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ABSTRACT In this work, we present a novel clustering approach which is inheriting the best characteristics
of Unsupervised Functional Link Artificial Neural Network (UFLANN) and Genetic Algorithms (GAs) for
uncovering clusters embedded in dataset represented through (X)yyq, where X consists of N data points with
d-dimensions. With an aim to realize natural clusters in a linear space UFLANN mapped the input vectors
from lower dimension to higher dimension with a greater hope to achieve linearity in higher dimensional
space. As a result, UFLANN introduces the problem of curse of dimensionality in the given datasets.
However, it has been realized that the problems like sparse data and distance concentration associated
with curse of dimensionality cast this problem to again a very complex problem. Hence to address some
of the issues of curse of dimensionality, we have used GAs for selecting optimal number of features in
the higher dimension for UFLANN to discover clusters embedded in the dataset. The proposed approach
herein after named as GAUFLANN has been experimentally evaluated by using the metrics like (i) Davies-
Bouldin Index, ii) Silhouette Score, and iii) Completeness score on different synthetic and real datasets. Our
experimental study confirms that GAUFLANN is evidently scoring better in DB-index, Silhouette score,
and Completeness score than the clustering methods like K-means, Hierarchical-Agglomerative (Average
Linkage), and UFLANN across the datasets like Circles, Moons, Iris, and CORD-19.

INDEX TERMS Clustering, UFLANN, genetic algorithms, cluster validity, feature selection, SOFM,
FLANN.

I. INTRODUCTION

Clustering is one of the fundamental problems in the area of
pattern recognition, machine learning, and big data analysis
and has been a center of focus of researchers of the said
areas [1]. The reason is that it is unsupervised in nature
i.e., its structural characteristics are unknown unless some
domain knowledge in advance exists [2]. The objective of
clustering is to determine a finite set of clusters to describe a
dataset by maximizing the homogeneity inside a cluster and
minimizing the heterogeneity between the clusters. In other
words, samples belonging to a cluster are very similar to
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each other than samples that belong to different clusters. The
distance metrics are used for measuring the degree of simi-
larity among data points in such a way that more dissimilar
data points have lower similarity values. There are many
similarity metrices that are used in data clustering depend-
ing on their suitability in different areas of analysis [3].
In addition to its special importance in pattern recognition
and machine learning, it is also a center of attraction in big
data analysis. In big data [4], the 5 V’s like volume, value,
variety, velocity, and veracity makes the classical algorithms
of data clustering unsuitable to use directly. Therefore, this
effort has been made with a hope to cope up with some of
the issues of big data while uncovering clusters embedded
thereon.
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Further, clustering problem can also be known as a mem-
ber of NP-hard group [5]. This has created the scope for
developing approximation algorithms including not only the
simple heuristic functions but also the use of general-purpose
nature inspired algorithms. Further, examining whether or
not the underlying data has the clustering tendency and con-
tains natural clusters are two vital activities of clustering
task. Over decades many algorithms have been developed
to address the said issues [6]. Sinaga and Yang [7] pro-
posed a novel unsupervised k-means (U-k-means) clustering
algorithm which is automatically discovering the optimal
number of clusters without giving attention on initializa-
tion and parameter selection. Liu et. al. [8] developed an
improvement over non-dominated sorting genetic algorithm
IIT using genetic k-means clustering to achieve better con-
vergence. Further, Wang et. al. [9] proposed a k-means clus-
tering approach which handles incomplete data intrinsically.
Maulik and Bandyopadhyay [10], developed a GA-clustering
method to search for the cluster centers which minimizes
the clustering metric. They found that floating point repre-
sentation was faster, consistent and provided a higher degree
of precision. Maheshwar et al. [11] in 2015 proposed a fire-
fly based genetic algorithm for data clustering, where the
initial population is selected from a pool of population on
the basis of firefly algorithms. Nguyen and Kuo [12] pro-
posed a two stage method named partition and merge based
fuzzy genetic clustering algorithm for categorical data clus-
tering. Shinozaki [13] introduced unsupervised competitive
learning, which only requires forward propagating signals
for CNNs. They evaluated the proposed method on image
discrimination tasks using the MNIST, CIFAR-10 and Image
Net datasets, and they achieved better result in compari-
son to other biologically motivated algorithms. Merikhi and
Soleymani [14] presents a novel framework for automatic
data clustering using nature inspired optimization algorithms.
Maronna et al. [15] provide a detailed description of vari-
ous approaches to clustering along with their applications.
Fahad et al. [16] and Mahdi et al. [17] present detailed sur-
vey of application of clustering algorithms in Big Data.
Further, Bruse et al. [18] present a use case of clustering algo-
rithms in the field of medical research. Ezugwu et al. [19]
presents a comprehensive analysis and survey of state of the
art clustering algorithms.

