consumption behavior at the
different temporal granularity.

4.5.2 Validating Proposed method

In Table 4.3 we show the F1-score and AUC at different granularity for the state-of-
the-art methods discussed in section 3.2. The improvement of proposed method in
the different scores as compared to best performing state-of-the-art is highlighted
in the last row of table. The better F1-score and AUC in case of proposed method
signify that the indexing approach can give more number of stable consumers as
compared to that of the state-of-art techniques.

To estimate the improvement achieved due to inclusion of the steps (i) feature
extraction and discretization (ii) multiple and consensus network formation, we
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compare the proposed method with MN-F1 and MN-F2 respectively.

6.4% increase in Fl-score, 0.3% increase in AUC, during short term, 13% in-
crease in Fl-score and 4% increase in AUC during medium term, 4% increase in
F1-score and 6% increase in AUC during long term is obtained in comparison with
the state-of-the-art methods, from Table 4.3.

An average % Change of 1.09% in case of proposed method in Table 4.3 denote
that the predicted stable set of buildings show a decrease in load consumption
during the test period by 1.09%, while all other methods show an increase in the
load during the test period.

Key observation: The proposed method advances the state-of-the-art for the
selection of consumers eligible for DR in all the temporal granularity. Consumers
selected by the proposed method decreases the average load consumption by
1.09% as compared to that of the best performing state-of-the-art method.

4.5.3 Study on stable buildings

In this study, we show the variation of mean SampEn, temporal similarity (TPS) at
different granular levels and the time of change in the temporal patterns, for both
the stable and unstable set of buildings.

Variation of mean SampEn and TPS: Fig. 4.3 (a) shows the plot for daily mean
SampEn values and TPS for each of the stable and unstable set. The average mean
SampEn for the stable set is lower than that of the unstable set, clearly shown by
gap between the average mean SampEn of the stable to that of the unstable set. The
medium term granularity show lower mean SampEn for stable set during summer
season as compared to that of other seasons. The mean SampEn in case of stable
set for the long term granularity is 0.06 and that of the unstable set is 0.11.

The days of summer season, as shown in Fig. 4.3 (a) observes a fall in the
mean SampEn without much increase in the TPS value. During the short term
granularity, SampEn signify that though there exists a regularity in consumption
pattern in the stable set, the percentage occurrence of the repeating patterns is
similar to the rest of the days. The increasing order of average mean SampEn for
the stable set observed from Fig. 4.3 (a) is the days of summer, spring, winter and
autumn, which is also supported by the medium term analysis in Fig. 4.3 (b). The
94% of days in case of stable set shows TPS higher than 60%, while for unstable set,
the TPS value is not more than 53%, which is also established from the long term
analysis Fig. 4.3 (c). The increasing order of average TPS for the stable set observed
from Fig. 4.3 (a) is the days of spring, summer, autumn and winter, which is also
supported by the medium term analysis in Fig. 4.3 (b).

Therefore, this study reveals that the consumers with changing patterns can be appro-
priate for DR programs provided the time granularity at which the patterns are changing.

The stable set consumers obtained from long term granularity is a strict subset
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Figure 4.3: Subfigure (a) shows mean SampEn and variation of TPS at short term
granularity- the dotted horizontal lines denote the average of mean SampEn for
the stable and unstable set, the highlighted region in the plot shows the days of the
summer season. Subfigure (b) shows mean SampEn at medium term and subfigure
(c) shows a boxplot for the TPS distribution in stable and unstable set at long term
granularity, all for CER-IRISH data set.

of the medium term during spring season and, the same is true for the short term
granularity. Therefore, the consumers which are stable during both the short and the
medium term granularity, are also found to be stable during the long term granularity.
The possible reason for this result could be the regularity in patterns observed

during spring season as measured by low mean SampEn and high TPS.

Key observation: A regularity in consumption pattern of the stable consumer
set is observed during spring season of the short term, medium term and the long
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Figure 4.4: The % change in cluster labels in CER-IRISH data set out of all the
observed changes during (a) short term granularity and (b) medium term granu-
larity.

term granularity as measured by low mean SampEn and high TPS value.

Time of change: We next study the time span when maximum change in
pattern happens. In case of short term, the maximum % of change for the stable
set occurs during the time 17 : 30— 00 : 00 in a day as shown in Fig. 4.4 (a). Similar
result is obtained in long term analysis where the maximum change in pattern is
observed during the late evening hours during the month May for the stable set
while no such clear pattern is observed for the unstable set. In case of unstable
set, the maximum change occur during the early morning hours (2 : 30 — 6 : 00)
while all other time slots follow similar distribution of the values over the year, as
shown in Fig. 4.4 (a). In case of medium term, the maximum % of change occurs
during the summer season for both the stable and the unstable set as shown in
Fig. 4.4 (b).

Key observation: The maximum % change in pattern in case of stable set
occurs during the late evening hours observed from the short term and long term
granularity study.

4.5.4 Study of appliances

To show how the proposed method can be used to identify the appliances with
regular consumption behavior, we carryout the study on CU-BEMS dataset.

In Fig. 4.5 (a) we show the mean SampEn for the short term granularity for
stable and the unstable appliances. It is observed that the mean SampEn for the
stable set during the summer season, that is Day #60 to Day #180 is consistently
similar, while the mean SampEn in case of the unstable set vary widely across the
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Figure 4.5: Subfigure (a) shows mean SampEn and variation of TPS for short term
granularity analysis. The dotted horizontal lines denote the average of mean
SampEn for the stable and unstable set. The inset plot shows the mean SampEn
and TPS for the medium term granularity. Subfigure (b) shows barplot of % of
days when an appliance is identified as stable in each floor during the short term
granularity and for number of stable set appliances in each floor during the long
term granularity, all in case of CU-BEMS data set.
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summer days. The gap in Fig. 4.5 (a) shows a clear demarcation in the average of

mean SampEn values of the stable and unstable set. The TPS for stable set for all
the days during summer is greater than the days of the other seasons as shown in
the inset plot. This denotes that the change in patterns for the appliances during winter
and rainy season is more as compared to that of the summer. Similar result is observed
in medium term granularity as shown in the inset plot in Fig. 4.5 (a).

