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Abstract---Time series data is a common sort of data that can be
found in a variety of fields. Clustering time series data has a wide
range of uses and has drawn scholars from several fields. A unique
approach for shape-based time series clustering is proposed in this
research. Using the complex network principle, it may reduce the bulk
of data, enhance efficiency, and not reduce the effects. To begin, a
one-nearest neighbour network is constructed using time series items
that are comparable. The similarity is measured in this step using the
triangle distance. Each node in the neighbour network represents a
single time series object, whereas each connection indicates a
neighbour relationship between nodes. Second, high-degree nodes are
selected and used to cluster. Dynamic time warping distance function
and hierarchical clustering algorithm are used in the clustering
process. Finally, several studies are carried out using both synthetic
and actual data. The findings demonstrate that the suggested
approach is both efficient and effective.
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Introduction

There was a rapid increase of IT in the digital world, as well as a massive amount
of data collected from a variety of sources. The more difficult task for the business
expert is to convert massive amounts of structured data into technical knowledge.
Knowledge Discovery in Databases is used to complete this task (KDD). The
Process model includes data mining[1]. Big data refers to the use of data analysis
techniques to discover previously unknown, relevant patterns and correlations in
large data collections. Grouping is one of the massive data mining operations. [2].
The act of collecting a number of observations in order to make the sustainability
descriptions within that group much more comparable, as well as the data sets of
other groups, is the study of clusters. Because groups are unknown, an
unchecked strategy is used to cluster. The goal of grouping in a data collection [3]
is to locate thick and vacant sections. Clusters are used in a variety of
applications, including system modelling, model analysis, machine intelligence,
image classification, image recognition, genomics, data recovery, and data
discovery. As a result, it is a prominent topic of research in a variety of fields.
Hierarchical techniques, partial approaches, cluster analysis techniques, location
is strategic techniques, and modelling classification algorithms are all examples of
data clustering. [5].

Hierarchical breakdown

The hierarchical breakdown of datasets is generated using the hierarchy
technique. They could be going downhill or uphill. When each data item for one
data set is placed in a specific unit, traditional top-down algorithms are split
down into smaller groupings. A separate clustering is created between each data
collection. Procedures that start from the bottom up begin. Once all groups have
become one, it combines close data points consecutively.

Population methods

The population is divided into the number of nodes, as it was previously. They try
to identify 'k' groups from a collection of 'N' datasets to meet the minimum
requirements: each database should represent a group, and each person should
have at least one.

Model-Based Clustering Methods

In tough clustering approaches, every item of data could belong to only one group.
Approaches to design believe that a model is the best appropriate for each group,
as well as that knowledge is better suited to a theory. They could be hierarchical
or partial, depending on the design. With hybrid methodologies, a number of real
performance predictions have grown more prevalent in recent years[l]. The
euclidean distance measure has traditionally been utilized in research for various
clustering algorithms. The efficiency of methods was investigated in this study
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employing other significant measuring approaches, such as City Block and
Chebyshev. In this paper, a clustering strategy based on K-means ++ and PSO
algorithms (K++ PSO) is proposed for multiple measurement clustering. On four
benchmark issues, such as the evaluation of teacher assistants, the heart,
seedlings, breast cancer, and synthetic cancer, the K++ PSO approach produces
strong group results.

Review of Literature

S. Akojwar and P. Kshirsagar. (2016)[24]PSO and Tabu searching K-Harmonic
Data Optimization Algorithms were developed. For quantitative Principle
Component Analysis (PCA), hybrid K-means grouping and Particle Swarm
Optimization (PSO) techniques were presented (PCA-KPSO). PSO's global search
functions and the fast K-mean technique completion are included in the
model[4][8][12].

P. Kshirsagar and S. Akojwar, (2016)[32]K-Harmonic Means, Particle Swarm
Optimization, and a GA-compatible numerical approach were developed. The
hybrid solution not only helps with the global optimal problem, but it also helps
with the slow performance constraint. [5] Chuang et al. (2012) Particle Swarm
Optimization for Gaussian Chaotic Clusters has been suggested for improvement..
PravinKshirsagar et.al[4|To create a hybrid artificially intelligent application with
optimizations to classify and forecast a diversified dataset with high accuracy, as
well as to use numerous approaches for analysis and regression of benchmark
functions, which have proven to be useful in all emerging areas. The methods
used in numerous studies in computer security machine learning technology were
effective in achieving more accurate conclusions using various quality factors.

