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Abstract

The problem addressed in this work is how to position a small set of receivers among a much larger set of transmitters
while optimizing some distance metrics which would lead to optimal communications especially in underwater
exploration where signals degrade rapidly with distance. The set of transmitters are assumed to be in relatively slow
motion, therefore the receivers must be constantly positioned while they follow the transmitters' changing distribution
in space. As transmitters move, they are not statically allocated to receivers; they may change allocations. Thus, this
problem entails dynamic clustering of the transmitters into clusters associated with the receivers and thus there is a
need for determining the optimal placement of receivers. The problem is complex since the placement determines the
clustering and the clustering determines the geometric medians which would be the optimal positions within each
cluster. To address this complexity, this work compares a heuristic approach of Self Organizing Maps (SOMs) which
maps the distribution density of the transmitters and a Genetic Algorithms (GAs) approach to optimize a distance based
metric. The method was deployed on data points distributed within a 2D plane, then the search space was expanded to
3D cases and the clustering was carried out using SOM and GA. Overall, simulation results showed that GA outperformed
SOM in optimizing the cost function, especially in 3D space.
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1. Introduction

SOM algorithm is an unsupervised learning approach that is designed to represent high dimensional datasets with a
smaller and concise subset representation [1]. This approach was first introduced by Kohonen [2]. GA, on the other
hand, was first introduced by Holland [3]. It is an evolutionary algorithm that mimics natural selection of the most fitted
individuals for survival and reproduction [4]. Many researchers incorporated both SOM and GA either collaboratively
or individually as search methods in clustering data sets. Su and Chang [5] proposed a method of applying GA to form
a Self-Organizing Feature Map (SOFM) through providing estimates of the number and the locations of clusters from a
data set. They adopted a two-stage training procedure to accelerate the search procedure. Jin et al [6] developed an
integrated self-organizing map (ISOM) for the traveling salesman problem (TSP) while implementing three
mechanisms: the local optimality of the traditional SOM, the global optimality of the expanding SOM, and the elastic
force constraint in the elastic net. According to the researchers, the suggested learning rule enabled the ISOM to
generate near optimal solutions. Amor and Rettinger [7] proposed an exploration technique for GAs that uses SOMs to
analyze data of the evolution process which they utilized to enhance the search strategy. According to Kan et al [8], they
proposed that SOM enhanced the search performance of a real-coded RCGA and found that that the use of the sub-
population search algorithm improved the local search performance of the RCGA, which suggested that SOM-GA was
able to find better solutions in shorter CPU time than RCGA. Other works considered GA-SOM integration in various
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computing-applications. For instance, Kuo et al [9] proposed an automatic computer color separating system for printed
fabrics that integrated a GA and a SOM network to automatically separate printed colors to eliminate the time-
consuming manual color segmentation and registration that is typically done in the industry. While Prabhakar et al [10]
performed a comparative study GA and SOM to detect the botnet network traffic to cluster network traffic from input
dataset as normal and malicious. They found that SOM performed the clustering faster than GA. Although GA took longer
time to complete the clustering process, it gave more accurate results. In Ahmed et al [11], the researchers clustered
research papers based on titles and keywords a using the SOM Algorithm with GA-optimized parameters and on a
Word2vec pre-trained model to identify the similarity between keywords.

A weight design method based on SOM that can be integrated with decomposition-based evolutionary algorithms to
solve many-objective optimization problems was proposed [12]. While in [13], they introduced an optimization
approach that included a clustering phase by the SOM and two GA phases to solve the TSP problem. They found that GA
allowed for the whole problem to be solved all at once.

