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Abstract
Socio-technical systems are characterized by dynamic relations between human actors, organizations, and
technical components, requiring sophisticated mathematical and engineering methods for their modelling,
analysis, and optimization. Graphs have been recognized as an efficient and powerful abstraction for
modelling and analysing these systems, while graph clustering plays an important role in analysing
and optimizing their structure and characteristics. A method for graph clustering based on attribute
similarity of neighbouring nodes is introduced in this paper. The method contains two algorithms, the
first one for checking similarity between neighbouring nodes and the second one for merging similar
neighbouring nodes into clusters. The implementation of the method for determining the minimal
number of air pollution measurement stations dispersed in urban city environments is presented to
illustrate a possible scenario of use. Implementation is based on simulation of the method in a simulation
environment that creates initial scenarios with measurement stations presented as graph nodes, create
data sets for measurement stations, and calculates the minimal number of measurement stations by using
the presented graph clustering method.
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1. Introduction

Socio-technical systems (STS) are complex and dynamic systems characterized by relationships
and interplay between humans, organizational structures, and technical elements, aimed at
achieving specific objectives and behaviours [1, 2, 3]. In general, these systems have complex
topologies and very heterogeneous structures [4], the understanding of which requires dual
focus and diverse and broad knowledge of both technical and social disciplines [5, 6]. These
systems emerge in diverse domains such as healthcare, education, transportation, logistics,
social networks, cyber security, and collaborative software development. Modelling such
systems includes capturing their structural and behavioural aspects. Graph-based models have
emerged and are accepted as a powerful abstraction for representing complex networks in STSs
[7, 8, 9], where nodes denote both human and technical entities, while edges denote interactions
or relations between them. Graph-based models can effectively represent the complexity of
systems, enabling easy and efficient analysis by applying various mathematical methods [10].
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Clusters in the context of graphs are sets of nodes that have stronger relationships with
each other within a cluster than with nodes in other clusters [11, 12]. Within the context of
complex STSs, graph clustering methods play a crucial role in uncovering the latent structures
of socio-technical networks and in grouping existing entities into specific clusters to improve
system performance and scalability, and to enhance resilience [11, 13]. Graph clustering enables
detection of functional or social communities and groups, communication bottlenecks and
potential structural vulnerabilities. The flexibility of graph clustering methods enables their
adaptation to weighted, directed, dynamic, or multilayer networks, making them suitable for
analysing a wide range of STSs [14, 15].

The objective of the presented research is to present a method for graph clustering by checking
similarity between neighbouring nodes in a sequence of discrete time moments (observations).
The nodes that satisfy the similarity criteria for observed period are merged into clusters, leading
to the minimal graph structure derived from the initial graph. For the validation of the method, a
simulation environment that generates simulation scenarios with initial graphs and air pollution
datasets is created. The implementation of the proposed graph clustering method in the case of
determining minimal number of air pollution measurement stations in urban environments is
presented for the city of Zrenjanin in Serbia.

2. Graph Clustering in Socio-Technical Systems

Clustering is a process of grouping data in an unsupervised manner based on a similarity
measure by analysing underlying structure of complex data in a given heterogeneous context
[16, 17, 18]. The result of clustering are clusters in which are highly correlated data. Graph
clustering relates to grouping nodes in clusters by considering some similarity measure for
nodes and edges in the graph [11]. Since the field of graph clustering is very attractive for
modern socio-technical systems and new methods and algorithms are emerging [19], the aim
of this review is only to gain insight into the field, and not to provide a complete overview of
existing methods.

In general, there are two approaches to graph clustering: (1) Classifying nodes into clusters
based on the node similarity measures for all nodes in the graph, and (2) Computing a fitness
measure over the set of possible clusters to inform the decision on how good or useful clustering
is.

For this research, the first group of approaches is of interest because the method proposed in
the next section can be classified as node similarity-based clustering method. For this group of
methods, the need for grouping nodes in the same cluster is directly related to their similarity.
Instead of a similarity measure, a distance measure can be used, which suggests where the
cluster boundary should be located, so that including more outside nodes would not drastically
increase the intra-cluster distances [11]. Choosing the most suitable similarity or distance
measure depends on the implementation domain and stated clustering task, and for that purpose
may be used node or edge properties. A variety of graph clustering methods based on similarity
measures have been proposed, like a graph-theoretic clustering method based on the Highly
Connected Subgraphs (HCS) algorithm that identifies clusters as highly connected subgraphs
[20], a new clustering algorithm based on graph connectivity that builds a similarity graph from
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data and identifies clusters as connected subgraphs [21], a multi-similarity spectral clustering
method for community detection in dynamic networks that creates similarity matrices per time
slice based on attributes and topology of the network [22], and a spectral clustering method
based on local similarity derived from shared neighbours [23].