Fig. 4.5 (b) shows that z3_Plug has the stable pattern for an average of 51%
of the days across the different floors. On further analysis, it is also found that
z3_Plug shows 100% TPS for 64% of the days in case of short term granularity. On
the contrary, z5_Plug is found to be the unstable appliance for an average of 90%
of the days in short term as well as long term granularity, as shown in Fig. 4.5 (b).

Key observation: The mean SampEn and TPS during summer season over all
appliances is found to be better than the other seasons indicating higher regularity
in consumption during summer season. The appliance z3_Plug is found to be
stable at all granular levels and z5_Plug is found to be unstable at all granular
levels however no such inference could be obtained for the other appliances.

4.6 Conclusions

In this chapter, we propose clustering on TS subsequences at multiple time gran-
ularity. The purpose of this chapter is to identify the subsequent co-occurring
patterns at multiple time granularity and index the TS samples based on their
pattern stability. The weighted graph graph structure is obtained at each granular
level, where the graph vertices store pattern based information. Because the hand-
crafted feature set can cause information loss, in this chapter an automatic feature
extraction approach is shown. The state-of-the art encoder-decoder model extract
features from each TS subsequence. The quasi-clique based clustering is applied
on it to capture the subsequent co-occurring patterns at multiple time granularity.

The proposed technique is validated using accuracy scores on a labeled elec-
tricity based load consumption data. The cluster quality analysis is performed
on multiple TS data, and lower values of cluster quality achieved from proposed
method signify better tightness of clusters. The statistical test prove that the cluster
quality measures are different from the other state-of-the-art clustering techniques.
A stability measure is shown that can measure regularity based on whether the
subsequent patterns have the same or different cluster labels. The stability mea-
sure perform indexing of TS samples and the lower value of stability signify that
the patterns of a TS sample, is uniform in nature. An elaborate study on an office
building is shown to identify which of the appliances used in building have a
stable consumption behavior.
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Classification of time series using graph
convolutional network

5.1 Introduction

The aspect of TS classification is to assign a class label to some unseen TS, given
the prior information about the class labels of other TS. The application of TS
classification is seen in anomaly detection, medical diagnosis, smart grids, human
activities, satellite images. Based on how are the features extracted from TS, the
TS classification can be categorized into- feature based, distance based and model
based methods [189].

Considering the feature based approach, it aim to extract the relevant infor-
mation from the TS to reduce the dimensionality. The conventional classifiers
like Markov models, Decision trees are then applied on the extracted feature set.
Because of high granularity in TS, the classification on feature based approaches
are easier. However, the reduced dimensionality can ignore the temporal patterns
in historic data or the subsequently co-occurring patterns. The distance based
approaches either compute the distance on entire TS data or on the reduced di-
mensionality space, which is followed by classification using the conventional or
the state-of-the-art techniques. The choice of distance measures however affects
the accuracy of classifier. Also, on a highly granular TS data, the pairwise dis-
tance computation is a computationally intensive process. The distance measures
applied on raw TS cannot be useful for storing the temporal pattern based infor-
mation or the subsequently co-occurring pattern based information. The model
based approach automatically learn features from the available data, unlike the
handcrafted features. Initially the models are trained on prior input-output la-
beled information. During the forward pass, the randomly initialized weights
are trained to obtain a final output vector. The output vector actually store the
probabilities of input belonging to different classes.

Considering the advantages of using the model based approach, this chapter
propose a novel TS classification approach based on the learnt graph structure.
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The graph structure is learned for each TS sample using the state-of-the-art model.
The undirected weighted graph formed for TS sample, is the input to the classifier
model.

5.2 Literature

In this section we discuss the related work on feature based, distance based and
model based classification methods.

In case of the feature based classification, features can be any of the temporal,
statistical or the spatial. The temporal features are the time dependent features.
The authors in [99] have extracted temporal features from the deep learning model
and used SVM for classification of the EEG images. A greedy feature selection
approach is shown in [190] that choose the features by optimizing the linear classi-
fication rate on the training data. The statistical features like the -mean, variance,
standard deviation when extracted from multiple subsequences can capture the
temporal data patterns. The subsequences can either be fixed or dynamic in na-
ture. The statistical features from TS has been used for classification as an anomaly
or not [98]. Several works in literature show that the CNNs and the LSTM models
can be used for automatic temporal and spatial feature extraction [100], but it re-
quire large datasets which can result in poor classification results otherwise. The
words extraction from TS in [191] is a novel classification technique which extract
the words from the sliding window or a fixed length window subsequences.

There are some of the benchmark distance measures applied for TS pairwise
distance computation— dynamic time warping distance, Euclidean distance, Man-
hattan distance, which are detailed in [192]. The distance based measures are
mostly used for computing the similarity between whole TS. 1-KNN classifier
model is the baseline to obtain any novel distance based classifier [99]. Because
the distance measures between whole TS samples is a computationally expensive
process, the authors in [104] convert the whole TS into shapelets and apply a dis-
tance measures on the shapelet to classify the TS using CNN model. The authors
in [105] propose an ensemble of proximity-trees based classifier where the dis-
tance measure to be used is chosen at random. Several fast distance computation
techniques are shown in literature, but, the distance based classification cannot
capture the temporal nature of the patterns.

Considering the model based approach for classification, the authors have
shown the performance of the basic NN models— the MLPs and the fully CNNs.
Current state-of-the-art techniques include the CNN and LSTM models which
have been applied on multiple TS domain like- disease classification in tomato
leaf [8], classifying the limb movements from brain activity [4], fruit classifica-
tion [101] and brain tumor classification using attention based LSTM model [193],
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residual networks for medical image classification [102]. For a better feature ap-
proximation from TS, a two-level model based approach is suggested [194]- first,
model for feature extraction of TS and the second model for the classification. The
authors in [103] propose a novel TS classifier that uses large number of random
convolutional kernels, to extract the temporal and the spatial features from large
TS and a linear classifier at the end for classification.