Recent research activities in clustering have recognized
neural networks are a promising alternative to different con-
ventional clustering algorithms [2]. Artificial Neural Net-
works(ANNs) are capable of generating complex mapping
between the input and the output space, and hence these net-
works can form randomly complex nonlinear decision bound-
aries. In [6], authors have shown a direction that FLANN shall
not be restricted its scope to function approximation and clas-
sification only it can also be extended for pattern clustering
like self organizing map [2] to discover clusters hidden in
datasets. However, the architectural complexity of UFLANN
proposed in [6] is directly proportional to the number of
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features and the functions in hand for expansion of the given
feature values. For reducing the architectural complexity, like
UFLANN we map given input vectors to higher dimensional
space and then unlike UFLANN we uncover hidden clusters
by considering relevant features of higher dimensional space
through hybridization of GA and UFLANN. The steps from
selection to learning are accomplished by hybridization of
UFLANN with GAs. The rest of the paper is organized as fol-
lows. In Section II, we have discussed background materials.
Section III provides our GAUFLANN for revealing clusters.
In Section IV we have presented the experimental studies
and a comparative performance analysis over the datasets like
Iris, Moon, Circles, and CORD-19. Section V presents the
conclusions and future work.

Il. BACKGROUND

In this section, we discuss the various concepts on which our
work builds upon. The section is divided into two subsections,
namely, the basic working principle of canonical Genetic
Algorithms, followed by the description of the task of feature
selection, and a brief description of UFLANN.

A. CANNONICAL GENETIC ALGORITHM AND
FEATURE SELECTION
Genetic Algorithms (GAs) [20] are a class of meta-heuristic
algorithms based on evolutionary principles such as natural
selection, genetic mutation, etc. For a d-dimensional opti-
mization problem, the algorithm initializes a set of solutions,
termed as population. Each of the solution is a d-dimensional
vector, which is sampled from a distribution function and
scaled to fit the problem boundary. The population then goes
through a process of evolution, in each iteration of which,
the fitness of each solution is evaluated. Based on the fitness,
pairs of individuals are selected to reproduce. Reproduction
can take effect in multiple ways. One such method of repro-
duction is, binary crossover, in which, half of each parent
solution vector is combined to form the offspring vector. Then
the newly generated offspring vectors are mutated using some
mutation strategy, for example, single cell mutation, in which
a single value in the vector is replaced with a different value
from the solution boundary. The generated offspring vectors
are then added to the original population, and the individuals
with least fitness value are eliminated. Over time this results
in a better quality population, which in turn results in an
optimized solution. The flow of canonical genetic algorithm
has been depicted in Figure 1. The algorithm can run for a
predetermined number of iterations, or till a certain criterion
is met. GA has been widely adapted for different applications,
such as image processing, data mining, computer games,
graph optimization, network optimization, etc, [21], [22],
[23], [24], [25]. One such application of interest to this work
is feature selection.