This work deploys two Al search methods (SOM and GA) to cluster a group of slowly-moving transmitting explorers
(data set) using a fixed set of receiving followers which imply a spatial clustering of the distribution of the explorers. An
example case of this is in underwater exploration where multiple explorer vessels moving underwater need to
communicate with service vessels. Due to the nature of the application, the explorers are allowed to move freely within
the service area, so the service vessels must be constantly repositioned to optimize certain aggregate distance metrics
as the signals degrade rapidly with distance. Two methods (SOM and GA) are assessed on their ability to continue to
cluster them optimally in quasi-real time. Assuming service vessels are surface bound, the above problem is addressed
in the 2D plane of the sea surface, but then the work is generalized and data points in 3D space are included. The same
simulation is carried out after all data points are allowed to roam the space freely in incremental motion.

1.1. Problem Formulation

To describe the problem, consider the following example. There are N explorers (i.e. transmitters or, in the case of
seabed exploration, remotely operated vehicle ROVs) that are dispersed in an area and their locations are known to K
followers (service vessels). The K followers need to be placed around that area with the following goal. Each explorer
transmitter will only tune into the receiver that is physically closest to it. Any placement of the receivers automatically
clusters the transmitters into K sets, one for each of the receivers. The set corresponding to a particular receiver Ri
consists of those transmitters which will be closest to Ri than to any other receiver. In other words, the set
corresponding to Ri would be those transmitters which fall within Ri's Voronoi field. With any particular placement of
the receivers, the corresponding Voronoi fields of the receiver locations imply a clustering of the transmitters. Further,
it is desired that each of the receivers is placed so that the sum of its distances from all the transmitters in its cluster is
minimal; i.e. it is the geometric median (Fermat-Weber point) of its cluster. The problem at hand is, given the
distribution of the transmitters, how to disperse the receivers so that ideally each is the geometric median of its cluster
and the total sum of these distances in all clusters is minimized. The complexity of the problem lies in that the placement
defines the clustering, so moving a receiver would change the clustering but a receiver must be moved to minimize the
total distance within its cluster. Thus, the placement affects both the clustering and the distance sum.

Consider the case of underwater exploration where submerged vessels explore underwater and need to communicate
data to receiver vessels. Because of the degradation of signals underwater, the receivers need to be as close as possible
to the exploration vessels with which they communicate. Receivers have a one to many relationships with explorers;
one receiver would be assigned to a set of explorers. As the explorers move about, the receivers must also move in a
way that minimizes their distances from their allocated explorers. However, explorers may get reallocated new
receivers if they move to an area which can be better served by a different receiver.

To express the full scale problem: Given a distribution of N data points (e.g. locations of transmitters), place K << N
markers (e.g. receivers), so that each original point is assigned to its nearest marker (through the Voronoi partition
associated with the positioning of the markers) with the goal to minimize the total distance between each point and its
assigned marker. To formally describe the problem let’s define:

e Let P={Py,Pz,...Pn}c Rd be the set of N original data points.
e Let M={M1,Mz,..., Mk} Rd be the set of K markers we wish to place (where K<N).

e Each point P:is assigned to its nearest marker M;.

The objective is to optimize the distance metric:
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Cost Function = min X)L, min/S, [P — Mj|| ... (1)

This problem would manifest itself in various applications like facility location, communications, vector quantization,
etc.

This is a problem where a K-means method can be applied but this method is sensitive to initial placement as well as
the distribution. The Self Organizing Maps (SOMs) is a method which also essentially clusters data points but it is better
in some respects like preserving the topology of the data. While K-means focuses on finding the optimal separation
between clusters, SOMs focuses on the topological relationships of the data as they try to map the distribution density
in the space of the data. SOMs approximate the means of the implied clusters in positioning the markers therefore they
are expected to be a good heuristic for the desired optimization because they concurrently address the issues of figuring
out the clustering and positioning of markers near the mean, especially since it has to be performed continuously,
adaptively, and smoothly as the topology of the data (transmitters) changes. In this work, we compare the SOMs method
against a more standard optimization method, the Genetic Algorithms (GAs) approach which targets the optimization
of the distance metric more directly.

