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Abstract

This paper proposes a method to find a tree with the maximum number of terminals that can be connected by a given length

when numerous terminals distributed in a cluster form are given to the Euclidean plane R2 with several constraints. First

constraint is that a given terminal is distributed in a cluster form, second is that a given length cannot connect all terminals in the

tree, and third is that there is no curved connection between each terminal. This paper proposes a method to establish more

efficient interconnections within terminals distributed in a cluster form by improving a randomly distributed memetic genetic

algorithm. The construction of interconnections has been extensively used in design-related fields, from networking to

architecture. Additionally, in real life, the construction of interconnections is mostly distributed in the form of clusters.

Therefore, the heuristic algorithm proposed in this paper can be effectively utilized in real life and is expected to provide various

cost savings.

Index Terms: Cluster distribution, Genetic algorithm, Interconnection graph problem, NP-hardness

I. INTRODUCTION

The problem of maximal interconnection of elements dis-

tributed within a given space has been abstracted in various

industrial fields, from networking to architecture [1]. In this

interconnection construction, all terminals can be connected

to a minimum length using the minimum spanning tree

(MST) algorithm [2]. It has been proven that the problem of

constructing maximum interconnections is NP-hard when the

given length is insufficient to connect all the elements and

heuristic, which builds efficient interconnections through the

memetic genetic algorithm [3].

This paper aims to create a construction method for effi-

cient interconnection when terminals are distributed in a

cluster form through the cluster memetic genetic algorithm,

which is an improved memetic genetic algorithm with a ran-

dom distribution. Most abstracted maximum interconnection

constructions in real life form a distribution of clusters.

Therefore, the cluster memetic genetic algorithm can be used

more efficiently in real life, to generate various cost-reduc-

tion effects [4-7].

II. RELATED WORK

The genetic algorithm proposed in [3] considered estab-

lishing maximum interconnections within a given length

such that not all terminals can be connected when the given

terminals are in the Euclidean plane. Additionally, it proved

that the problem is NP-hard, and proposed a memetic genetic

algorithm for solving it [8-11].

But the terminal in the problem considered in [3] had a

random distribution and did not apply the properties of a

specific type of distribution. Most distributions abstracted in
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real life are in a cluster form. This paper proposes a cluster

memetic genetic algorithm that applies the properties of

cluster distribution by improving the research technique in

[3].

III. GENETIC ALGORITHM REFLECTING CLUSTER 

DISTRIBUTION

A. Pre-processing and Concepts

1) Clustering 

In this paper, we propose each operation such that the cor-

responding properties can be applied in cases wherein the

terminals are distributed in a cluster. Therefore, it is neces-

sary to first distribute these clustered terminals and store the

corresponding information. The K-means algorithm was

used to cluster the given terminals [12, 13]. 

2) Representing Individuals

To proceed with the genetic algorithm, the method of

expressing an individual must be first considered. In this

paper, after clustering a given terminal, the order of the ter-

minals was rearranged by sorting the index in the order of

the stored cluster numbers. Fig. 1 shows an example of the

terminal with the indexes of the individuals placed in a given

order (Case 1, uniform memetic genetic algorithm individual

expression) and the indexes of the individuals rearranged in

the order of the cluster numbers (Case 2, cluster memetic

genetic algorithm individual expression).

Considering the distribution of clustered terminals and

one-point crossover, the good properties of the crossover

individual are scattered when the terminal arranges the

indexes of the individuals in a given order. Therefore, the

individuals are sorted in order of their cluster numbers, and

the indexes are rearranged such that the indexes of the termi-

nal are grouped in a cluster. This allows the child individual

to maintain the good properties of the parent. 

3) Cluster Density

Owing to the characteristics of the cluster distribution,

connecting terminals concentrated in one cluster is better

than connecting those scattered across several clusters. Addi-

tionally, the more terminals that are distributed in a narrow

range, the more terminals that can be connected with less

length. Therefore, the cluster density was defined as an indi-

cator to determine which clusters are advantageous for estab-

lishing interconnections. To obtain the cluster density, an

index is required to determine the area of the cluster. In the

cluster, the upper-left coordinate value is defined by the x

value of the leftmost terminal and the y value of the upper-

most terminal, and the lower-right coordinate value is

defined by the x value of the rightmost terminal and the y

value of the lowermost terminal. A rectangle is defined using

these two coordinate values, and the area of the rectangle is

considered as the area of the cluster. Fig. 2 shows an exam-

ple of the calculation of the area of a cluster.

Subsequently, the cluster density is defined by assuming

that the size of the terminal in the cluster is 1. Equation (1)

is used to obtain the cluster density. However, its size is too

small to be applied in subsequent operations. Therefore, after

obtaining each cluster density, it is normalized to a value

between [0, 1].
 

size = 1.0 (1)

B. Genetic Algorithm

1) Mutation

In a random distribution, different types of individuals can

be created, regardless of the starting terminal. However, in a

cluster distribution, regardless of which terminal in a cluster

starts a connection, similar interconnections are established

and then transferred to another cluster. This allows individu-

Density of cluster i =
# of terminals in cluster i * size

Area of cluster i

Fig. 2. Area of cluster.Fig. 1. Example of relocate Individual.
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als within a population to converge rapidly and hinders suffi-

cient exploration. Therefore, it is necessary to reduce the

convergence speed by setting the mutation probability to be

high. The mutation probability of the cluster memetic genetic

algorithm proposed in this paper was 0.1%.