Feature selection in the context of unsupervised
approaches, is the process of finding a subset of features
which contribute the most to the task of uncovering the
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FIGURE 1. Flow of cannonical genetic algorithm.

clusters of data points. Based on the methodology used, there
can be different classes for feature selection methods. For
example, filter based methods consider various univariate
statistics of individual features in order to eliminate the
insignificant features. Some of the popular metrices includes,
Correlation (as defined in (1) where X and Y are two of the
features of the dataset), Entropy, Fischer Score, etc.

X,Y
gy = &) (1)

OoxO0y

Generally, the contribution of features is evaluated as a
subset of the feature set, rather than evaluating individual
features. Another class of methods used for feature selection
are called as wrapper-based methods. These methods consist
of an algorithm to search the space of all possible subsets of
features. Each subset is evaluated based on a certain crite-
rion, for example, a dataset being clustered can be evaluated
based on metrics like Completeness Score, Davies-Bouldin
index, etc. Wrapper based methods are generally expensive
since they require exhaustive search of the feature space,
but they can be optimised by using a stochastic algorithm in
place of exhaustive algorithms. The general flow of feature
selection has been summarized in (2),(3), and (4). Consider
a dataset X which consists of d features, when the dataset is
passed through a feature selection method, FS, it outputs a
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subset of features which are most relevant to the specified
task. If a feature selection algorithm explores all the possible
feature subsets, it would result in an exponential complexity,
ie., O29).

X =< X1,X2,X3, e, Xy > )
FSX) =< xp,x5,%x9,...> A3)
IP(X)| =27 )

Genetic Algorithm and its variants have been well utilized
for the purpose of feature selection and optimization in the
recent years. GA based feature selection relies on a well-
defined metric, such as accuracy, precision, or model loss.
In case of supervised algorithms used for regression and
classification tasks, it is easier to define such metrics as
opposed to unsupervised algorithms, used for clustering and
knowledge discovery.

B. UNSUPERVISED FUNCTIONAL LINK ARTIFICIAL
NEURAL NETWORK

Unsupervised Functional Link Artificial Neural Network
combines the power of Functional Link Artificial Neural
Networks and Self Organizing Feature Maps. FLANN maps
the input feature set to a higher dimension feature space,
along with introducing non-linearity to the input features.
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It consists of a single layer of neurons, where each neuron
is a polynomial function, which expands the feature space to
increase the variance and facilitates faster convergence.

Self Organizing Feature Maps is a competitive-learning
based algorithm, which, for a given set of input data points,
generates a learned representation in the form of a 2D lattice,
or map. The generated map is a latent representation of the
input data points. The representation along with preserv-
ing the input features, also preserves their topology in an
d-dimensional vector space, where d is the number of input
features, and hence encompasses the information regarding
the neighborhood of each data point. This information can
then be used to form clusters in the latent vector space.
SOFMs have been widely used in various applications, such
as, [26] and [27].

UFLANN utilizes both these methodologies in a two-stage
algorithm, which at first maps the input features to a higher
dimensional space, and hence increases the variability and
introduces non-linearity, then uses the feature vectors thus
obtained to generate the feature map using SOFM. The map
is then used to reveal clusters from the data points in the latent
vector space.

Although UFLANN algorithm results in well formed clus-
ters for a given input dataset, it is compute intensive and
requires proper configuration to achieve optimal results. The
different features generated using FLANN, aren’t always
relevant to the task of clustering, some of which rather ham-
per the performance of the algorithm. The choice of proper
polynomial functions is also critical to the performance of
the UFLANN algorithm. One other important aspect of any
clustering algorithm, is to discover the optimal number of
clusters, which again is a compute intensive task.

IIl. GENETICALLY OPTIMIZED UNSUPERVISED
FUNCTIONAL LINK ARTIFICIAL NEURAL NETWORKS
(GAUFLANN)

In this section, we first formally define the problem of feature
selection to reduce the curse of dimensionality introduced by
the use of UFLANN, and then describe the solution, and the
algorithm GAUFLANN, addressing the various aspects of the
problem.

