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ARTICLE INFO ABSTRACT

Article history: This research seeks to develop an improved automatic genetic clustering technique to
Received 9 January 2025 support the negotiation of heterogeneous and multi-attribute cloud services. It is
Received in revised form 14 February 2025 known that heterogeneous cloud services involve cloud service providers offering
Accepted 4 April 2025 varying sizes and costs for cloud service virtual machines, processors and storage.
Available online 30 April 2025 Existing automatic clustering techniques, such as the Automatic Genetic Clustering
Algorithm for Unknown Number of Clusters (GCUK) algorithm, can provide the solution
for heterogeneous cloud services negotiation, but they can also result in sub-optimal
clusters, overlapping and partial solutions, local optima trapping and sub-optimal
chromosome size. The automatic clustering technique employs the modified GCUK
algorithm to address this issue. It was intended to solve GCUK constraints, local optima,
imperfect clustering and suboptimal chromosomal size, as well as to support different

Keywords: cloud services. The findings indicate that the improved GCUK algorithm can provide
Genetic algorithm; clustering; cluster optimal clustering solutions and avoid local optima, achieve optimal accuracy and
analysis; optimization; cloud service resilience and obtain dynamic and optimal chromosomal sizes at runtime.

1. Introduction

One of the main goals of data clustering is to divide a set of data into groups (clusters) based on
their natural similarities. A cluster is a group of objects that are "homogeneous" among themselves
but "heterogeneous" concerning objects in other clusters [5]. Clustering is a great way to work with
large amounts of data and look for patterns in the data set. Clustering tries to make sure that the
data within a cluster are the most alike and that the data from different clusters are the least alike
[11]. The scientific community agrees that K-means is the most popular clustering algorithm. This is
because its results are easy to understand and there are different ways to use it [4].

Clustering is a type of unsupervised learning, in which the learning algorithm is not given any
labels and is left to find patterns on its own in the data it is given. It is important for unlabelled data
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where there is no target variable to predict. Even though there are many classical clustering
algorithms, most of them have major flaws, such as being sensitive to initial cluster centres, which
makes it easy for them to get stuck in local optimum solutions. The other big problem with data
clustering algorithms is that they can't be made to work the same way for everyone. On the other
hand, clustering can be thought of as an optimization, which is an NP-hard optimization that is hard
to solve [5].

In clustering algorithms that are currently used, the number of clusters must be given ahead of
time. And, for a given number of clusters K, K has a big effect on how clustering works. There is no
one good way to figure out what the value of cluster number K is [19]. Most well-known clustering
methods based on distance measures, distance metrics and similarity functions have the problem of
getting stuck in local optima and their performance strongly depends on the initial values of the
cluster centres [9].

In this research paper, the clustering techniques were investigated to solve the heterogeneous
cloud service negotiation optimization problem [14-16]. These works revealed that some of the
double auction frameworks and mechanisms utilized the Continuous Double Auction (CDA) to
negotiate one or two cloud service attributes and showed high execution time. Some mechanisms
were reported to have a long execution time due to the utilization of certain algorithms.

Going back to basics, the Automatic Genetic Clustering Algorithm for unknown number of clusters
algorithm (CGUK) was investigated [7]. The GCUK has been tested with a complete evaluation using
synthetic and real data sets as well as the application field [12]. The GCUK is simple in using the
standard GA operators such as population initialization, fixed chromosome size encoding, crossover
and mutation. Hence it was selected for clustering [10].

The further study identified that the GCUK produced overlapping and partial clustering solutions
on heterogeneous cloud service datasets from the preliminary experiments. Some of the GCUK
chromosomes have sub-optimal clusters where the solutions are trapped in local optima [10]. The
GCUK has been referred to by many new algorithms [6,8,13,17,18,20]. Enhancing the GCUK to
address the limitations of cloud service negotiation is important research. Therefore, this paper aims
to design an enhanced GCUK algorithm and validate the performance of the proposed algorithm.