2) Local Search

The local search of the uniform memetic genetic algorithm

is executed as follows: for the child individual whose adjust-

ment has been completed, the current child individual is not

included, and the terminal closest to the current child indi-

vidual's interconnection information is newly included.

Thereafter, the length currently used by the individual is cal-

culated through MST, and if it is less than the given length,

the process is repeated and the terminal is included. But if

the used length is greater than the given length, the most

recently included terminal is deleted and the individual is

returned. 

Local search is similar to Prim's algorithm in that it

repeats the operation, including the nearest terminal in the

interconnection. However, it even allows for optimal cases

that cannot be considered in Prim's algorithm. This is

because the problem in this paper is that the given length

cannot be connected to all terminals, and that the length is

recalculated whenever a new terminal is included.

Assuming that the graph of the interconnection of the indi-

vidual being computed is G and the length used by G is WG,

the terminal closest to G that is not included is Vi, and the

length to Vi is Wi. Subsequently, if the interconnection graph

of the individual including Vi is G’, Prim's algorithm mea-

sures the length used by G’ as WG + Wi. In this case, the

length used by G’ cannot be guaranteed to be WG + Wi

because Vi is added, the edges from Vi to G terminals should

also be considered, and the existing G interconnection infor-

mation may change. Thus, the length used by G’ can be

smaller than WG + Wi. Local search accounts for these

points and recalculates the used length whenever a new ter-

minal is included; thus, a case that cannot be considered only

by the previous operation can be applied. Fig. 3 shows an

example of a local search. 

Local search is the most important factor in determining

the performance of a memetic genetic algorithm. The local

search of a uniform memetic genetic algorithm only consid-

ers the distance from the current individual's interconnection

information to other terminals. However, owing to the char-

acteristics of cluster distribution, it cannot be guaranteed that

the terminal closest to the current individual interconnection

information is always the best choice. Fig. 4 illustrates the

case wherein a search is impossible with the local search of

a uniform memetic genetic algorithm.

A random distribution can neglect this case, as shown in

Fig. 4. However, cluster distribution cannot be ignored.

Although this is not the minimum distance, it is closely Fig. 4. A case better than previous Local Search.

Fig. 3. Example of Local Search.
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related to the cluster density because terminals are clustered,

and there exists an advantageous terminal for subsequent

connections. Therefore, we propose considering the case

shown in Fig. 4 in the local search.

Such cases can be considered by reflecting the cluster den-

sity along with the distance in the process of including a new

terminal in the local search. Equation (2) can be used for

calculating the level of distance and density (LDD) values

that include the distance in the local search process from the

current interconnection information for a particular terminal

and the density of the cluster to which the terminal belongs.

LDD[k] = A + B (2)

A = α * min

B = β * Cluster of terminals k density (α + β = 1.0)

dist[k] = distance from interconnection of individual to vk

The distance is reflected in the part where α is multiplied

and the cluster density is reflected in the part where β is

multiplied. The LDD value is between [0, 1], and a larger

LDD indicates a more advantageous terminal, thereby con-

necting the terminal. The values of α and β are 0.9 and 0.1,

respectively, which are intuitive values obtained through

experiments. By reflecting the LDD[k] value, it is possible

to secure a search space suitable for the distribution of clus-

tered terminals.

3) Termination Condition

The algorithm is terminated if more than 5,000 generations

occur or if the fitness of an individual in the population

reaches more than 90%.

IV. EXPERIMENTS

A. Benchmark Model

A genetic algorithm is heuristic with randomness and does

not return consistent results. Therefore, a heuristic algorithm

that returns a constant result for performance evaluation

must be defined. The problem of connecting the maximum

number of terminals with a small length can be associated

with the MST. Therefore, the benchmark model was defined

by modifying Prim's algorithm. First, one of the given termi-

nals was selected as the starting terminal. Subsequently, the

process of selecting the terminal closest to the current inter-

connection was repeated until immediately before the given

length. After repeating this process for all given terminals as

a starting point, the tree wherein most terminals are selected

is called MCTL (Minimum Cost Tree close to given Length)

[3]. In this paper, three types of algorithms are compared:

MCTL, uniform memetic genetic, and cluster memetic genetic.

B. Environment of the Experiment

The implementation environment of the experiment was as

follows: Windows 7 Enterprise K (64-bit) operating system

running on an Intel® CoreTM i5-4460 CPU @ 3.20GHz pro-

cessor and 8.00GB of RAM. The heuristic algorithm pro-

posed in this paper was written in C++ using Visual Studio

2017. Because each instance is created in a different form,

the ratio of the number of terminals included in the MCTL,

uniform memetic genetic, and cluster memetic genetic algo-

rithms in this paper is constant; however, the absolute num-

ber is inconsistent. Therefore, a comparable figure is required

for each algorithm. In this paper, this figure is compared

with the percentage of the number of terminals contained by

each algorithm based on the number of terminals contained

by MCTL. This figure represents the quality of the best indi-

vidual (QBI). Equation (3) can be used to calculate the QBI:

 

(3)

Python's Sklearn library was used to create the input for

the experiment, and the assumptions were as follows: the

number of terminals was 1,000 and they were given to a

1,000 × 1,000 Euclidean plane; the number of clusters was

10 and the deviation of each cluster was given randomly;

and the given length was 50% of the minimum distance that

could connect all terminals. 