A. PROBLEM FORMULATION

Although UFLANN results in well-formed clusters for a
given dataset, it is a computationally intensive algorithm.
Moreover, it requires quantum of effort to fine tune large
number of weight values to find the optimal configuration.
As a result of expansion of input features using FLANN,
the feature set gets more complex by inviting problems like
sparse data and distance concentration, as it is projected to
a higher dimensional feature space with an expectation of
linearity between clusters in transformed space. FLANN con-
sists of multiple polynomial functions, which take the input
feature vector and expand each feature using the functions.
Consider the input feature vector X (5), which consists of two
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features xq and xj.
X =< x1,x > 5)

Also consider that the UFLANN network is using the
following polynomial functions: Chebyshev, Legendre, and
Power function. Each of the functions will expand every
feature till the third polynomial as shown in (6).

Xour =< ChO(x1), Ch1(x1), Ch2(xy),
ChO(x2), Ch1(x2), Ch2(xy),
LOCx1), L1(x1), L2(x1),
LO(x2), L1(x2), L2(x2),
PO(x1), P1(x1), P2(x1),
PO(x2), P1(x2), P2(x2) > (6)

Hence the 2-dimensional vector is mapped to an
18-dimensional output vector. Real world datasets comprise
of many more features, as opposed to just two, which would
result in even larger dimensionality of the output vector.

The features of a dataset are not always linearly separa-
ble, and hence for clustering algorithms such as K-means,
or Hierarchical clustering, it becomes difficult to uncover
the clusters present in such datasets. By the use of FLANN,
UFLANN address non-linearity in the given dataset on the
higher dimensional space effectively, as well as manages
to discover compound features with the help of different
polynomial functions. Although FLANN maps the input fea-
ture vector to a higher dimensional feature vector, not all
the generated features contribute to projection of input data
points to the latent space, or cluster discovery. The redundant
features in the feature vector, at the very least produce noise
in the generated feature map, resulting in improperly formed
clusters, and increased algorithmic complexity.

Further for a feature map with well-formed clusters, it is
crucial to determine the number of clusters to form along
with the topology and size of the generated feature map,
as running parameters for the UFLANN algorithm. This
requires multiple iterations of the algorithm to be run to find
the optimal number of clusters. UFLANN in most real-world
scenarios becomes infeasible to run, or results in sub-optimal
clustering performance. In the following section we propose a
framework to reduce the overall complexity of the UFLANN
algorithm, and at the same time improve its performance.

B. PROPOSED SOLUTION

For any dataset clusters are patterns that originate from the
high local density of data points which are separated from
each other by low density regions. As proposed in UFLANN,
there are two phases which result in revelation of these
clusters. The first phase is the mapping of the input vectors
to a higher dimension feature space. This is accomplished
using various polynomial functions. Mishra et al. [6] made
use of three recurrent polynomial function, namely Cheby-
shev (7), (8) and (9); Legendre (10), (11) and (12); and Power
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series (13) and (14).

Cho(X) =1 @)
Chi(X)=x 3
Chyp1(X) =2%x % Chy(X) — Chy—1(X),n >=1 9)
LoX) =1 (10)
LiX)=x (11)

Loy (X) = 2n — 1)*x>|<Ln_; —(m—1D=*L,_» (12)
PoX)=1 (13)
Puy1(X) = x * Pp(X) (14)

Although these functions manage to map individual fea-
tures to higher dimension feature space, but they don’t make
use of the relationship between the features. It has been well
observed that the interaction between the input features can
result in generation of new features. The same idea is also
used in the case of data imputation, by leveraging the more
prominent features to impute the missing features. Hence we
propose, in addition to using polynomial functions which
map input features individually to higher dimensional feature
space, to also make use of functions, that take into account
multiple features at once. In this work, we have chosen to use
Three Hump Camel (15) and Beale functions (16).

x6
fx1,x) = 2>x<x12 —1.05 *x? + El +x1 >|<x2—}—x22 (15)

f&x,x)=0.5—x1+x1 *x2)2 + (2.25 — x1 +x; >|<x22)2
+ (2.625 — x| +x1 % x3)> (16)

Both the functions allow for the interaction between the
different features, while also introducing non-linearity in the
expanded feature space. Although the functions are used with
only two input parameters, it can be extrapolated to take
include more features. With N/2 features as input for a dataset
with N input features yielding, (N|(N/2)) expanded features in
the higher dimensional feature space.