Graph structure in case of TS is gaining importance during the recent years
because it has the ability to represent temporal dependencies of patterns [195].
The graph structure include representing each time point by a vertex or the TS
subsequences [37] as a vertex [196]. Given a pre-defined graph structure, the
graph neural networks (GNNs) are capable of incorporating neighborhood in-
formation of the vertices and use the message passing technique to update the
vertex information [163]. GNNs have been used in varying TS domains; Zhang
et. al in [163] propose a GNN driven traffic forecasting model that fully capture
the spatial correlation between roads and address the problem of sparse data and
irregular road relations. In [197], the authors construct a graph structure from
appliance dataset and use the graph spectral clustering for predicting the state of
the appliances at the next time instant. GNNSs furnish promising results in case of
anomaly detection of TS when trained on the patterns [198, 199]. The GCN based
models have shown success in the multivariate TS prediction where each variable
is modeled as a graph vertex for exploring the correlations between vertices [200].
A combination of GCN with the gated recurrent unit (GRU) is shown in [65] for
traffic forecasting, where the GCN capture the spatial relationship and the GRU
capture the subsequent co-occurring pattern based information in the data.

5.3 Proposed method

This section explains the proposed Graph Convolutional Network (GCN) based
classification framework. We use the TS dataset that consist of half hourly power
consumption readings of Z different residential homes, {H1, Hy, ... Hj, ... Hz}. The
power consumption for a residential home H; = {p1,p2,...,py, ... pi}, is broken
down into overlapping subsequences of window length 7, and the subsequence
set obtained is represented as {T:H’ )}El:—1n+1), where each subsequence ITf’j | = n,
which is input to the classification model. Each H; is assigned a label tr(H;) based
on whether it has been chosen for DSM operation or not.

The proposed GCN framework consist of two different levels— Level 1 is used
to obtain a graph structure for each house and Level 2 is the Graph convolution
network (GCN) that predicts whether the residential home is suitable for DSM or
not. The proposed framework predicts the output as o(H;) € [0, 1] where 1 signify
that the residential home has been selected for DSM and vice-versa. Fig. 5.1 shows
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Figure 5.1: Anoverview of the proposed GCN framework. The framework is made
of two levels—Level 1 (GRU-ATN) and Level 2 (GCN). An elaborate representation
of Level 1 and Level 2 is shown.

an overview of the proposed GCN framework with the different levels as explained
below.

5.3.1 Graph structure learning

The Level 1 of GCN consist of an attention based encoder-decoder model that aim
to obtain a graph structure for each H;. The encoder-decoder model consists of
Gated Recurrent Unit (GRU) with attention (ATN) applied at the decoder end,
referred as GRU-ATN model. The uniqueness of GRU-ATN is that it helps to
obtain a graph structure when no prior information about the vertices or the edges
is provided. The reason of forming a graph structure from each residential home
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is because it help to obtain the temporal information about the patterns formed
from {T:Hj ) }E;"H), in the form of vertices and edges. The subsequences form unique
pattern and every pattern has a temporal relationship with the subsequent patterns
formed, and this relationship can be clearly represented in a graph structure. The
GRU-ATN model is elaborated in Fig. 5.1.

To predict the subsequence at time instant t, given as T, the GRU-ATN model

uses a feature set, F?i , given as below,
Ft(H]) = [Tt—$/ Tt—$+1r ce Ti+1/ Tt+2/ ceey Tt+$—l] (51)

where, $ is the sliding window length applied on the subsequence set T:Hj ), Fi(H)) €
R?%". The proposed graph structure can capture the subsequently co-occurring
patterns within the sliding window length $. Below we explain the working
principle of GRU-ATN model.

Encoder The encoder side of the model consists of GRU which has only two
gates— reset and update gate. The feature set Fflj is the input to GRU cell, as
shown in Fig. 5.1. The working principle of GRU cell is explained in the following
equations.

R = o WrFi(H;) + Urh_1) + bR) (5.2)

Zs = o(WzFi(H;) + Uzh-) + bz) (5.3)

newn = tanh(W,Fy(H;) + Ry * (Unh-1)) + bn) (5.4)
i = (1= Z4) * newn + Z; * h_1 (5.5)

where Ry, Z;, newy, iy are the reset, update, new hidden state and the encoded
feature representation respectively. Equation 5.2 and 5.3 are the weighted sum
of input and the previous hidden state h_;), passed through the sigmoid (o)
activation. Wg, Ug are the weight matrices of reset gate and by is the bias of reset
gate, Wz, Uz are the weight matrices of update gate and bz is the bias of update gate,
and W,, U, are the weight matrices and by, is the bias to generate the new hidden
state. The newy, in Equation 5.4 is the weighted sum of the input and Hadamard
product (x) of R; with the previous hidden state h(_;), passed through the tanh
activation. All the weights and biases are initialized from uniform distribution
with U(- Vk, Vk), where k = 1/ input size.

Attention decoder The decoder predicts the output subsequence at time instant
t, of the house Hj, given as O, ', Because all the subsequences in F; are not
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equally important for predicting the ij , the attention layer focus on which of

the subsequence is important for the prediction of O,’. Working of the attention
decoder is explained below.

ay = tanh(Wyiy) (5.6)
exp(a(x, y))
(x,y) = (5.7)
”‘yff% T8 explax, y)
G: = GRU(a) (5.8)
0, = ReLu(WG; + b) (5.9)

The input to the attention layer is 4;, given in Equation 5.6, where, W, form
the learnable weights, which is initialized from the uniform distribution given as
U(- vk, \/E), where k = 1/input size. The output from attention layer is a;, that
is, the normalization applied on 4; using the softmax activation across the sliding
window length $ as given in Equation 5.7.

The a; is passed through the GRU cell, given in Equation 5.8. A non-linear
activation ReLu is performed on G;, given in Equation 5.9 to obtain the final output
Of/ . Then to compute the overall attention coefficient (A(.) for each subsequence in

F, !, we aggregate over the subsequence length n using the max function as given
in Equation 5.10.

A(Fr) = Jnax $(ozt[x, n]) (5.10)

The GRU-ATN is trained to minimize the L1 loss function, given in Equa-
tion. 5.11.

H ) H, H:

n©,", 1" = 1" - 0;"

Yo (O, T, ]
nxp

L1=

(5.11)

where, [1(0,”, TtH’ ) € RP*", pis the number of training samples, Tf{/ is the target
subsequence at time instant £.