2. Methodology

To design and propose the improved GCUK algorithm, this study technique proposed five tasks.
Figure 1 depicts the depicted activities. The specified five activities are literature review (investigation
of GCUK), cloud service marketplace investigation, data formulation, automatic clustering algorithm
development and validation.
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Fig. 1. The research activities
The GCUK algorithm is enhanced in the population initialization and genetic operations stages.

The proposed enhanced GCUK algorithm is shown in the flowchart in Figure 2. The pseudocodes of
the original GCUK algorithm and the proposed enhanced GCUK algorithm are compared in Figure 3.
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Fig. 2. Flowchart of the enhanced GCUK algorithm

It was argued that the random selection and the random number of genes in a starting population
can result in less beneficial genes and chromosomes. Therefore, it was required to implement the
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modifications depicted in Figure 3 (right). Enhanced Population initialization, the first enhancement,
tries to address the issue where not all services were clustered by GCUK (partial clustering). To ensure
all services are clustered, a bigger chromosomal size is necessary. To expand the size of the
chromosome, it is advised to multiply the present population size by the Rand value. Eq. (1) is the
new size of the chromosomes,

Chromosome size = Population size x Rand (1)
/*Enhanced Population initialization /*Population initialization
* / */
Initialize population size Initialize population size
(PopulationSize) (PopulationSize)
Initialize Rand variable Initialize chromosome size =
PopulationSize

Initialize chromosome size =
PopulationSize x Rand

Initialize minimum and maximum K Initialize minimum and maximum
values K values
/*Main initialization loop */ /*Main initialization loop
*/
repeat
repeat

Initialize chromosome with random
services no. Initialize chromosome with

random service no.
If service already in chromosome

until the last number of
Then choose another service Population

until the last number of Population

/*End of
Enhanced Population initialization */

/*Enhanced Genetic operations*/
/*End of

Fig. 3. The original GCUK (left) and enhanced GCUK (right) pseudocodes

The value of Rand can be chosen at random. Population size equals the number of services. A
further improvement to Enhanced Population initialization is a condition that determines if the
randomly picked services to be initialized into the chromosome are duplicates. Any duplicated service
will be replaced by a service that has not been selected. The second upgrade, Enhanced Genetic
operation, tries to prevent services that emerge from crossover and mutation operations from
duplicating. The suggested innovation substitutes duplicate services in the chromosome caused by
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crossover and mutation procedures automatically. These enhancements are essential for preventing
service overlap and obtaining comprehensive clustering solutions.

3. Results

3.1 GCUK Preliminary Experiment Results

The chromosomes of the initial population generated by the GCUK based on the implementation

using the heterogeneous cloud service dataset are shown in Table 1.

Table 1

The initial population created by the GCUK algorithm

Chromosome Clusters Services Fitness Chromosome Clusters Services Fitness
C1 20 34 3.03 C39 3 74 1.93
C2 17 21 3.04 C40 20 43 1.41
Cc3 4 5 28.86 C41 6 6 0.00
Ca 9 9 0.00 C42 21 37 1.55
(65) 17 44 2.11 C43 10 63 0.81
C6 13 61 1.08 C44 13 14 10.12
c7 15 58 1.35 C45 22 27 11.06
C8 17 25 6.18 C46 19 55 1.41
(6°] 20 43 1.65 ca7 18 32 2.53
C10 18 29 2.35 C48 14 55 1.09
Cl11 16 30 1.89 c49 18 37 2.20
C12 5 72 1.19 C50 11 15 2.25
C13 15 24 1.90 C51 7 67 1.04
Cl14 17 56 0.72 C52 10 11 7.05
C15 7 7 0.00 C53 14 62 1.23
Cle 5 6 8.98 C54 11 66 0.95
C17 9 67 1.03 C55 11 64 0.71
C18 8 10 4.07 C56 8 9 5.81
C19 17 45 1.11 C57 12 18 1.38
Cc20 13 22 2.30 C58 17 53 1.26
Cc21 2 75 2.80 C59 12 64 0.62
C22 13 15 6.46 C60 16 40 1.44
Cc23 18 46 2.63 C61 16 43 1.19
C24 12 60 0.91 C62 14 56 1.29
C25 4 5 5.16 Cc63 17 29 2.28
C26 7 10 1.54 ce4 17 39 1.40
Cc27 11 64 1.01 C65 17 33 1.06
C28 11 66 0.98 C66 10 63 1.30
C29 13 53 0.94 Cc67 20 41 1.46
C30 14 58 0.91 C68 10 65 1.07
C31 19 49 1.67 Cc69 12 64 1.13
C32 15 32 1.62 Cc70 20 22 7.51
C33 16 58 1.00 C71 19 31 2.42
C34 13 56 0.89 C72 12 14 9.96
C35 18 51 1.63 C73 15 49 1.41
C36 19 46 1.47 C74 20 42 1.68
C37 17 46 1.24 C75 21 29 3.61
C38 21 28 3.06 C76 5 6 8.22