For the remaining of this work, we assume that there are 200 data points randomly distributed within a 200 x 200
Cartesian coordinate. Also, we assume that five clusters are needed to represent these data points. Then, both SOM and
GA were deployed to search for the optimal clusters’ positions to minimize the cost function in Eqn.1. In the case of
seabed explorations and similar applications, these data points (explorers) will be freely roaming their working space.
The motion is assumed slow enough to be able to do sufficient iterations of the algorithms for convergence in-between
movements. In this work, we use five iterations to measure the effectiveness of both: SOM and GA in responding to small
movements in the data points’ distribution. Each data points movement was capped at <10% of the operating space.
The scope of the work is then expanded to include data points in the space (3D) which is 200 x 200 x 200. We repeated
the exact procedure by capturing the optimal clusters’ positions in SOM and GA, then the data points were allowed to
roam the space freely and five iterations of movements (changes in data points’ distribution) were captured and
assessed.

2. Methods

2.1. Self-organizing maps

Self-Organizing Maps (SOMs) is an elegant method to map the distribution of a data set with a much smaller set of
markers. It starts with a random (but usually uniform) distribution of markers over the space of the data to be mapped
and iterates with small movements of the markers until convergence (i.e. no significant further change). Specifically,
each iteration over the entire data set, focuses on one data item at a time, identifies the marker that is closest to that
item (called the winner marker) and repositions this winner marker by moving it closer to the data item in a step that
is a small percentage of their distance as shown in Figure 1:

Muew =M + a(5-M) where 0<a <1l ..o (2)

This iterative process continues until there are no longer any significant changes in the positions of the markers.
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Figure 1 Marker movement towards the sample

2445



World Journal of Advanced Engineering Technology and Sciences, 2025, 15(03), 2443-2454

0.5

1+e*

0.0 T

Figure 2 Sigmoid tapering off

The variant that we use here allows other markers which are neighbors of the winner to also move towards the focused
data point but at a smaller fraction that is a function of their distance from the winner (i.e. how close neighbors they
are). Figure 2 shows a coefficient used for a neighbor marker which tapers off with the Euclidian distance x between the
winner and the corresponding neighbor; so a neighbor marker N is moved by:

Nuew =N+ a(dm)(S-N) oo 3)

where a() is a function of the distance dj;, and defined as:

aldyy) =B/(1+e M) 4)
with f = 0.99¢-D (5)

where [ is a correction factor that is set to diminish gradually to stabilize the search process as it converges (i.e.
followers begin to establish their territories), and i is the iteration number. At every iteration, every marker will be
using Eqn.3 where a which is a function of each distance from the marker to the winner is computed according to Eqn.4.

SOMs is a good candidate for this problem not only because it essentially maps the distribution density of the data, but
also because when a marker has settled after being continuously "pulled” by the data items in its cluster, it rests at or
near the centroid of its cluster and thus it is a good candidate for a solution to the problem at hand. However, because
itis nota direct optimization method, we compare it with a search-based optimization method and specifically a Genetic
Algorithm approach.

2.2. Genetic Algorithms

This work attempts to compare the SOM method to a heuristic search-based optimization method (Genetic Algorithm)
to study the performance of each method and the speed and accuracy of the resulting solutions. The GA agent performs
a heuristic search to identify the spatial location of the clusters and iteratively replaces lower fitting chromosomes with
higher fitting ones in a process that mimics natural selection. The overall goal of the GA is to minimize a cost function;
thus, identifying the correct function is crucial to the success of the GA.

The GA proposed in this work begins with a suggested generation of C chromosomes with all parameters (i.e. Cartesian
coordinates of the Nodes) coded within each chromosome. Each chromosome is then decoded and a fitness function is
used to rank the chromosomes. The same cost function that was implemented in the SOM is used here as well. After
ranking them, the GA propagates the best 50% of chromosomes to the next generation to ensure the successful traits
are preserved within the population. The remaining 50% of the population is pruned and replaced with fresh population
that is the result of the reproduction between the successful chromosomes that were preserved. This process is
explained in more detail later.