Insight into recent literature revealed the use of graph clustering in a variety of domains,
such as the reengineering of software architecture [24], software defect prediction [25], smart
city resource management [26], cyber-physical power grids [27], or community detection in
social networks [28]. Due to the importance of graph clustering in many scientific fields, and its
use in a large variety of human life domains, some recent review articles present more detailed
reviews of graph clustering methods, such as a review of novel clustering methods [17], a review
of fast clustering methods [18], or a review of attributed graphs in which both nodes and edges
have attributes describing them [29].

3. Experience

This paper presents a method for minimizing the number of nodes in a graph by merging
neighbouring nodes that possess similar characteristics, and model implementation in a simula-
tion environment for minimizing the number of air pollution measurement stations in urban
environment. The model involves comparing a predefined set of attributes among adjacent
nodes, and when the similarity between them exceeds a specified threshold, the nodes are
assigned to the same cluster.

In this section, a graph clustering method and its implementation in a study aimed at deter-
mining the minimal number of air pollution measurement stations in urban environments [30]
are described. The focus on the article [30] is on detailed presentation of the the implementation
of the method in case of the city of Zrenjanin in Serbia, while the focus of this paper is on a
detailed presentation of the graph clustering method, especially on algorithms for checking
node similarity and merging similar nodes into clusters.

3.1. A Method for Graph Clustering Based on Attribute Similarity of
Neighbouring Nodes

The method constructs a clustered graph by determining similarity between neighbouring
vertices (nodes) in an unweighted and undirected graph defined as 𝐺 = (𝑉,𝐸), where 𝑉 is a
set of 𝑀 vertices and 𝐸 is a set of edges.

To simplify comparison and merging of neighbouring nodes, a graph is presented as a
set of adjacency lists associated to nodes. Adjacency list for node 𝑣 is defined as 𝐴𝑑𝑗(𝑣) =
{𝑢 ∈ 𝑉 |{𝑣, 𝑢} ∈ 𝐸}.

Description of the method assumes setting up the basis of the scenario for presenting and
manipulating unweighted and undirected graph in 𝑁 observations in discrete time moments
(observations). These basis includes:

• The graph contains 𝑀 nodes 𝑣𝑖, where 𝑖 = 1, ...,𝑀 .
• Each node 𝑣𝑖 is presented with a set of 𝐾 attributes 𝑎ℎ, where ℎ = 1, ...,𝐾 . The values

of each attribute 𝑎ℎ are in the set [𝑚𝑖𝑛ℎ,𝑚𝑎𝑥ℎ].
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• For each node, 𝑁 observations in discrete time moments of each attribute are considered,
so we have 𝑎ℎ𝑖𝑝, where 𝑝 = 1, ..., 𝑁 . The naming convention is that for each attribute,
the attribute index is first listed, then the node index, and finally the observation index.

The method execution is divided in two phases. In the first phase, similarity between
neighbouring nodes is checked and a similarity matrix 𝑆 is constructed for the graph. In the
second phase, merging of similar nodes into clusters is based on values in the similarity matrix
𝑆 and node similarity threshold 𝑇 .

3.1.1. Checking the Similarity of Nodes

The similarity check is based on comparing the corresponding attributes of all nodes (e.g., the
ℎ−th attributes of nodes are compared with each other). For this similarity check, the similarity
threshold of the ℎ−th attribute is defined as 𝑇ℎ. The corresponding attributes are similar if
their absolute difference is less than 𝑇ℎ.

For each individual observation of the graph at a discrete observation moment 𝑝, a threshold
of nodes similarity 𝐾𝑇 is defined based on the number of similar attributes, where 1 < 𝐾𝑇 < 𝐾 .
Nodes are similar if they have at least 𝐾𝑇 similar attributes at the observed moment 𝑝.

To observe the similarity of nodes at the level of a selected observation moment 𝑝, a notation
for the similarity of nodes 𝑖 and 𝑗 at the observation moment 𝑜𝑠𝑖𝑗𝑝 (observation similarity) is
introduced. The total similarity of two nodes after comparing in all observation moments is the
value 𝑠𝑖𝑗 and it is entered into the similarity matrix 𝑆 of the graph 𝐺. Pseudo algorithm for
creating the similarity matrix 𝑆 for graph 𝐺 is presented in Algorithm 1.