Gavrilovet. al. (2005) The two time series being compared are usually taken at the
same interval, although their lengths may or may not be identical. Raw data can
be directly used by clustering algorithms. Prior to clustering, however, the time
series data are usually preprocessed. Principle component analysis piecewise
aggregate approximation, discrete Fourier transformation discrete wavelet
transformation (sudhirakojwar et.al. 2014) The modified data are then fed into a
clustering algorithm as inputs. Typically, raw data transformation can enhance
efficiency by reducing data dimensions or improving clustering effects by
smoothing the trend and emphasizing the characteristic traits. The function that
measures the similarity between the data being compared is an important part of
clustering. Many different measures have been used in the practice and research
of clustering time series, including Euclidean distance, Pearson's correlation
coefficient, short time series distance, dynamic time warping probability-based
distance, KL distance, The two time series being compared are usually taken at
the same interval, although their lengths may or may not be identical.

Time Series Clustering

Clustering is a form of unsupervised learning problem in which the goal is to
detect similarities between distinct data points and group them together in such a
way that data points in the same cluster are more similar to each other than data
points in other clusters[4][8]. It's one of the most important aspects of exploratory
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data mining, and it's employed in a variety of domains like bioinformatics, pattern
recognition, image analysis, and machine learning, among others.Because each
data point is an ordered sequence, clustering various time series into similar
groups is a difficult process. Flattening time series into a table with a column for
each time index (or aggregate of the series) and applying standard clustering
algorithms like k-means is the most popular technique to time series clustering.
(K-means clustering is a typical clustering approach that divides samples into k
groups and minimizes the sum-of-squares in each cluster.). Frequency
classification isa technique of grouping, and grouping is dependent on the type or
objective of both the dataset and the proposed technique's decision, as well as the
nature of the dataset. Whether the data are discerning or re-valuation, chosen,
regular or non-uniform, simple or multimodal, but whether the historical data
appear to be of similar or uniform duration, distinction may be formed in terms of
logistic regression information. Data acquired from the sample should be changed
to uniform data instead of using universal clustered techniques. This can be done
using a wide range of alternatives. [10]. To compile different types of data from
regression analysis, different methodologies were created. When their differences
are considered, it is clear that they are all attempting to change current cluster
methods in order to process current data sets or convert records to static data in
order to make straighter use of current methods for clustered data format [34].
Actual data for the time are frequently utilized straight in the first methodology,
thus the original data method, and a crucial alteration is the replacement of a
distance metric for data structure with a data set measurement that is adequate
[35]. To obtain selected features or modelling parameters, the last technique first
translates raw data for the period into a lower-dimensional column or into
particular design variables, and then employs a conventional clustering
technique, nicknamed the features and prototype technique [10]. Figure 1 depicts
the three techniques: raw, functionality, and design. It's worth noting that a
moving splinter group of the prediction model learned the framework and also
employed input variables for grouping [36] without requiring any other
schedulingtechnique.
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Figure 1. Clustering methods of 3 series: (i) raw-data-based, (ii) feature-based,
(iii) model-based.

Distance Measures

An precise calculation in a time series cluster is debatable. When comparing the
above methods as a means of determining similarity/differences, it becomes clear
that dynamic programming (DP), despite its high cost of implementation, is by far
the most reliable and timely strategy. Despite the fact that some constraints are
frequently used to reduce waste for these proximity and cosine similarity, careful
variable adjustment is required to be efficient and robust[20][24]. As a result, the
application of these metrics should distinguish between power and agility.
Another consideration is the extent to which distance measuring is effective in
large time series analysis sets -. The majority of the studies examined are based
on very small quantities of data [21], hence this topic is not from academia. The
backdrop subtraction study investigates a number of issues relating to distance
measurement. A key challenge is the inaccuracy of the distance measure when
solely using the display technique[8] [12]. Several common strategies for time
series research, for example, are based on wavelength, and it is feasible to specify
similarities between episodes and build actual worth contrasts to use in clusters
utilizing a different environment. Feature extraction and DTW[22] are the most
widely used methods for establishing trust in time series clusters. According to
research, the distances to Euclid are quite large. aggressive in the multiclass
classification; nevertheless, the ability of DTW is not to be reduced in similarity
measures. Using similarity metrics, clustering is used to measure the similarity or
disagreement between any pair of items[23]. Background subtraction between
data and centroids can be used to quantify range. The following are the primary
characteristics of extracted features. d(a, b) O for all a and b d(a, b) = 0 only if a
and b are equal d(a, b) = d(y, x) for every a and b d(a, c) d(a, b) + d( b, c) for every
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a, b, and c d(a, b) + d( b, c) for every a, b, and c. On the basis of numerous feature
vectors such as Euclidean, City Block, and Chebyshev[26], the productivity of K-
means + + hybrid employing PSO clustering approaches was investigated in this
work([28][32][36].