The second phase of UFLANN makes use of SOFMs,
to find the clusters formed by the various data points. The
algorithm first initializes the weight vectors using the PCA of
the expanded input features, then in each iteration it performs
the following operations:

1) Find the distance between each data point and weight
vectors, and select the output neuron with highest
similarity (where similarity is defined as the distance
between the data point and the weight vector) as the
winner.

2) Calculate the neighbourhood impact on the topology,
around the winner neuron, using a neighbourhood func-
tion. The Gaussian function is used as the neighbour-
hood function (17),

el

pWe, i) =€ 2:0? a7

where o denotes the monotonically decreasing radius
hyperparameter of the algorithm, and x; and x. denote
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the position of the i weight vector and the winner
weight vector respectively.

3) Update each of the weight vectors in the topology using
the weight update formula (18),

Whew = Wold + Aw x p(we, i) (18)

where, Wyew, Woid, and Aw, denote the new weight
vector, old weight vector and shift in the weight vector
respectively.

At the end of the iterations the weight vectors thus
obtained, form the feature topology map of the dataset,
each weight vector representing a single cluster center. The
UFLANN algorithm has been summarized in Algorithm 1.

Algorithm 1 UFLANN
Input : DATASET] ], max_learning_rate, max_sigma
Output: weights] ]
map_size < Initialize map_size to (no. of weight
vector x size of weight vector)
weights[ ] < Initialize weights as a vector of map_size
randomly by sampling normal distribution

for step < 1 to num_iterations do
learning_rate <«

St .
(1 — —%P__) x max_learning_rate
num_iterations tep
. Si .
sigma <— (l — m) X max_sigma

for vec € DATASET|[ ] do
vec_expanded <— FLANN-EXPANSION(vec)

weight_idx < Find weight vector with
minimum distance fron vec_expanded
update_radius <
NEIGHBOURHOOD-FUNC(weights] ],
weight_idx, sigma)

weights[ ] <
WEIGHT-UPDATE-FUNC(weights][ ],

update_radius, vec_expanded, learning_rate)
end for

end for

We propose a third phase in addition to the two proposed by
Mishra et al. [6], as the optimization phase. This phase exists
before the other phases, and makes use of meta-heuristic
algorithms as a modular addition to further optimize the
results as well as computational cost of UFLANN algorithm.
In this work, we have chosen Genetic Algorithm as the choice
of optimization algorithm. The proposed algorithm optimises
three parameter of the UFLANN algorithm:

1) Input feature: Each input feature after FLANN expan-
sion, can either be allowed to be used as a feature by the
SOFM phase or masked. This can be indicated using a
vector consisting of 1s and Os, where 1 represents an
allowed feature, and O represents a masked feature.

2) Map Size: The output of the SOFM phase is the feature
map, which maps the expanded input vectors to a latent
representation, each weight vector of which represents
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a cluster. Finding the optimal map size is necessary in
order to properly find the clusters in the input space.

3) Number of Clusters: Each input vector is mapped
to one of the specified cluster, but it takes multiple
iterations to find the optimal number of clusters for a
set of input vectors, and randomly performing this task
can take even longer.