By executing Algorithm 1, an absolute similarity matrix 𝑆 for the graph 𝐺 is constructed.
Each element 𝑠𝑖𝑗 of the matrix 𝑆 belongs to the set {0, 1, ..., 𝑁}. The higher the value of 𝑠𝑖𝑗 ,
the more similar the nodes 𝑣𝑖 and 𝑣𝑗 are.

3.1.2. Merging Similar Nodes into Clusters

Merging similar neighbouring nodes in a cluster is based on checking how values from absolute
similarity matrix 𝑆 relate to the overall similarity threshold 𝑇 . To simplify notation and further
calculations, the following terms are introduced:

• Relative similarity matrix 𝑅𝑆 with elements 𝜎𝑖𝑗 ∈ [0, 1], which are calculated as 𝜎𝑖𝑗 =
𝑠𝑖𝑗
𝑁 .

• Relative threshold 𝜏 = 𝑇
𝑁 , where 𝜏 ∈ [0, 1]. The greater the similarity of nodes, the closer

the 𝜏 value is to 1.

Further, for the algorithm of merging similar neighbouring nodes into a cluster based on
attribute similarity, it is necessary to introduce the concept of one-dimensional normalized
attributes value 𝐴𝑖 for each node 𝑣𝑖. For this purpose, a maximum value 𝐴ℎ𝑖 = max𝑝𝐴ℎ𝑖𝑝 is
introduced for each attribute 𝑎ℎ for node 𝑣𝑖 for all 𝑁 observations.

Further, normalized maxim value for each attribute 𝑎ℎ for node 𝑣𝑖 is defined as

𝑛𝑜𝑟𝐴ℎ𝑖 =
𝐴ℎ𝑖
𝑚𝑎𝑥ℎ

.
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Algorithm 1 Create the similarity matrix 𝑆 for graph 𝐺

Input: 𝐺 — Initial graph
Input: 𝑀 — Number of nodes
Input: 𝐾 — Number of node attributes
Input: 𝑇ℎ — Similarity threshold of the ℎ/th attribute
Input: 𝐾𝑇 — Number of similar attributes for two nodes
Input: 𝑁 — Number of observations
Output: 𝑆 — Similarity matrix for graph 𝐺
{Check all nodes in graph 𝐺}
for 𝑖 = 1 to 𝑀 do
for 𝑗 = 1 to 𝑀 do
𝑠𝑖𝑗 ← 0
{Check all 𝑁 observations}
for 𝑝 = 1 to 𝑁 do
𝑜𝑠𝑖,𝑗,𝑝 ← 0
{Check all𝐾 attributes of observed nodes}
for ℎ = 1 to 𝐾 do
if |𝑎ℎ,𝑖,𝑝 − 𝑎ℎ,𝑗,𝑝| < 𝑇ℎ then
𝑜𝑠𝑖,𝑗,𝑝 ← 𝑜𝑠𝑖,𝑗,𝑝 + 1

end if
end for
{Update the value for observed nodes in similarity matrix}
if 𝑜𝑠𝑖,𝑗,𝑝 ≥ 𝐾𝑇 then
𝑠𝑖𝑗 ← 𝑠𝑖𝑗 + 1

end if
end for

end for
end for

Finally, one-dimensional normalized attributes value is determined as a function𝐴 : 𝑉 → [0, 1].
For a node 𝑣𝑖 it is defined as

𝐴(𝑣𝑖) =
1

𝐾

∑︀
ℎ 𝑛𝑜𝑟𝐴ℎ𝑖.

Based on the the values 𝐴(𝑣𝑖) for initial set of nodes 𝑉 , an ordered list of nodes is created

𝑉 = (𝑣1, 𝑣2, ..., 𝑣𝑀 ), 𝐴(𝑣𝑖) ≥ 𝐴(𝑣𝑖+1)

Since the list of nodes 𝑉 contains initial set of nodes but in new order (with decreasing 𝐴(𝑣𝑖)
values), new adjacency lists are created to reflect new ordering of nodes. New adjacency lists
are 𝐴𝑑𝑗(𝑣𝑖), 𝑖 = 1, ...,𝑀 .