5.3.2 Graph structure formation

The learned attention coefficient (A(.) from GRU-ATN model in Level 1 is used to
form weighted undirected graph structure for each residential home.
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The graph structure for a residential home H; is given as G'/ = (v, e, w), where

the unique subsequences in {T:Hf )}512_1"“) form the vertices, given by a mapping

function V : v, — T,. To identify the edges connected to a vertex v,, we use a
threshold value 6 on vector A(.). The 6 intends to capture the most significant
vertices which are required to predict the desired subsequence at time instant .
An undirected edge between two arbitrary vertices vy, v;, is given by a mapping

function E : {eylvy; € Fy(H;); A(Fp)lq] = 6}, where Ffj is the feature set used to
predict T;Ij as shown in Equation. 5.1. The graph structure obtained is illustrated
in Fig. 5.1.

The edge weight w is given as w(ey;) = D(Tfj ,T;!j ). The edge weight aim
to capture the pointwise distances between subsequences, therefore D(.) is the
Euclidean distance used in this work.

5.3.3 Graph based classification

The graph structure of each residential home, obtained from the previous stage
is used as input to the Graph convolution network (GCN) [201], from which the
vertex features and edge features are extracted. The vertex and edge features form
a tuple (nV(G™), eE(GH/)), where, nV(G/) = {Tfl/ }i;’}”, and elE(.) = (eyq, w(eyg)) is
a tuple storing the edge and the edge weight. The vertex and the edge features
obtained is illustrated in Fig. 5.1.

For an 1 layered GCN, the hidden state is computed as:

H = PR 5.12
Z G( genty i, v j)?'{;-] W, ) (5.12)
) = oCH VW + b 513

o(Hj) = softmax(y(n)) (5.14)

where N(v;) is set of neighbors for vertex v;, d(v;, v;) is computed as \/IN(vi)I X IN(v))l,
W, is the weight matrix for the " layer, o is the differentiable non linear rectified
linear unit (ReLu) activation function. The hidden state 7{1 @1 is then fed to an
n layered fully connected neural network (FCNN) with ReLu activation. The fi-
nal output label of o(H)) is based on the softmax activation applied on y(n). The
weights of the GCN model, W), are initialized using Xavier initialization technique
shown in [202]. Assuming tr(H) as the true label, the model is trained to minimize
the cross entropy loss function Lcg as given in Equation. 5.15.

p
Lep = —% Z tr(H,)log o(H,) + [1 — tr(H,)] log[1 — o(H;)] (5.15)
j=1
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Figure 5.2: A toy example that shows the working principle of proposed GCN
where, (a) shows the input subsequences obtained for a TS sample, the input and
output for the GRU-ATN used at Level 1 (b) is the graph structure formed and (c)
is the vertex and the edge features to be used as input to GCN.

5.3.4 Toy example

To show the working example using the proposed GCN framework, we assume
a TS data sample, H; = {0.22,0.11,0.13,0.23,0.17,0.11,0.19,0.22}, where, |[H;| =
8. Assuming n = 4, the number of subsequences obtained is 5, which is the
subsequence set for Hy, given as {Tf.{f }1.5:1 in Fig. 5.2. Assuming, $ = 1, the feature
set Fy, to predict T» is {Ty, T3}, similarly, to predict T3, F; = {T2, T4}, as shown in
Fig. 5.1. The input and the output to GRU-ATN is shown in Fig. 5.2 (a).

To obtain the graph structure for the H;, we assume the mean value of A(F;)
as 0, that is, 6 = 0.09. Each unique subsequence corresponds to a graph vertex and
for A(.) > 6 is connected by edges. The graph structure obtained for 6 = 0.09 is
shown in Fig.5.2 (b). The edge weights w is computed using the Euclidean distance
between the vertex features nV(G'/). The vertex and edge features are obtained
from G, as given in Fig.5.2 (c), which is used as training data for the GCN.
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5.3.5 Time complexity

In case of GRU-ATN model in Level 1, the GRU unit consists of elementwise
multiplication and addition during the forward and the backward passes and
then the weight updates. The total time complexity for each iteration of GRU-
ATN model with a single layer of GRU cell is approximately O(2$x n). The same
applies for the reset and update operations. The training time complexity depends
on the data size, which is O(Z X 2$ X n), Z >> n >> 2%, the total time complexity
is O(Z).

The unique overlapping subsequences are used to form the graph vertices. In
worst case, the total number of subsequences in a TS of length nis I —n + 1, so
the time complexity to search for unique subsequences is O(/logl) when [ >> n.
The time complexity for vertex formation is O(1). In worst case, the total possible
number of graph edges is (I —n + 1) X 2$. Given [ >> n >> 2§, the time complexity
to form the graph edges based on the threshold 6 is O(/log I). The time complexity
to compute the edge weights using Euclidean distance is O(11). Therefore the total
time complexity to form the graph edges is O(/log ).

Given (I — n + 1) total vertices, the time complexity to update the weights of
GCN model is O(I xn). For a n-layered GCN, the time complexity to train the GCN
model is O(n X I X n), that is, O(I X n).

5.4 Experiments

In this section, we discuss the validation measures and the statistical test, the base-
line methods employed for comparative study. The CER-IRISH dataset discussed
in section 1.1.1 is used in this study.

5.4.1 Validation measures

We validate the proposed GCN at two different levels and also perform the statis-
tical test, which are discussed below.

(a) Performance of GRU-ATN: The GRU-ATN model of the proposed GCN
used at Level 1 is trained for each H;. The overall performance is measured
using the following.

e Symmetric mean absolute percentage error (SMAPE): Assuming q as
the number of test samples for each H;, the SMAPE is computed using
Equation. 5.16. The mean SMAPE of the residential homes is computed
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as mSMAPE(H;) = 1 £, SMAPE(T,").