C. Performance Comparison according to the Heu-
ristic Algorithm

Compared to the uniform memetic genetic algorithm, the

degree of superiority of the cluster memetic genetic algo-

rithm proposed in this paper is compared with the QBI

value. Additionally, by comparing the QBI values of the

cluster pure genetic algorithm excluding local search from

the cluster memetic genetic algorithm, it can be confirmed

that the local search proposed in this paper works efficiently.

The corresponding QBI value is the average value obtained

by performing an average of 10 experiments for each input

and proceeding equally with 30 different inputs. Fig. 5

shows a graph comparing the QBI values for each heuristic

algorithm.

As evident from Fig. 5, the cluster memetic genetic algo-

rithm showed 5.1% and 22.8% better QBIs than the uniform

memetic genetic and the MCTL algorithms, respectively.

Considering that MCTL connects an average of 533 termi-

nals to 30 inputs, the cluster memetic genetic algorithm con-

nects 126 more terminals than MCTL and 27 more terminals

than the uniform memetic genetic algorithm. This result

proves that the cluster memetic genetic algorithm is superior

1.0
1

dost k 
------------------ 
  

 

QBI (%) =
# of vertices included in Best Individual

* 100
# of vertices included in the MCTL
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to the uniform memetic genetic algorithm. Additionally, the

cluster pure genetic algorithm has a QBI of 91.6%, indicat-

ing that its performance is lower than that of MCTL. This

result proves that the local search proposed in this paper

works efficiently. Table 1 lists the standard deviation of the

experiment, and Table 2 lists the average value of each heu-

ristic algorithm execution time.

Considering the standard deviations listed in Table 1, the

standard deviation of the cluster memetic genetic algorithm

is approximately 1.0 less than that of the uniform memetic

genetic algorithm. This proves that the cluster memetic

genetic algorithm is more stable and reliable than the uni-

form-memetic genetic algorithm.

D. Performance Comparison according to Cluster 
Density

As a result of the part C experiment, the value of QBI for

each input showed a tendency to pivot according to the den-

sity of the cluster. Therefore, we analyzed the best perfor-

mance when each cluster was distributed at a certain density

in the cluster memetic genetic algorithm. The corresponding

QBI value is the average value obtained by performing an

average of 20 experiments for each input and proceeding

equally with 10 different inputs. Each input consists of Lev-

els 1–10, wherein the cluster density of Level 1 is very large,

whereas that of Level 10 is very small to form a random dis-

tribution. At this time, the densities of all the clusters of

each instance are the same. Fig. 6 shows a graph that

describes the change in the QBI value of the cluster memetic

genetic algorithm according to the cluster density.

As observed in Fig. 6, each cluster exhibits the best per-

formance at Level 6, which is in the center of a very large

density state and an arbitrary distribution. The values in the

experiment showed poor overall performance compared with

the experiments based on heuristic algorithm. This is because

the corresponding experimental input has almost the same

density for all clusters; therefore, the LDD of the local

search reflecting the cluster density did not become an envi-

ronment wherein the search space could be expanded. This

proves that the LDD of the local search proposed in this

paper appropriately expands the search space in a normal

environment.

V. CONCLUSIONS

To solve the NP-hard problem of connecting the maximum

number of terminals with a given length such that not all ter-

minals can be connected, a method using the uniform memetic

genetic algorithm has been proposed. However, it only con-

sidered a random distribution environment and did not con-

sider a special type of terminal distribution. Therefore, this

paper proposed a method of connecting the maximum num-

ber of terminals within a given length when the terminals are

distributed in a cluster form. Additionally, by comparing it

with existing methods, it was proved that it can derive an

individual of better quality. The distribution of terminals

abstracted in real life is generally in a cluster form. There-

fore, the method proposed in this paper is closely related to

real life, and significant cost reductions are expected in vari-

ous fields. The interconnection of the real world has many

specificities in addition to a specific distribution. For exam-

ple, obstacles may exist in a connected environment and the

connected edges can be nonlinear. Developing a new method

to reflect this particularity remains a challenge for future

research.

Fig. 6. QBI according to cluster density.

Fig. 5. QBI of each heuristic.

Table 1. Standard deviation of Fig. 5(based on QBI)

Cluster Pure GA Uniform Memetic GA Cluster Memetic GA

2.2846 2.6719 1.7523

Table 2. Runtime of Fig. 5

Cluster Pure GA MCTL

Runtime(sec) 13.0815 4.2458

Uniform Memetic GA Cluster Memetic GA

Runtime(sec) 180.6390 119.5750
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