Created list of nodes 𝑉 and adjacency lists 𝐴𝑑𝑗(𝑣𝑖) are used in the algorithm for merging
nodes into clusters by starting from the node with the highest 𝐴(𝑣𝑖), which is 𝑣1. Algorithm
for merging similar neighbouring nodes in clusters is presented in Algorithm 2.
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For storing information about clustered graph after merging nodes into clusters, an empty
Clustered Graph set 𝐶𝐺 = {} is created. The elements of the set 𝐶𝐺 will be calculated as
ordered pairs in the form (𝐶,𝐴𝑑𝑗(𝐶)), where 𝐶 denotes a cluster in the clustered graph, while
𝐴𝑑𝑗(𝐶) denotes edges from the cluster 𝐶 to neighbouring clusters.

Algorithm 2 Create clustered graph by merging similar neighbouring nodes

Input: 𝑉 = {𝑣1, 𝑣2, . . . , 𝑣𝑀}, 𝐴𝑑𝑗(𝑣𝑖) — List of nodes and their adjacency lists
Input: 𝑅𝑆 = [𝜎𝑖,𝑗 ] — Relative similarity matrix
Input: 𝜏 — Relative nodes similarity threshold
Output: 𝐶𝐺 — Clustered graph
𝐶𝐺← ∅
𝐴𝑐𝑡𝑖𝑣𝑒← 𝑣1
{Pass through the list of nodes starting from the node with the highest 𝐴(𝑣𝑖)}
while 𝑁𝐸𝑋𝑇 (𝐴𝑐𝑡𝑖𝑣𝑒) exists do
𝐶(𝐴𝑐𝑡𝑖𝑣𝑒)← {𝐴𝑐𝑡𝑖𝑣𝑒}
for each 𝑣𝑗 ∈ 𝑉 ∖ {𝐴𝑐𝑡𝑖𝑣𝑒} do

Remove 𝐴𝑐𝑡𝑖𝑣𝑒 from 𝐴𝑑𝑗(𝑣𝑗)
end for
{Check a list of adjacent nodes for the active node}
for all 𝑢 ∈ 𝐴𝑑𝑗(𝐴𝑐𝑡𝑖𝑣𝑒) do
if 𝜎𝐴𝑐𝑡𝑖𝑣𝑒,𝑢 ≥ 𝜏 then

{Add adjacency list of node 𝑢 to the adjacency list of the active node}
𝐴𝑑𝑗(𝐴𝑐𝑡𝑖𝑣𝑒)← 𝐴𝑑𝑗(𝐴𝑐𝑡𝑖𝑣𝑒) ∪𝐴𝑑𝑗(𝑢)
{Add node 𝑢 to the cluster of the active node}
𝐶(𝐴𝑐𝑡𝑖𝑣𝑒)← 𝐶(𝐴𝑐𝑡𝑖𝑣𝑒) ∪ {𝑢}
Remove 𝑢 from 𝑉
for each 𝑣𝑗 ∈ 𝑉 ∖ {𝐴𝑐𝑡𝑖𝑣𝑒} do

Remove 𝑢 from 𝐴𝑑𝑗(𝑣𝑗)
end for

end if
end for
{Add the cluster of the active node to the clustered graph}
𝐶𝐺← 𝐶𝐺 ∪ {(𝐶(𝐴𝑐𝑡𝑖𝑣𝑒), 𝐴𝑑𝑗(𝐴𝑐𝑡𝑖𝑣𝑒))}
𝑡𝑒𝑚𝑝← 𝐴𝑐𝑡𝑖𝑣𝑒
𝐴𝑐𝑡𝑖𝑣𝑒← 𝑁𝐸𝑋𝑇 (𝐴𝑐𝑡𝑖𝑣𝑒)
Delete 𝑡𝑒𝑚𝑝

end while

3.2. Method Implementation

Presented graph clustering method is implemented in a study aimed at determining the min-
imum number of air pollution measurement stations in urban city environment [30]. The
implementation assumes covering the entire urban area of the city with a large number of
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Figure 1: Sample graph with measurement stations for air pollution monitoring in urban settings

densely distributed air pollution measurement stations. The measurement stations are repre-
sented as nodes in a graph, each one covering a square region. The edges are constructed to
connect neighbouring measurement stations (square regions). A typical scenario for creating a
graph with nodes representing air pollution measurement stations placed in the city of Zrenjanin
is presented in Figure 1. For the presented scenario measuring stations are 1000 meters apart.

The scenario for distributing measurement stations in the city area assumes considering the
zone types in the city. Measurement stations in residential zones are marked with green circles,
in commercial zones with yellow circles, and in industrial zones with red circles (see Figure 1).
This fact does not affect the graph construction, but it affects the construction of air pollution
data sets for specific zones.