Table 1 displays the initial population generated by the initialization function of the GCUK
algorithm. It indicates that the number of cloud services in column 3 is not optimal, which may result

105



Journal of Advanced Research Design
Volume 129 Issue 1 (2025) 101-111

in insufficient clustering. The actual ideal cloud service number is 76 (maximum number of services).
Figure 4 depicts a solution of a chromosome derived via GCUK clustering.

# |2 |58 |# |# |18 |# |# |76 |# |# |# |68

Fig. 4. The solution produced by the GCUK automatic
clustering on a heterogeneous cloud service dataset

Figure 4 depicts the final chromosome, which is the optimal solution with the maximum fitness
developed by the GCUK. This chromosome is comprised of four clusters and five services. The answer
is the C3 chromosome in Table 1. The chromosome has been identified as the local optimum or an
early determination that it is the best option. Unfit clusters are distributed by a service per cluster,
with one cluster including multiple services. Considering the results, the solution's number of services
indicates partial clustering. Figure 5 displays the results of ten GCUK simulations.

15t run: 132ms

3 1 1 6 7 2 7 7 6 7 1
# 5 # 7 # 8 # 5 # 3 # 8 # 0 4 3 # 1 # 9
2" run: 153ms
4 5 4 6 3 4
# 6 # 3 # 1 # 1 # 4 7 # # # # # # # # #
3 run: 142ms
3 5 4 6 6 6 6 4 3
# 7 # 9 # ) # 3 9 # 4 # 1 # 7 # 1 # ) #
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6 3 4 2 5 2 2 6 3
# 3 # 3 # 7 # 3 # 5 # 9 # 1 8 # # 3 # 8
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# 4 4 # 7 # 5 # 6 # 3 # # 4 4 # # # # #
2 7 4 7 4 2 7

Fig. 5. The solutions produced from GCUK 10 run on a heterogeneous cloud service dataset

Figure 5 demonstrates that all solutions are suboptimal and contain unsuitable clusters. In
addition, the number of clustered services was less than 76, indicating just partial clustering. The
average execution time of 10 iterations was 139.6 milliseconds. Even though it was suggested that
the GCUK was adaptable in its handling of various types of data sets, it failed to effectively cluster
the heterogeneous cloud service dataset, resulting in overlapping and incomplete solutions. In the
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meantime, the GCUK's DB Index created solutions that are caught in a local optimum. Time-wise, the
GCUK is ideal for the automatic clustering of the double auction because the time required to provide
solutions was less than one second. As a result, the GCUK algorithm for automatic clustering has been
improved and the results will be reported in the following section.

3.2 Proposed Enhanced GCUK Experiment Results

The GCUK algorithm was enhanced in the population initialization and GA genetic operations. A
GCUK function called Enhanced Population Initialization was proposed. The results of the proposed
enhancement are shown in Table 2.