Algorithm 2 GAUFLANN

Input : UFLANN-FITNESS-FUNC, DATASET] ]
Output: Best Fitness Individual

population_size <— (num_individuals, (num_features +
map_dimensions + 1))

population[ ] < Initialise a population randomly from
normal distribution

fitness[ ] < Initialize an empty array of size
(num_individuals, 1)

for step < 1 to num_iterations do

for individual € population| ] do
fitness[individual .index] <
UFLANN-FITNESS-FUNC(individual,
DATASET] ])

end for
fori < 1to
parentl, parent2 <«
SELECTION-FUNC(population[ ], fitness[ ])
child < CROSSOVER-FUNC(parentl, parent2)
child <~ MUTATION-FUNC(child)

Insert the child in the population
end for

end for

num_individuals do

Algorithm 2 summarises the process of GAUFLANN.
The algorithm first initialises a population of individuals,
where each individual consists of randomly initialized vectors
for the three parameters. For the expanded input features,
a random vector of size, num_features is initialised, with Os
and 1s, as discussed above, for the map size, two random
integers (H, W) in a specified range are generated describing
the height and width of the map respectively, and for the
number of clusters, a single value is initialized at random
in a specified range. GAUFLANN uses, UFLANN as a
modular fitness function, which takes input the dataset, and
returns a fitness score depending on the task. In this work,
we use Davies-Bouldin index (DBI) as the fitness metric.
The reason for choosing Davies-Bouldin index as the fitness
metric is twofold. Firstly, it is defined as a function of only
the cluster labels of the data points, and hence both, label
and unlabelled datasets can be optimized and evaluated, and
second, it examines the cluster quality based on the coherence
between the data points, which is the same philosophy fol-
lowed by UFLANN algorithm. At each step of the algorithm,
the fitness of each individual in the population is evaluated
on the UFLANN-FITNESS-FUNC. After the fitness of all
the individuals is evaluated, for num_individuals / 2 iterations
two individuals from the population are selected as parents,
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using a selection strategy, and are mated using a crossover
strategy to generate a new offspring. The generated offspring
is then mutated using a mutation strategy. In this work,
we use k-way tournament selection, two point crossover, and
multi-point mutation as the respective strategies for selection,
crossover and mutation. The algorithm returns the optimal
individual from the population. The individual consists of the
feature mask, the map dimensions and the optimal number of
clusters.

GAUFLANN, by optimizing the feature mask ensures that
only the features which have relatively higher contribution
towards the unravelling of the clusters in the SOFM map are
allowed. The reduced number of features, also results in the
reduction in the dimensionality of weight vectors initialized
in the ULFANN process, which significantly reduces the
computational complexity. Further, by optimizing the map
size for the SOFM phase, GAUFLANN ensures a proper
topology, which results in better cluster discovery. Since
datasets can be distributed in varying ways, initializing a
proper topology ensures that the neighbourhood surrounding
each weight vector is optimal for the competition with the
specific weight vector for each input vector. Finally, the
UFLANN algorithm results in a better cluster discovery,
when proper number of clusters are specified.

IV. EXPERIMENT AND RESULTS

In this section, we discuss the experimental setup for evalua-
tion of GAUFLANN. In order to evaluate the performance of
the proposed approach, we perform numerous experiments
on multiple synthetic and real world datasets, and evaluate
the performance of the proposed approach in contrast with
different well-established methods, on metrices, including
Silhouette Score and Completeness Score.

A. EXPERIMENTAL SETUP

For the extensive evaluation of the proposed approach, mul-
tiple real world and synthetic datasets are used. The syn-
thetic datasets which have been considered for comparison
are: Circles and Moons. Both of these are standard binary
datasets used for evaluation and visualization of clustering
and classification algorithms. For the purpose of conducting
experiments, we have considered 1000 points in each dataset.
As can be seen in Figures 2 and 3, both the dataset consist of
interleaving data points, which makes it difficult for simple
distance based clustering algorithms to properly categorise
the data points into the right clusters. Further two real world
datasets have also been used. Iris [28] dataset consists of
four features and three target classes. Distribution shown in
Figure 4. For evaluation of the proposed approach in a real
world use-case, we consider CORD-19 dataset [29], which
consists of 500,000 scholarly articles relating to COVID-19,
consisting of 200,000 full length texts. The dataset can be
used to extract information of various kinds, but for the sake
of comparison we focus on clustering the articles based on
the full text content and title, because of which the dataset
gets restricted to only 200,000 data points. We preprocess
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FIGURE 2. Circles dataset.

the dataset and extract the feature vectors by tokenizing and
embedding extraction for each data point individually. The
dataset thus obtained consists of 200,000 data points each
consisting of 30 features. Distribution shown in Figure 5.
We consider only 30 features considering the feature expan-
sion by FLANN.