The scenario for monitoring air pollution in the city includes the following pollutants:
Nitrogen Dioxide (NO2), Carbon Monoxide (CO), Sulfur Dioxide (SO2), and Particulate Matter
(PM10 and PM2.5). Typical values for residential, commercial and industrial zones in a city,
taken from leading international air pollution monitoring organizations (European Environment
Agency, World Health Organization) and the World Air Quality Index project are shown in
Table 1. These values are used to generate random datasets for the measurement stations in
corresponding zones.

3.2.1. Simulation Environment

Method implementation includes the design of a simulation environment for creating scenarios
with measurement stations spread over the city area, and data sets for measurement stations
based on their locations in different city zones. A simulation environment is created as a

14



Table 1
Typical values of air pollutants in different city zones used in creating random datasets for measurement
stations in the simulation scenarios

NO2
(µg/m3)

CO
(ppm)

SO2
(µg/m3)

PM10
(µg/m3)

PM2.5
(µg/m3)

Range for residential zones 0–40 0–3 0–10 0–50 0–30
Range for commercial zones 20–60 2–4 4–20 30–70 20–50
Range for industrial zones 40–200 4–50 20–200 100–500 40–150
Average for residential zones 20 1.50 5 25 15
Average for commercial zones 40 3 12 50 35
Average for industrial zones 120 27 110 300 95
Max value for all zones 200 50 200 500 150
Min value for all zones 0 0 0 0 0

software solution implemented with Jakarta EE platform technologies [31]. The simulation
environment enables the creation of the initial graph scenarios and datasets for measurement
stations, and implementation of the presented graph clustering method for determining the
minimal number of measurement stations that cover the whole city area. Datasets are created
as MS Excel files by using Apache POI library [32], which is typical format for air pollution
datasets. Data management and exchange between JEE software components is done by using
XML [33]. The architecture of the created simulation environment is presented in Figure 2.

The two main modules of the simulation environments are Scenario Generator and Scenario
Optimizer. The first one is used for generating scenarios for the simulation, while the second one
analyses created initial scenario and calculates the minimal number of measurement stations
for the city area by implementing the proposed graph clustering method. The Utility module
contains auxiliary functionalities that enable the implementation of scenario creation and
manipulation functionalities (graph manipulation utility, data processing utility, and method
utility).
Scenario Generator uses external data, including local area maps, information about a city

(spread of residential, commercial, and industrial zones), and typical values for air pollution in
urban city areas for creating a scenario.

The measurement stations that remain in the graph actually represent clusters that include
neighbouring measurement stations with similar characteristics of measured values. Each
cluster is represented by one measuring station that has the most critical measured pollutant
values. Each cluster is represented by one measuring station that has the most critical measured
pollutant values.

3.2.2. Method Adaptation

Measurement stations distributed in the city area are treated as nodes in the graph. For each
node, the attributes are measured values for five pollutants: Nitrogen Dioxide (NO2), Carbon
Monoxide (CO), Sulfur Dioxide (SO2), and Particulate Matter (PM10 and PM2.5).

A unit measurement at a measuring station 𝑖 is labelled as 𝑚ℎ𝑖𝑝. Unit measurement 𝑚ℎ𝑖𝑝 cor-
responds to node attribute 𝑎ℎ𝑖𝑝 in the presented clustering method. For the unit of measurement
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Figure 2: Simulation environment architecture

𝑚ℎ𝑖𝑝 the indexes are:

• ℎ = 1, ...,𝐾 – index representing measurement values for pollutants at each node.
• 𝑖 = 1, ...,𝑀 – index representing the node in the set of nodes in the graph.
• 𝑝 = 1, ..., 𝑁 – index representing the ordinal number of a measurement in a set all

measurements.

Checking the similarity of two measured values (the same air pollutant at two neighbouring
measurement stations), the similarity thresholds 𝑇ℎ are defined for each measured value (node
attribute). For each discrete time moment, for all measurement values, the overall similarity
threshold 𝐾𝑇 is set (how many measured values should be similar on neighbouring nodes),
where 1 < 𝐾𝑇 ≤ 𝐾 . The similarity checks for two measured values ℎ of two neighbouring
nodes 𝑖 and 𝑗 at time 𝑝 is calculated as

|𝑚ℎ𝑖𝑝 −𝑚ℎ𝑗𝑝| < 𝑇ℎ × Rangeℎ, where Rangeℎ = maxℎ−minℎ .