Table 2
Results of the proposed enhanced population initialization (left) compared to the standard population
initialization of GCUK (right) with a 95% confidence level

Length of Enhanced population initialization Standard GCUK population initialization
chromosome Number Number Solution  Execution Number Number Solution  Execution
of of fitness time (ms) of of fitness time (ms)
clusters services clusters services
76 1 76 0 132 9 21 2.1737 153
1 76 0 110 9 30 2.1694 148
1 76 0 121 5 35 0.4914 142
1 76 0 97.6 5 5 0 109
1 76 0 107 5 7 2.3574 132
Average 1 76 0 113.52 6.6 19.6 1.43838  136.8

The increased population initialization (left) produced the greatest number of services (76
services) in the initial population, as shown in Table 2. In contrast, the conventional GCUK produced
an average of only 19 services (incomplete clustering). Due to the finite size of the chromosome, only
one cluster can be formed for enhanced population initialization. Consequently, solution fitness
cannot be determined from a single created cluster. Figure 6 depicts a solution found through
increased population initialization.

11 48 51 21 50 7 41 20 24 34 16 12 15 35
46 23 43 42 28 65 27 38 32 25 53 73 8
49 63 36 5 26 58 60 68 10 9 71 2 40
3 56 1 44 57 19 29 18 14 61 22 72 76
69 4 62 33 30 70 13 52 64 47 17 31 37
59 6 54 75 45 74 39 66 55 67
Fig. 6. The solution was obtained from the enhanced population initialization

In Figure 6, the solution comprised all cloud services (from No. 1 to 76). The length of the
chromosome is fixed according to the population size, hence there is no space to separate the
services into clusters using the '#' symbol. Figure 6 demonstrates that there is no service duplication
in the proposed solution. The second improvement was the utilization of the Rand variable.

3.2.1 Rand variable utilization results

The second enhancement of the GCUK was done by utilizing the Rand variable to extend the
chromosome size as formulated in Eq. (1). The Rand was initially tested in the range of [1,1.5], where

107



Journal of Advanced Research Design
Volume 129 Issue 1 (2025) 101-111

@

Rand = 1 is the standard GCUK chromosome size. The results of the experiments on the

heterogeneous cloud service dataset for five runs are presented in Table 3 and Table 4.

Table 3

Results of the enhanced CGUK that utilized Rand from 1 (standard GCUK chromosome

size) to 1.1 with a 95% confidence level

Rand Number of clusters Number of services Highest Fitness Execution Time (ms)
1 1 76 0 132

1 76 0 110

1 76 0 121

1 76 0 97.6

1 76 0 107
Average 1 76 0 113.52
1.025 3 76 37.7988 109

3 76 22.0855 109

3 76 12.2829 85.6

3 76 32.3518 85.5

3 76 61.5072 108
Average 3 76 33.2052 99.42
1.05 5 76 3.692 87.6

5 76 60.1388 109

5 76 5.1914 119

5 76 17.8669 109

5 76 4.3847 108
Average 5 76 18.2547 106.52
1.075 7 76 3.0665 108

6 76 35.0442 106

7 76 2.7758 109

7 76 17.3462 109

7 76 37.8604 97.6
Average 7 76 19.21862 105.92
1.1 8 76 7.609 107

8 76 2.773 97.4

7 76 3.772 87.5

8 76 3.210 85.4

8 76 4.050 108
Average 8 76 4.2828 97.06

Table 3 and Table 4 demonstrate that the clustering is comprehensive (maximum number of
cloud services). This is a result of the improved population initialization that initializes all cloud
services within the population. The enhancement's average execution time was comparable to that
of the GCUK.

Table 3 and Table 4 demonstrate that as Rand values climbed, so did the number of clusters. The
rise can be ascribed to the use of the Rand variable, which has expanded the size of chromosomes
and made room for the GCUK to form more clusters. With the increased allocation of space, more
clusters were produced. The results suggested that a higher chromosomal size led to the formation
of more clusters, which could increase monitoring and management costs. Therefore, chromosome
length must be optimized.