Each chromosome holds information about the spatial coordinates of each suggested cluster which consists of many
variables. Thus, a large population is needed in order to encompass a globally optimal solution. Hence, each population
consists of 200 chromosomes and each chromosome contains independent variables (genes) that are coded within each
chromosome, as follows:
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e Inthe Cartesian coordinate space, two genes are needed to code the coordinates of each cluster origin. Thus, each
chromosomes contains 2*K genes (x and y coordinates of each marker).

e Inthe XYZ space (discussed in Section 3.5), three genes are needed to code the spatial coordinates of each cluster
origin. Thus, each chromosomes contains 3*K genes (X, y and z coordinates of each marker).

These genes are arranged in chromosomes to form the initial population; each population undergoes pruning,
crossover, and mutation to generate the next generation.
2.2.1. Evaluation of Generations

Each chromosome is evaluated by extracting the data points of its genes and decoding them into the different
parameters (X, Y and Z coordinates of each cluster origin). Then, the distances between each data point and the current
cluster origins are computed to determine the cluster origin with the shortest distance. The shortest distances are then
added together to determine the closeness of the suggested cluster origins to the data points they represent.

In the Planar System:

C = My, Myy, Myy, My, ..., My, My |

2 2 .
D; =\/(xi - M) + (vi — My)) Vi€[lL,m] e (6)
Closeness = Y- min (D;)  wvvenevenereene (7

where My; and M,; are the x and y coordinates of cluster origin j, respectively. D; is the vector representing the distances
between data point i and all j cluster origins.

2.2.2. Pruning

The chromosomes are ranked according to their closeness (fitness) function in Eqn. 7. Half of the chromosomes (the
least fitted ones) are removed from the next generation’s population while the most fitted 50% of the current population
will propagate to the next generation. The remaining 50% of the next generation will be replaced with offspring from
the surviving chromosomes (the most fitted ones), using crossover and mutation as described below.

2.2.3. Crossover

The offspring consists 50% of the next generation population and allows the GA to continue to combine successful traits
(genes) from different chromosomes (parents) into newer ones (offspring) in a heuristic and natural selection process.

Two parents are selected randomly from the pool of parents to undergo a crossover process. The chromosomes with
the highest fitness values are weighed higher. Thus, they have higher chances of getting selected for the reproduction

process. This work uses random two-point crossover to exchange genes across the two chromosomes, as explained in
the following illustration.

Chromosome_1=[a b c¢/d e f gh i]
Chromosome_2=[j k I/m n o piq r]
The continuous genes follow a randomly selected weighted average between 0 and 1.

For example, the example above shows a two-point crossover between Chromosome 1 and Chromosome 2. The two
new offspring will be as follows:

Chromosome_1*=[a b c x1 y1 21 w1 h i]

Chromosome 2¥ =[] k | x2 y2 72 w2 g r]

Where:
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xi=d*w+m(1-w) (8)
x2=m*w+d (1-w)

w is a randomly selected weight between 0 and 1. The same crossover will take place to find y: through w. In this work,
all genes are purely continuous with no discrete components and will undergo the same calculation as in Eqn. 8.

2.2.4. Mutation

The mutation is the process that allows the reproduction to impose random genetics into the new population that can
lead to breakthroughs in the search process through the exploitation of parameters. This allows new information to be
presented and may lead to accelerated convergence in a global minimum. A rate of 3% was used through this work.

Figure 3 [14] below visualizes the GA processes to identify new generations and the GA-System Identification
interaction.
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Figure 3 Depiction of the GA process [14]

3. Results

3.1. Effect of Learning Rate

The learning rate (Eqn. 4) should properly be selected to attenuate the fluctuation in the solution and allow it to stabilize
and converge. It was noted that the SOM was sensitive to the correction factor . The faster the convergence of the SOM,
the more likely it will converge at a non-global minimum solution. If properly selected, this factor allows the search
method to navigate the surrounding space around the current solution to fine-tune it. The tradeoffs will be the longer
search process, the fluctuation around the final destinations, and the additional iterations that it will go through before
converging.