100 107 - T )
SMAPE(Ty = == i L
t ”;«ﬂwﬂﬁmm

110 [x] = T} [x]

n

(5.16)

MAE(T,") = (5.17)
e Mean absolute error (MAE): Assuming g as the number of test samples,
the MAE for a residential home is computed using Equation. 5.17. The

mean MAE for H; is computed as mMAE(H,) = % 27:1 MAE (TtH’ )-

(b) Performance of GCN: The performance of the GCN classifier used at Level
2 of the GCN is measured using the values of true positives, true negative,
false positive and false negatives given as tp, tn, fp, fn respectively.

e Accuracy: The formula for computing accuracy is shown in Equa-

tion. 5.18.
A B tp +tn (5.18)
couracy = tp+tn+ fp+ fn '
(precision * recall)
F1 —score =2 (5.19)

(precision + recall)

e Fl-score: The formula for computing F1-score is given in Equation. 5.19,
where, precision = tp/(tp + fp) and recall = tp/(tp + fn).

(c) Statistical test: Wilcoxon signed rank test (WSRT) is performed to prove
the performance of the proposed GCN framework is significantly different
than the others. According to Hj hypothesis of WSRT, the performance of
proposed GCN framework is same as that of the other baseline techniques,
while the H; hypothesis of WSRT state that the performance of proposed
GCN framework is significantly different than the others. The WSRT test
rejects the Hj hypothesis in favour of Hj, if the P-value is less that the
significance level a = 0.05.

(d) Percentage change in power consumption (Peang): We compute the per-
centage change in power consumption for the predicted residential homes
chosen for DSM, during the test period to that of the benchmark period as
shown in Equation. 5.20.

Paange = L2 %100 (5.20)

Pb
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where p; is the mean power consumption during the test period and py, is the
mean power consumption during the benchmark period.

5.4.2 Baseline methods

Because the proposed GCN framework shows a graph learning approach using
an encoder-decoder model, followed by classification model on the learned graph
structure, we choose the baseline methods to distinguish that how is the graph
based structure important for classification task as compared to the classification
applied on the raw TS data of each residential home.

Learning shapelets (Shapelet): Shapelets are the TS subsequences that best
represents TS based on the minimum distance [203]. The brute-force shapelet
discovery is a time consuming process and therefore, the shapelet learning
model can efficiently reduce the search time and help in classification of
TS [203].

Symbolic aggregate approximation in vector space model (SAX-VSM): The
subsequences extracted from the TS data using sliding window, are con-
verted to symbols [204]. Next by using the term frequency-inverse document
frequency (TF-IDF), the symbols are converted into weight vectors, which in
turn, are used in classification.

Principal component analysis (PCA): PCA is the dimensionality reduction
approach in which the components can best explain the variance in the data
are chosen in the lower dimension space [205]. The components extracted
from PCA is fed to the fully connected neural network classifier.

K-nearest neighbour (KNN): The KNN classifier [206] is applied on the his-
toric TS data of the residential homes based on the computed Euclidean
distance, where the value of K=1.

Convolution neural network (CNN): CNN are the automatic feature ex-
tractors which consists of combination of the convolution and the pooling
layers [207]. The features extracted from CNN is fed to the fully connected
neural network classifier to identify the residential homes suitable for DSM
programs.

Long short term memory (LSTM): The LSTM models have the ability to learn
from the sequential TS data [208], hence we train the raw TS on a 2-layer
LSTM model followed by a fully connected neural network to identify the
residential homes suitable for DSM programs.
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Table 5.1: Accuracy results of the proposed framework with the change in param-
eters like— Layers, Batch size (BS), number of hidden units (HU) and the optimizer
in Level 1 and Level 2 (Level 1-Level 2). The best accuracy result is highlighted in

bold.
Accuracy (Level 1-Level 2)
Layers | BS | HU AdamW-Adam | Adam-Adam | AdamW-Adam | AdamW-AdamW
g 32 0.51 0.55 0.51 0.53
64 0.58 0.5 0.67 0.53
16 32 0.55 0.52 0.59 0.53
64 0.59 0.54 0.56 0.54
0 32 0.68 0.58 0.52 0.55
64 0.68 0.56 0.58 0.58
64 32 0.32 0.61 0.56 0.52
64 0.58 0.612 0.55 0.57
g 32 0.53 0.62 0.58 0.59
64 0.51 0.66 0.6 0.59
16 32 0.53 0.63 0.65 0.54
64 0.53 0.6 0.58 0.53
0 32 0.73 0.62 0.6 0.57
64 0.77 0.65 0.58 0.55
64 32 0.72 0.67 0.6 0.5
64 0.72 0.66 0.59 0.56

e Weighted directed graph (WDG): The DSM approach shown in [173] is used
as a DSM based model here, for comparison. The unique symbols obtained
from the symbolic representation of TS subsequences of each residential
home is used to construct a directed weighted graph representation. The
quasi clique clusters are obtained from the graph and the cluster labels
obtained are used for the stability measure of the residential homes. Choice
of residential homes for DSM operation is based on the entropy, computed
on the cluster labels of each residential home [173].

Graph attention network (GAN): The GAN is used as a DSM based model
here, for comparison. The same graph structure obtained from GRU-ATN
model of the proposed framework is used but at Level 2, the GAN model
is applied for classification. Based on the existing graph representation, the
GAN learns by assigning different weights to different neighbouring vertices
as given in [209].
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5.5 Results and analysis

In this section, we discuss the parameters of the proposed GCN framework. A
parameter analysis is performed on the models used at Level 1 and Level 2 and the
best results are reported. The results obtained from validation measures discussed
in section 5.4.1 is shown. A comparative study of validation measures on the
proposed GCN and the other baseline methods being discussed in section 5.4.2, is
shown. Also, we analyse the energy consumption during the benchmark verses
the test period for the residential homes chosen for DSM predicted using the
proposed framework.

5.5.1 Model Parameters

Assuming the DSM operations will be operated for longer hours, the overlapping
window length n = 12 hours in our experiments. Both the Level 1 and 2 of the
GCN framework is trained using Adam and AdamW [210] optimizer each with
a learning rate 0.001 and the best results are reported. The early stopping rule is
applied with threshold of 0.05, that prevents the model degradation. GCN at both
the Level 1 and 2 is trained for 100 epochs. The power consumption data for each
Hj is split into training, validation and test sets in the ratio of 80 : 10 : 10.