Euclidean Distance

It is usually used to clusters apps using this distance measure. The L2 or
Pythagoras measure is sometimes termed. The following rate is calculated:

d(a, ) = lla=cll = /XL, (@i = ¢)? (1)
City Block Distance

It's also referred to as L1 or Distance measure. The length of the city block from
strong functionality a and centre c

d(a,0) = XiLsla; — (2)

Chebyshev

The radius from Chebyshev is sometimes called the greatest range number. It is a
specified measure in a subspace where the distance between any two equals the
largest difference here between measurements of each component.

d(ai, a]) = maX|(aik - ajk)| (3)

Euclidean

Distance measure

\

Level Objective Shape
1. Design dependent

1. Dimension of shape 1. Resemblance in time

2 Extent of structure 7 Resemblance of form 2. Comparison dependent

3 Resemblance of 3. Attribute dependent

transform 4 Modeling dependent

Figure 2. Distance measure approaches

Methodology
k-means clustering algorithm

The K-means method appears to be a non-hierarchical method for sorting items
into clusters. The k-means method's basic premise is to calculate the size of
groupings to be formed as quickly as possible [25]. In an initialization phase, an I
J(i=1,...,v;j=1,...,u) is recognised, where v is the number of nodes to accomplish
and u is the collection of attributes. In the application of information (t = 1,..., k;
j= 1,..., u), the Centre of each clustered kj is chosen at random. Then, using the
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centroid of each cluster, we measure the mobility of each piece of data. Calling ik
calculates the distance between data-i and Centre k.

Sort the data into the appropriate clusters. A Centre value can be generated by
utilizing Equations 4 to get the minimal value from data that constitute a
clustered component.

n=Number of Cluster K c kj=( (i=1)naij )/n (4)

n=Number of Cluster K Member

The k-means approach is used to describe cluster phases.

1. Assume that the data matrix A = an ij measures v for u, with i=1, 2... v and j=1,
2,..., m.

2. Compute the components (k), and set the Centre value at random.

3. Equation 1 can be used to calculate the distance between the information and
the centroid.

4. Sort the data into the minority and majority clusters using Equation 2.

5. Calculate the new Centre using Equation 4.

6. Repeat steps 3-5 until all data has been transferred to a new group.

Total Number of cluster

K

[+
- $ Yes
Centroid of Custer

Mo object
Move

group?

Y

Particles from distance to
central

v

Find out Minimal

distance clustering

Figure 3. Flowchart of k-means clustering algorithm

Hybrid Algorithm

Hybrid algorithms incorporate even more constructivist approaches. Hybrid
approaches are currently popular because they can handle a wide range of
practical applications with varying levels of expense and risk. They use algorithms
with different properties. The hierarchical clustering algorithms K-Means++ and
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Support Vector Machine Algorithms (K++ PSO) were used throughout this
investigation. The euclidean distance is the most common metric used in
clustered approaches. We have, however, used alternate euclidean distance to
examine alternative approaches, such as City Block and Chebyshev.