To better illustrate this observation, the correction factor f was initially set to 0.999 and the simulation was carried out.
The search was set to terminate if the percentage of cost function reduction was less than 1% for 20 consecutive
iterations. Figure 4 shows the progression of the SOM towards the optimal solution (clusters locations) using two
different learning rates. With the correction factor set at 0.999, the cost function was optimized at 1482 after 650

2448



World Journal of Advanced Engineering Technology and Sciences, 2025, 15(03), 2443-2454

iterations. After adjusting the correction factor to 0.99, the cost function was reduced to 1516 after 111 iterations. The
two values were very comparable (~2% difference), however the number of iterations were significantly reduced (83%
reduction). Thus, the correction factor was fixed at 0.99 throughout the remaining simulations.

Optimization of Cost Function Optimization of Cost Function
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Figure 4 Simulation results for the data set in the Planar System

3.2. Simulation Results of Cartesian Space:

All simulations were carried out using MATLAB (MathWorks, Inc.). The simulation (optimization) processes for both
SOM and GA iterate until either there is no further significant reduction in the cost function is achieved over a preset
range of successive generations or that the maximum number of generations is exhausted.

The initial cluster origins were randomly selected at different locations then they emerge into their final destinations
as the process iterates (while minimizing the cost function in Eqn.7). The same data set (data points) were kept during
the GA process and the generated cluster origins were added on the same figures to show the different set of cluster
origins that were achieved. Later, the data points were allowed to move freely within the operating range and both SOM
and GA were deployed again to reposition the clusters to their optimal spatial locations.

It was noted that the SOM yielded identical results each time the search was performed, regardless of the initial cluster
spatial coordinates, which demonstrates its stability and independence of the initial position of the clusters. One
limitation that the SOM has is that the movements of the cluster positions are incremental, systematic, and sequential
(i.e. small movement in all directions). Although the incremental motions (clusters’ positioning) may not necessarily
minimize the objective function momentarily, it guarantees that an optimal solution will be reached with successive
incremental motions (updates) on the clusters’ positions. Also, SOM relies on the proper selection of the learning rate
(and correction factor). A reduced learning rate will make the SOM rigid and will converge at non-optimal cluster
locations, whereas a higher learning rate will cause it to fluctuate around the optimal solution and take longer iterations
to settle.

Due to the nature of the search in the SOM and GA, the solution set (clusters) will likely be different for each search
process. GA, on the other hand, doesn’t have an incremental build-up that depends on the previous location of the cluster
origins. The heuristic nature of the search and the ability to navigate the entire space through crossover and mutation
can lead to breakthroughs and multiple movement in one or more coordinates to optimize the cost function. The main
drawback is the need for the GA to evaluate the entire population before it updates the markers’ locations. Thus,
requiring additional computational power.

The following figure shows the comparison between SOM and GA in terms of the cost function as well as the location of

clusters in each case. GA was able to reduce the cost function slightly to 1420 (from 1515) with different cluster
distribution and spatial coordinates.
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Figure 5 Simulation results for the data set in the Planar System

Figure 5.a shows the distribution of clusters in the planar system. The spatial coordinates of the cluster origins are
within the vicinity of each other. Figure 5.b shows the minimization of the cost function over the iterations. The results
of the GA surpassed those of SOM for all simulation runs, as shown in Figure 5. The SOM stops the search process when
there is no significant reduction in the cost function over a certain number of iterations (i.e. less than 1% reduction for
20 consecutive iterations). To compare results with the GA, the GA was allowed to iterate for the same number of
iterations of the SOM.

3.3. Dynamic Simulation

The task considered in this work (rovers navigating the seabed) is dynamic in nature. Thus, these rovers (explorers)
are constantly roaming the seabed to perform different operations. The followers should also adapt their spatial
locations to continue to serve the explorers. While the explorers are constantly moving, the followers wouldn’t
necessarily follow each individual motion in real-time. Rather, the motion of the explorers is first discretized (for the
benefit of coding and assessing the effectiveness of each search method) and the followers will then update their spatial
locations.