The model accuracy obtained with varying number of parameters are reported
in Table 5.1. The best accuracy value is obtained for a 2-layered GCN classifier
with AdamW optimizer in Level 1 and Adam optimizer in Level 2, batch size of
32 and 64 hidden units. In other cases, no specific trend of increase or decrease is
observed with the change in parameters of the model.

5.5.2 Graph structure results

The mSMAPE value obtained from the GRU-ATN of Level 1 is 20.85% and the
mMAE value is 0.01. The minimum value of SMAPE obtained is 0.79% and the
MAE for the same residential home is 0.007. In Fig. 5.3, we show the predicted ver-
sus the actual results for a subsequence obtained from the building with minimum
SMAPE and MAE value.

We show a graph structure for a residential home with minimum SMAPE and
MAE value in Fig. 5.4 (a). For illustrative purpose, we show some of the vertices of
the graph structure and the edges they are connected to, based on the threshold 6.
Each subsequence of H; is marked by its timestamp t. Considering subsequence
#49 shown in Fig. 5.4, for which 6 = 0.0104, we find that #49 is connected by an
edge to #29,#30, #31,#34,#38, which shows that the respective subsequences are
more important for predicting #49 as compared to the others. On the other hand,
for prediction of subsequence number #50 the subsequences #30, #31, #32, #35, #39
are more important. We show the patterns of respective subsequences which are
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Figure 5.3: Predicted versus the actual results of a subsequence for the residential
home that shows lowest SMAPE and MAE value in case of the proposed method.
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Figure 5.4: (a) A graph structure obtained from the proposed framework for the
residential home with lowest SMAPE and MAE value. The undirected edges show
attention coefficient values (b) the subsequence patterns of the respective vertices
of the graph shown.

connected to subsequence #49, in Fig. 5.4 (b). It is observed that subsequences
#29,#30,#31, #34, #38, are similar patterns because of the overlapping nature. In
contrast, we show the pattern of subsequence #33 and #38, both of which also fol-
low the same pattern but is still not connected to #49 because of the lower attention

coefficient. This shows the significance of the attention coefficient obtained from
the GRU-ATN.
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5.5. RESULTS AND ANALYSIS

Table 5.2: Comparative study of the proposed framework in terms of accuracy and
Fl1-score. The best values obtained are highlighted in bold.

Method Metrics
Accuracy |Fl-score

Shapelet 0.53 0.53
SAX-VSM 0.5 0.66
PCA 0.51 0.44
1-KNN 0.5 0.56
CNN 0.56 0.53
LSTM 0.57 0.54
WDG 0.68 0.8
GAN 0.75 0.27
GCN_ablation| 0.62 0.61
GCN 0.77 0.74

5.5.3 Comparative study

In Table 5.2, we show the accuracy and Fl-score obtained from the respective
models. The performance of the proposed GCN is highlighted in bold. The
comparative study is done at following different aspects:

1. Comparison with baseline methods: In Table 5.2, we report the accuracy
and the Fl-scores of the proposed GCN framework and the other baseline
models. It is observed that the GCN shows an improvement in accuracy
of upto 27% and improvement in Fl-score of upto 24% as compared to—
Shapelet, SAX-VSM, PCA, 1-KNN, CNN and LSTM methods.

2. Comparison with other DSM based models: In Table 5.2, we report the
accuracy and the Fl-scores of the proposed GCN framework and the other
DSM based models— WDG and GAN. An improvement of 9% in accuracy
score is observed in case of GCN as compared to WDG. Although the F1-
score is best in case of WDG method, the WSRT gives the P-value of 0.002,
thus rejecting the Hy hypothesis, which proves that the performance of the
proposed GCN is significantly different than the others.

The accuracy in case of proposed GCN is 2% better than that of GAN model,
but, there is a significant improvement in F1-score.

3. Comparison with a GCN model without attention (GCN_ablation): To study
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Figure 5.5: The power consumed by the residential homes predicted using the
proposed GCN framework, during the test period- Jul” 2010 to Nov’2010 over that
of the benchmark period- Jul” 2009 to Nov’2009.

the importance of attention coefficients at Level 1 of the proposed GCN
framework, we apply a GRU-ATN without the attention layer on it. With
no attention coefficients provided, we create a complete graph for each resi-
dential home and train it on the GCN classifier and report the results. This
model is referred as GCN_ablation given in Table 5.2.

A significant improvement in accuracy and Fl-score in the proposed GCN
framework over that of GCN_ablation prove the effectiveness of attention
used, as given in Table 5.2.

5.5.4 Energy consumption during benchmark vs test period

We illustrate the amount of power consumed during the test period- Jul” 2010 to
Nov’2010 over that of the benchmark period- Jul”2009 to Nov'2009 by the residen-
tial homes, in Fig. 5.5.

An overall decrease in Pejgnge by 10%,2.2%,4.4%,2.1% and 1.9% is observed
during Jul, Aug, Sep and Oct and Nov of the test period as compared to that of the
benchmark period, respectively. In order to show the impact of DSM operation
on the residential grid, we compute the load factor of the predicted residential set
suitable for the DSM operation. The daywise load factor of a residential home is
the ratio of average demand of the day to that of maximum demand during the
day. The higher value of load factor signify that the maximum demand during
the day is low and the consumer has a consistent electricity consumption whereas
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Figure 5.6: Load factor of the predicted set of residential homes for DSM operation
during the benchmark and the test period. The x-axis denote the residential house
number (House number) while the y-axis denote the load factor.

the low value of load factor imply that the maximum demand is high during the
day. The Fig. 5.6 shows the load factor for some of the residential homes predicted
as suitable for DSM. The mean load factor observed in the boxplot during the
test period is greater than that of the benchmark period, which imply that the
predicted residential homes maintain a consistent electricity consumption.