Table 3 and Table 4 additionally indicated that chromosomes with Rand values between 1.025
and 1.1 possess a high level of fitness. It indicates that the best Rand values are between 1.025 and
1.1. The explanation for this is that the chromosome with a Rand value of 1.025 is longer than the
typical GCUK chromosome (Rand = 1), which yielded the lowest fitness. When utilizing a Rand value
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of up to 1.1, the chromosomal length is not excessive and yet produces good fitness. Therefore, the
lower border and upper boundary of the Rand variable are set to 1.025 and 1.1, respectively.
According to the results, the best Rand value is 1.025.

Table 4
Results of the enhanced CGUK that utilized Rand from 1.2 to 1.5 with a 95% confidence
level
Rand Number of clusters Number of services Highest Fitness Execution Time (ms)
1.2 13 76 2.1437 98.4
14 76 3.5632 97.6
11 76 2.1229 120
15 76 2.4627 108
11 76 2.1796 129
Average 13 76 2.4944 110.6
1.3 16 76 2.0873 121
19 76 2.0871 96.6
20 76 2.8102 109
18 76 2.6826 118
18 76 2.7256 106
Average 18 76 2.4785 110.12
1.4 21 76 2.2280 164
25 76 2.4511 108
23 76 2.4660 119
21 76 2.3250 97.6
20 76 2.3929 118
Average 22 76 2.3726 121.32
1.5 27 76 2.7207 120
27 76 3.2546 118
27 76 3.1991 131
27 76 2.7534 109
27 76 3.3324 131
Average 27 76 3.0520 121.8

3.2.2 Enhanced genetic operations

The enhanced genetic operations automatically replace the overlapping services during crossover
and mutation. The results of the enhanced genetic operations are shown in Table 5 and compared
with the standard genetic operations results.

Based on the acquired results, the increased genetic operations where there are no overlapping
services have effectively solved the overlapping services in the solutions. Due to the elimination of
overlapping services, the average execution time of the enhanced GCUK when using the enhanced
genetic operations has improved marginally but is not significantly different from the conventional
GCUK.

The proposed improvements have allowed the improved GCUK to prevent overlap and partial
solutions. When evaluated on a dataset of heterogeneous cloud service heterogeneity, the improved
GCUK largely yielded unique and exhaustive clustering solutions. Exclusive clustering methods are
essential for the clustering of diverse cloud services because they can divide the dataset into discrete,
more homogeneous clusters before the start of a negotiation. Complete clustering solutions prevent
cloud services from being regarded as noise or anomalies. For some instances in which the solution
becomes incomplete after genetic processes, the increased fitness computations will be applied. The
GCUK used the Davies-Bouldin (DB) Index to calculate chromosome fitness [1-3]. The upgraded GCUK

109



Journal of Advanced Research Design
Volume 129 Issue 1 (2025) 101-111

is suited for the automatic clustering of the double auction because the execution time of the method
was less than 1 second.

Table 5
The results of the enhanced genetic operations (left) and the standard GCUK genetic operations (right) with
a 95% confidence level

Run Enhanced genetic operations Standard GCUK genetic operations
Number of  Overlapping services Execution Number of  Overlapping services Execution
services in the solution time (ms) services in the solution time (ms)

1st 76 0 107 21 2 153

2nd 75 0 98.7 30 2 148

3rd 76 0 109 35 3 142

4th 76 0 109 5 0 109

5th 74 0 98.8 7 0 132

6" 76 0 98.8 15 1 132

7t 76 0 97.7 22 3 123

gt 75 0 98.3 12 1 142

gth 76 0 87.8 8 0 112

10t 76 0 96.7 35 2 141

Average 76 0 100.18 19 1 133.4

4. Conclusions

Experimental Evaluation of the enhanced GCUK is presented in this paper. The enhanced GCUK
results showed improvements compared to the original GCUK. The findings support the argument
that the GA-based automatic clustering technique is still progressive and enhancement is required
for multi-attribute optimization. In the future, experiments should be conducted to test the
enhanced GCUK results dealing with mixed data sets with numerical and categorical features.
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