The datasets are evaluated on the basis of three commonly
used clustering metrics. Firstly we use Davis-Bouldin Score
(DBScore) [30], which we also use as the optimisation metric
for GAUFLANN. DBScore is an internal metric, as it only
uses the cluster labels to evaluate the cluster quality. The
minimum DBScore value is 0. A DBScore towards 0 indicates
higher coherence between the data points of same cluster,
while higher DBScore indicates poor cluster coherence. Sec-
ondly we use Silhouette Coefficient (19), which ranges from
—1to 1. A Silhouette score of 1 indicates that the clusters are
well apart and can be clearly distinguished from each other,
0 signifies that the clusters are indifferent, or the distance
between the clusters is not significant, hence lower Silhouette
score indicates improper cluster assignment. Lastly, com-
pleteness score (20) has been used, which is an external
metric, and requires the assigned cluster labels as well as
true cluster labels in order to assess the proper assignment of
clusters in contrast to the true labels. A Completeness score
of 1 represents perfectly labelled predicted. Since the clusters
are assigned to the data points arbitrarily, a direct comparison
between the true labels and the predicted cluster becomes
infeasible, and hence metrices such as accuracy score can-
not be used to evaluate the performance of the clustering
algorithm. Using Completeness score provides with a similar
insight as by accuracy score.

_ (b-a
" max(a, b) (19)
C=1-— H(Ypred|ytme) (20)
H(ypred)

To properly evaluate and establish proper benchmark, the
proposed approach has been compared with commonly used
clustering approaches, KMeans clustering (KM), Average
Linkage Hierarchical Clustering (HC), and UFLANN itself.
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Each experiment has been repeated over 10 times, and the
reported metrices are the average value of the runs. The plots
shown are of the overall best performance over the different
runs. All the experiments are conducted on an Apple M1,
16GB, and MacOS based system. The source code for the
algorithms as well as experiments are written in Python 3.10.
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For KMeans, and Hierarchal Clustering, the Scikit-Learn
package [31] is used as a standard.

B. EXPERIMENTAL RESULTS

To properly evaluate the performance of GAUFLANN
against other standard approaches, we focus on mainly two
observational results, along with the comparison based on the
evaluation metrics themselves. To highlight the performance
of GAUFLANN in terms of cluster centres, we first plot the
Weight vs Data plot. UFLANN makes use of SOFM, which
generates a condensed representation of the input vectors in
the form of weight vectors, which are organized in a certain
topology. Weight vs Data plot compares the distribution of
the input features against the weight vectors, rather than the
generated topology map, since the weight vectors act as the
cluster centres when revealing the clusters in the actual data
points. As can be seen in Figure 6, GAUFLANN produces
the optimal number of clusters for both the Iris and Moons
dataset. Since both the datasets are labelled, we can compare
the number of clusters produced with the actual number of
target classes in the datasets.

Finding the optimal number of clusters is essential as in
UFLANN, it depends on the empirical knowledge about the
dataset itself. GAUFLANN on the other hand, starts with
a rough range of cluster count, and stochastically explores
the search space to reach the optimal number of clusters
based on the fitness metric. The modularity of the proposed
approach allows for multiple clustering metrices to be fac-
tored in, using a weighted mean of the metrices as well.
Further, Table 1 represents the performance of GAUFLANN
against, K-means, Hierarchical Clustering, and UFLANN,
on the basis of DBIndex, Silhouette Score, and Completeness
score. For most of the experiments the proposed approach
outperforms the compared algorithms. As can be observed,
for all the different datasets GAUFLANN shows the best
performance in terms of DBIndex, as a lower DBIndex indi-
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TABLE 1. Comparision of different approaches.