Result and Discussion

The suggested hybrid methodology on four reference sets consists of data from
the Intern evaluation for teachers, hypothyroidism, seedlings, and breast cancer
datasets, as well as clustering approaches. The data collection consists of 150
objects divided into three types of groups, each having four characteristics. Three
typical seasons of academic performance evaluations and two consecutive
semesters with 150 teaching staff are included in the figures. To create ordinary
moments, the values were divided into three groups (low, medium, and high) of
roughly equal size. In the endocrine data, there are 214 incidences. A T3-resin
reception test, complete thyroid hormone replacement serum, total serum
triodothyronine, baseline TSH, and picture intensity TSH-value change from the
baseline level following 216 mg of testosterone are administered are all included
in each case. Each specimen must be classified into one of three categories:
Ordinary (151 occurrences), hyperactive (34 occurrences) are the two classes
(3linstances). There are 211 designs of three different types of wheat in the seed
collection: Kame, Rose, and Canada. The area, circumference, compaction, and
kernel lengths, as well as kernel thickness, factor of asymmetries, and kernel gap
distance, are all geometrical properties of grain kernels in every design. The
cancer data set contains 683 recordings with 9 features such as breadth, cell size
uniformity, organogenesis sameness, margin adherence, unicellular size, naked
nuclei, dull nucleosides, normal cytoplasm, and mitosis, among others. There are
two types of instances: normal and anomalous (238 records) (445 records).

Tablel
Lists specified characteristics of the data set
Data set Total No. of No. of Size of
Samples classes attributes classes
Intern assessment for teachers 300 3 5 59,50,51
Thyroid 322 3 S 15934,31
Seeds 286 3 7 80,70,70
Tumor of the breast 784 2 9 348,445
Table 2
Evaluation of the objective function score of the 7 clustering methods in the set of
data
Distance K-means K++ PSO K_PSO K++ PSO
Euclidean 1603.563 1605.563 1605.122 1599.193 1594.049
City block 2466.833 2766.627 2678.158 2309.712 2284.583
Chebyshev 1354.935 1330.370 1248.709 1206.684 1201.851
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Table 3
Correlation of the best fitness in hypothyroidism set of data for the various cluster
methods
Distance K-means K++ PSO K _PSO K++ PSO
Euclidean 2001.638 2001.638 2250.460 1962.504 1930.335
City block 2985.350 2985.350 3463.442 2929.858 2925.507
Chebyshev 1678.178 1678.178 1752.755 1632.318 1622.337
Table 4

Evaluation of the efficiency of the 7 techniques inside the set of data seedlings

Distance K-means K++ PSO K_PSO K++_PSO
Euclidean 324.218 310.218 348.983 320.162 310.160
City block 540.622 543.591 662.035 542.684 541.590
Chebyshev 251.506 251.502 296.536 248.017 246.988

Table 5

Evaluation of the efficiency of the 7 techniques inside thebreast cancer data set

Distance K-means K++ PSO K _PSO K++ PSO
Euclidean 3088.429 3088.429 3841.142 2867.179 2866.432
City block 7126.376 7126.376 7843.117 6612.535 6354.469
Chebyshev 1833.128 1833.128 2079.060 1786.596 1780.629

The programmes with the best results are as follows: The particle frequency (p) is
equal to ten. The emotional (c2) and cerebral (cl) components are both 2.0. The
momentum has a weight of 0.91 to 1.41. « ALS decreases linearly from 0.91 to
0.41 during the search procedure. The dawn is calculated using the preceding Eq.

I max =_max-( max- min)/I max (5)

Where _max and _min are the starting and end values of the weighted
coefficients, respectively; _max= 0.91 and _min= 0.41; Imax appears to be the
highest current iteration; Imax appears to be the present current iteration. The
maximum number of iterations is 100. For each approach, the trials are
conducted in ten different runs. In iteration, the error is 0.00001. (p) The goal of
this study is to see how different distance measures are used by data collectors to
affect hybrid algorithms. Every strategy is evaluated over the course of 100
rounds and ten separate trials. In this study, basis functions are used to assess
the success of clustering clustered dataclusters.

Conclusion

The K-means algorithms are easily restricted to a local optima and are vulnerable
to starting values and injuries. The findings of K-means++ are superior to those of
other approaches. PSO is a population of probabilistic supervised classifiers. This
hybrid technique improves the efficiency of grouping. The distance measure is
frequently employed in clustering algorithms. In this thesis, K++ PSO is built
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using a variety of distance measures, including City Block and Chebyshev. The
best fitness is used to evaluate the comparability of individual approaches. The
suggested technique is compared to four established scheduling son techniques,
including teacher assistant evaluation, hypothyroidism, seedlings, and breast
tumors through the application of various distance measures in a fictitious
dataset. Experiments have shown that the K++ PSO method's genetic algorithm is
superior than the other techniques K-means, K-means++, PSO, K-PSO, and K-
med PSO. In comparison to other feature vectors, the proposed approach
produces outstanding results for the Chebyshev length.
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