5.6 Conclusions

In this chapter, we propose a Graph Convolutional Network based (GCN) frame-
work that classify the TS samples based on their regularity. An automatic weighted
undirected graph structure is formed for each TS sample using an attention
based encoder-decoder model. The graph structure can store the subsequent
co-occurring pattern based information of a TS sample. The vertices of the graph
is formed from the unique overlapping subsequences of the historic TS and edges
are based on the attention values. The model is evaluated on a labeled residen-
tial grid dataset each with half hourly power consumption values over an year.
A comparative analysis with some of the baseline classifiers as well as the exist-
ing DSM models, show improvement in accuracy results in case of the proposed
framework. The results show a decrease in the overall load consumption when
the predicted residential homes from the proposed GCN framework are actually
chosen for demand side management operations.
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Conclusions and Future Scope of Research

Time series analysis (TSA) is a century old research field that interpret information
from the historic data points accumulated over time. Time series modeling and
interpretation of patterns started with the development of statistical tools like-
the autoregressive models, named AR [21]. Since then, several statistical tools
are developed for TSA. However, scalability of the statistical tools to handle large
complex data is limited. To capture the nonlinear relationship from historic data
and to achieve higher accuracy results, development of ML techniques in paral-
lel to the statistical tools are observed in literature. The key advantages of ML
techniques are 1. automatic feature extraction from historic TS 2. ability to handle
large volumes of data across TS domains. Some of the recent ML techniques for TS
modeling and information interpretation include the deep neural networks and
the sequential models.

Amongst the several TSA problems studied in literature since last century,
analysis of co-occurring patterns is rather less explored. In this thesis, we aim to
answer the following research questions,

1. obtain the frequently occurring longest temporal patterns from the TS dataset.
2. extract the atypical patterns from TS dataset

3. identify the co-occurring patterns at multiple time granularity

4. identify the regular TS samples

. In order to address the research questions, it is important to obtain a TS repre-
sentation suitable for multiple TSA. In conventional symbolic aggregate approx-
imation (SAX) based TS representation, the subsequences are represented using
the mean values. As a result, the SAX techniques are not adequate to capture
enough information about the underlying patterns or pattern shift. Several vari-
ations of SAX are proposed by adding other handcrafted features alongwith the
mean [111, 204, 121], that overcome the limitations of SAX. But adding too many
feature values for each of the overlapping subsequences, can cause redundancy

128




with increased time complexity. Particularly for the problems of analysing the
co-occurring patterns, it is challenging to have a TS representation that preserve
the temporal and the structural similarity between the subsequences.

In this scope of research, we exploit graph structures to represent TS dataset so
that the temporal and structural similarity based information is well preserved.

The first contributory work of this thesis propose a framework that facilitate
pattern mining, atypical pattern discovery from the TS dataset, by using a graph
based TS representation. This chapter addresses 1. how to represent the TS dataset
so that the pattern information is retained 2. how to identify the frequently oc-
curring longest temporal patterns and the atypical patterns. A weighted directed
graph that uses the graph properties like vertex degree, Eigen vector centrality is
used to represent the TS dataset. The directed minimum length paths are extracted
from a single source in graph structure for subsequent path based clustering to
successfully extract the frequently occurring longest temporal patterns. The path
discovery help to find the different temporal patterns that exist in the TS dataset.
The possible variants of the proposed graph structure are considered and the best
graph structure is determined based on statistical test. The graph component
score is used to obtain the temporal dependent rare events in the TS dataset. The
component score for each of the graph component determine what ratio of edges
is present in the desired graph component out of the total number of edges in the
graph. A threshold value is applied on the graph component scores, to obtain the
atypical patterns. It is observed that the discovered atypical patterns are rare in
the TS dataset.

The proposed framework is experimented on multiple TS dataset. The cluster
quality and the statistical tests show that the predicted labels using proposed
method, are more similar to the target labels as compared to existing clustering
graph based approaches. In case of the electricity consumption datasets— London
and Ausgrid, the proposed method uncovers the frequently occurring longest
electricity usage patterns in the dataset. Knowing such patterns can help the
utility providers to build policies to mitigate sudden rise/fall in demand. On the
contrary, the identified atypical patterns of electricity usage in the datasets are
indicative of possibly faulty meter or devices. The discovery of temporal patterns
from the clusters in case of Stock market data show group of companies that
have similar closing price during a certain range of date. This information can
be used to design recommender systems that can predict when to buy or sell the
stocks. The atypical pattern discovery in case of Stock market data can be used
as a precursor identification that is, a previous alert of atypical pattern in the near
future. The temporal pattern discovery in case of Web traffic dataset will help to
assign resources to the web pages, based on their frequency of occurrence. The
atypical pattern results in Web traffic dataset, show peak values, which means,
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designing a recommender system can help to know how to assign the resources in
case of sudden peak.

Therefore, the proposed framework help to uncover useful information about
the temporal patterns, with assumptions that TS dataset demonstrate more than
one unique subsequence pattern. In case there exists only one unique pattern
in the entire TS dataset, the proposed method identifies a single cluster. On the
contrary, if all symbols in TS dataset are unique, the proposed method finds each
TS sample as a singleton cluster. However both the scenarios are rarely observed
in real life TS datasets and hence such trivial cases of clustering can be ignored.

The dense coherent substructures found in the graph imply similar co-occurring
subsequences of the underlying TS dataset. With this hypothesis, the second con-
tributory work of the thesis proposes a quasi-clique clustering approach of TS
subsequences on a weighted directed graph. While the unique symbols encode
the structural patterns of the TS dataset, the edge represent the similarity between
the patterns. The problem of finding all maximal quasi clique structure from a
weighted directed graph is a computationally hard problem and therefore a greedy
bottom-up approach is proposed such that every cluster forms a maximal quasi-
clique. The chapter addresses how to identify the subsequently occurring patterns
and the atypical patterns. To overcome the limitations of the SAX distance mea-
sure, a modified SAX distance is used for edge weight computation. An extensive
analysis on multiple TS dataset is shown. Higher cluster quality measures in case
of proposed method signify that the cluster samples are more tightly located as
compared to other state-of-the-art graph clustering techniques. The chapter pro-
poses a method to determine the regularity of TS samples using change in cluster
labels. The cluster representative patterns reveal the peak and the fall occurrences
during the different time of the day in case of load consumption dataset.