It is assumed that the explorers’ locations will be captured few times, during which they will be able to cross up to 10%
of the entire space in any arbitrary direction. The search will then update the follower’s locations (clusters) according
to the new distribution of the explorers. Both SOM and GA are simulated during these increments. A total of five
increments (updates) were captured and simulated consecutively.

3.4. Simulation Results of Cartesian Planar Coordinates

During the disturbance testing (dynamic testing), GA outperformed the SOM both, in cost optimization as well as speed
of convergence, as shown in Figure 6 below.
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Figure 6 Simulation results for the dynamic representation of data set in the Planar System

SOM have a direct and immediate impact on the placement of the clusters. This explains the fluctuation in the cost
function (it varies over iterations). While the GA retains the locations and allows it to change only if the new locations
achieve more optimal outcome; thus, it gradually and steadily reduces the cost function. In both SOM and GA, the search
method uses the previous spatial locations of the followers (from the previous iteration) as initial positions and
attempts to place them in their new positions.

3.5. Simulation Results of Cartesian Space (3D):

The SOM and GA searches were extended to cluster data sets in the Cartesian space. Representing this work in 3D
provides a new area of practical and interesting implementation in many areas (i.e. material science, cells in tissue,
crystallization of atoms, and guided wrinkling).
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The additional coordinate did not have any significant change on the SOM; however, the number of genes in each
chromosome has increased (as shown in Eqn. 9 below).

In the Cartesian Space:

C = [Myy, Myy, Myy, My, Myy, My, ..., My, My, M |

Di = J(X'i - ij)z + (yl - Myj)z + (Zi - MZ]')Z V] € [1,m] ......................... (9)

Despite the change in the GA and the inclusion of an additional coordinate, the same principles of search were applied.
Figure 7 shows the simulation results of both the SOM and GA using the same data points. SOM optimized the cost
function to 2751 while the GA reduced it to 2686.

Optimization of Cost Function
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Figure 7 Simulation results for the data set in the Cartesian Space

It was observed that SOM was (again) independent of the initial clustering locations even when the correction factor
was changed to 0.999. The same analysis was carried out in the space. The data points were allowed to roam the space
freely to create five successive spatial distributions and both SOM and GA were deployed to find the optimal clusters’
locations. The simulation results appear in Figure 8 below.
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Figure 8 Simulation results for the dynamic representation of data set in the Space (3D)

The GA outperformed SOM in all five cases, with a reduction of cost function between 3-8% compared to SOM.

4. Discussion

Search methods used in this work have been successful at optimizing the cost function to achieve optimal clusters’
positioning in planar and space coordinates. Representing a large distribution of data points using smaller number of
clusters according to certain criteria has many practical applications in science and computing. The current work shows
that GA slightly outperformed SOM in searching for clusters, especially with scaling up the medium from 2D planar
search to 3D space search. GA benefits from its heuristic and loosely structured search process that allows it to
simultaneously exploit many parameters within the search space. This is illustrated in the significant reduction in the
cost function within the first few generations.

SOM, on the other hand, is a structured search method that constantly and incrementally updates the solution set. To
allow it to navigate the search space, SOM should freely position the clusters especially at the beginning of the search.
However, this freedom should be diminished (using a diminishing correction factor) as the search process approaches
global minimum to achieve positioning stability.

5. Conclusion

This work concerns an optimization problem for which Self Organizing Maps (SOMs) as well as Genetic Algorithms
(GAs) were applied to solve. The problem is a recurring one in many areas and so solutions to it are of wider interest.
Clustering data points into a smaller number of representatives (centroids) has many practical applications. For
instance, large companies and public service entities use it to place warehouses, cell towers, hospitals and other facilities
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that optimize such measures as: cost, response time, or service coverage. In computing, this is used in many areas
including signal and image compression as well as in the optimal placement of routers and servers to maximize coverage
while minimizing latency. It was shown that GA outperformed SOM in optimizing the cost function due to the heuristic
nature of its search process.
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