Dataset Approach  DBIndex Silhouette Score Completeness Score
Cirlces GAUFLANN  0.38 0.97 0.89
UFLANN 0.64 0.87 0.74
K-means 0.72 0.45 0.42
Hierarchical 0.66 0.31 0.65
Moons GAUFLANN  0.15 0.96 0.88
UFLANN 0.37 0.77 0.91
K-means 0.87 0.92 0.51
Hierarchical 0.54 0.76 0.46
Tris GAUFLANN  0.07 0.80 0.79
UFLANN 0.25 0.76 0.54
K-means 0.66 0.55 0.46
Hierarchical 0.19 0.28 0.49
CORD-19 GAUFLANN  0.11 0.85 -
UFLANN 0.28 0.73 -
K-means 0.31 0.23 -
Hierarchical 0.82 0.85 -

cates a better cluster coherence. Similarly, for all the datasets,
GAUFLANN shows better Silhouette score compared to the
other approaches. For the comparison of Completeness score,
GAUFLANN shows a comparatively better performance as
compared with other approaches for all the datasets, except
Moons. For the Moons dataset, UFLANN shows slightly
better performance overall.

The results thus presented prove that GAUFLANN results
in a better optimization when compared with UFLANN and
overall, results in a more sound clustering of the data points.
Further we compare the clustering ability of the different
algorithms. For all the experiments, GAUFLANN shows
the an overall better cluster formation for the data points.
Since the datasets themselves are multi-dimensional, we per-
form PCA transform on the datasets, to map them to a
2-dimensional vector space, in order to better visualize the
clusters. Figure 7, shows the formed clusters for the Iris
dataset by GAUFLANN compared with UFLANN. Since
the Iris dataset has the target labels, we can compare the
formed clusters, indicated by the color of the data points, with
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the actual target labels, indicated by the bounding polygons.
It can clearly be observed that the clusters formed my GAU-
FLANN show more similarity with the actual target labels.

Further, Figure 8, depicts the comparison between the
clusters formed for the CORD-19 dataset, by UFLANN and
GAUFLANN. Similar to the Iris dataset, GAUFLANN shows
better cluster coherence for the CORD-19 dataset as well.
The proposed approach uncovers four clusters in the dataset,
while data points in each cluster evidently higher coherence
within than with data points from other clusters.

Overall, GAUFLANN optimizes the performance over the
regular UFLANN, by optimizing the number of clusters,
as well as the selecting the optimal features generated using
FLANN, along with optimizing the overall performance
based on the various clustering metrices. The results show
a superior performance overall, in terms of the clustering
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metrices, and the actual clusters formed using the various
approaches on the different datasets.

V. CONCLUSION AND FUTURE WORK

The UFLANN algorithm proposed for the task of cluster
extraction, introduces the problem termed as curse of dimen-
sionality. The increase in dimensionality of the data, leads to
problems like sparse data and distance concentration, along
with performance penalties. This work proposed a novel
approach, GAUFLANN, which utilizes the ability of Genetic
Algorithms to select an optimal feature subset, resulting in
better cluster formation, and makes use of UFLANN to
discover the clusters themselves. We perform extensive com-
parative study of the proposed approach with well-known
clustering algorithms, such as K-means, and Agglomerative
Clustering (average linkage), along with comparison with
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UFLANN as well. The proposed approach outperforms the
other approaches when compared on the basis of DBIndex,
Silhouette score and completeness Score. The approach is
further tested on real-world CORD-19 dataset, showing better
cluster extraction. Further work can include a comparative
study of different optimization algorithms in place of canoni-
cal Genetic Algorithm, and evaluation of different expansion
functions used in UFLANN.
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