The proposed work can help the utility providers in balancing the demand
with the supply under generation uncertainty caused due to renewable energy
integration in the grid. The stable buildings identified based on regularity measure,
are likely to participate in DR programs through long term contractual agreement.
Introducing promotional offers to the stable consumer set who can convince their
neighbors towards energy management will further help in load reduction. A
case study on CER-IRISH smart grids and buildings dataset confirm a reduction
in overall load consumption as a result when the buildings are chosen for DSM
operation. The choice of a threshold value on entropy measure is subjective and
can be automated. The atypical patterns are extracted by examining the frequency
of occurrence of the symbols and the degree of the graph vertices. The discovery
of atypical patterns in case of the London and Ausgrid datasets reveal that some of
the buildings in case of the London and Ausgrid dataset show unusual behavioral
pattern. The statistical test reveal that frequency of occurrences of the atypical
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patterns is different from the frequency of occurrence of any randomly chosen
normal pattern.

The third chapter of this thesis addresses how to identify the subsequently
co-occurring patterns at the different time granularity. Mining the subsequently
co-occurring patterns at multiple time granularity can help to obtain the patterns
that are common across the different time granularity and the unique co-occurring
patterns observed at different time granularity. Assuming each TS sample to be
located at a designated place which has similar weather conditions, the TS sam-
ples are divided into seasons. Multiple graph networks is obtained from each
season and a consensus network is formed. Advantage of forming multiple graph
is that the cluster labels obtained from each graph structure help to compute the
regularity of TS samples at each time granularity and the consensus graph help
to obtain regularity based on yearly analysis. Unlike the handcrafted feature set
as used in the previous chapters, this chapter shows an automated feature ex-
traction approach from TS subsequences. The proposed method uses an LSTM
autoencoder based model. The SAX is applied on the features that form multiple
graph structure. The weakly connected component considered for quasi-clique
discovery can cause loss of important patterns. Therefore with an improvement to
strongly connected components of the weighted directed graph, a greedy quasi-
clique clustering technique is shown on each graph structure, that represent dense
coherent substructures at each time granularity. In the experimental study, the sta-
tistical test show that the cluster samples in case of the proposed method are closer
as compared to the other state-of-the-art graph clustering techniques. The statis-
tical test also confirm that the cluster quality results obtained from the previous
chapters’ clustering on graph structure is different from this proposed method.

The cluster representative profiles are extracted for each TS dataset, which show
that the load profiles will not necessarily differ during each season. Therefore the
rise/fall in patterns for the clusters of different seasons can be similar too. The
similar and dissimilar co-occurring patterns are extracted at each time granularity
from the smart grid and building datasets. The similar patterns will further help to
identify the appliances of a building that are used subsequently, or the appliances
that are dependent. The dissimilar patterns give the idea of change in appliance
consumption during the different time granularities or identifying a newer pattern
observed, which can be the cause of faulty occurrence. The experimental study
also discover which of the appliances are stable on daily, seasonal and yearly
basis in case of a seven storeyed office building. The predicted appliance set can
be chosen for DSM operation. Therefore the study can successfully obtain the
clusters provided that the quasi-clique structures are discovered from the multiple
weighted directed graph structures. In case if all the TS load profiles show periodic
patterns, then the proposed method places each vertex to a single cluster. But this
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scenario is rarely observed in case of electricity consumption dataset.

Classifying the TS samples based on their consistency in TS patterns help to
automatically identify the TS samples that show a regularity in the patterns. An
application where this automation is required is the smart grids and buildings.
An automated system that can identify the consumers with regular consumption
behavior will help the utilities in choosing the appropriate consumers for DSM
operations. In this regard, the fourth contributory work of this thesis propose a
TS classification framework using the Graph convolutional networks. Consider-
ing that the non-overlapping subsequences can cause pattern loss, in this work
overlapping subsequences are obtained, with a predefined degree of overlap. The
proposed method automatically obtain a directed unweighted graph structure
from each TS sample using a state-of-the-art encoder-decoder model. The graph
edges are formed based on the attention values generated from state-of-the-art
encoder-decoder model. A threshold value is assumed on the attention values,
for the edge connectivity. While the vertices represent unique patterns from the
overlapping set of subsequences, edges denote the importance of previous pat-
terns when predicting the future and, the edge weights denote similarity between
the patterns. The buildings from CER-IRISH dataset, that have a regular con-
sumption behavior, is identified. The identified set show a significant decrease in
load consumption when chosen for DSM operations. A comparative analysis on
accuracy and Fl-score with the other traditional and state-of-the-art classification
models show better results in case of the proposed framework. In case if most of
the TS samples have similar patterns, that will result to similar graph structure
formation, causing redundant information in training data.

There is a scope of automating the proposed work in terms of the following
parameters: 1. the subsequence length, path discovery length can be automated.
2. the threshold assumption applied for atypical pattern extraction from the TS
datasets 3. the threshold assumption for the identification of regular TS samples
4. automating the edge formation technique in case of graph learning rather than
using the attention values. The additional features of the subsequences, for exam-
ple, capturing the peak value in a subsequence will reveal additional insights. In
regard to atypical pattern analysis, many other graph based measures can be used
namely the Eigen vector centrality that consider the importance of a node with
respect to its neighbors. Identifying the differences in anomaly when using the
graph components verses the Eigen vector centrality will help further in mining.
In case of classification of TS datasets, reducing the number of graph structure
formed based on a similarity rule between the TS samples can effectively reduce
the space complexity.

The future research directions in general, are listed below. 1. the proposed
graph theoretical and ML techniques can be improved by creating dynamic graphs
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that can identify the changing patterns or the patterns that do not change. 2. what
are the results obtained using other path discovery algorithms in case of weighted
and unweighted graph and what are the differences in the clustering results.
3. how to ensure the discovery of subsequently co-occurring patterns in case of
streaming TS sample or the TS dataset with streaming samples? 4. how to create
a framework that can obtain the important events in TS dataset in addition to the
atypical patterns. The definition of important events can be TS domain specific.
For example, an exceptionally high internet usage during each day. 5. how to
identify the patterns that cause irregularity in TS samples ? 6. how to represent the
multivariate TS dataset using a graph structure. 7. how to measure the regularity
in case of multivariate TS dataset ? 8. what are the different TS domain where the
proposed graph structure and the measure of regularity is of importance.
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