If at least 𝐾𝑇 measured values of two neighbouring measurement stations at a given point
𝑝 are similar (satisfy the similarity threshold for that value), overall similarity for these two
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measurement stations in the similarity matrix 𝑆 is increased by 1 (𝑠𝑖𝑗 = 𝑠𝑖𝑗 + 1). Values 𝑇ℎ,
𝑅𝑎𝑛𝑔𝑒ℎ, 𝑚𝑎𝑥ℎ and 𝑚𝑖𝑛ℎ are taken from Table 1 for all measured air pollutants.

After checking the similarity between neighbouring nodes for all N measurements (time
moments), the similarity matrix S contains similarity measures for all neighbouring nodes in
the range from 0 to N. For non-neighboring nodes similarity value is 0. Further, the relative
similarity matrix 𝑅𝑆 with elements 𝜎𝑖𝑗 and the relative threshold 𝜏 = 𝑇

𝑁 are calculated.
The following values were set in the simulation environment to check their influence on the

similarity level between neighbouring nodes:

• Distance between measurement stations: 𝐷𝑖𝑠𝑡 ∈ {500𝑚, 1000𝑚}
• Total number of measurements at each measurement station (simulation of one measure-

ment per day) 𝑁 = 60.
• 𝑇ℎ ∈ {10%, 20%}. Threshold 𝑇ℎ is the same for all pollutants to simplify the simulation.
• 𝐾𝑇 ∈ {𝐾 − 1,𝐾}, where 𝐾 = 5
• 𝜏 ∈ {0.8, 0.9, 1.0}

3.2.3. Results

Simulation was performed for two global scenarios. The first one has a 500m distance between
measurement stations and 92 measurement stations, while the second one has a 1000m distance
between measurement stations and 30 dispersed measurement stations. The total number of
measurements 𝑁 in both cases is 60. With proposed variations of parameters 𝑇ℎ, 𝐾𝑇 and 𝜏 ,
12 different sub-scenarios can be identified for both global scenarios, and for each scenario 10
simulations with 10 different datasets were performed.

The construction of a graph with a minimum number of measurement stations by clustering
the initial graph is shown in Figure 3. For illustration, an example scenario with 30 measuring
stations with the distance of 500m, 𝑇ℎ = 20 , 𝐾𝑇 = 𝐾 − 1, and 𝜏 = 0.8 is shown. The
resulting minimal graph contains 7 nodes representing the 7 resulting clusters, and represents
the scenario with the highest minimization of 77%.

As a result of 10 simulations , the average number for the minimal number of measurement
stations is rounded to an integer value. After this initial simulation (the 1st phase minimization),
the five control simulations were performed (the 2nd phase minimization) with five created
minimal graphs and five new datasets for air pollutants. The results of minimizing the number
of measuring stations in percentages for scenarios with 1000m and 500m distances between
measuring stations are shown in Tables 2 and 3 respectively. For labelling different scenarios in
Tables the following format is used: (𝐷𝑖𝑠𝑡, 𝑇ℎ,𝐾𝑇 , 𝜏).

The results obtained from the simulation indicate the following:

• Greater minimization of the number of measurement stations is obtained when the initial
number of stations is 30, i.e., when the initial distance between the measurement stations
is larger. This means that increasing the initial number of measurement stations will not
lead to a more efficient minimization of the number of stations.

• Simulation results after the control simulations for all scenarios are, in the majority of
cases, the same or slightly different than the results after the initial simulation (insignifi-
cant minimization of the graph). These results confirm the correctness and efficiency of
the presented graph clustering method.
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Figure 3: Creating a graph with a minimum number of measurement stations by clustering the initial
graph

3.3. Discussion

The main advantages of the presented graph clustering method and presented simulation
environment are their adaptability and extensibility.

Method adaptability is reflected in the selection of simulation parameters in the method, such
as thresholds for determining the similarity of neighbouring nodes (attribute-related thresholds
and node-related thresholds ), the number of attributes per node, and the number of time points
for observing nodes. In addition, different application scenarios may require adaptation of the
similarity checking method at the level of individual or all node attributes, but also at the level
of the nodes themselves (e.g., if we consider different social networks, professional or expert
networks, distributed algorithms for complex engineering or scientific calculations, urban traffic
and logistic networks).

Method extensibility is reflected in the addition of new variables that can affect nodes’ attributes
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Table 2
Minimization in percentage of initial graphs with measurement stations distance of 1000m

Scenario 1st phase Minimization [%] 2nd phase Minimization [%]
S(1000,10,K-1,0.8) 70 70
S(1000,10,K-1,0.9) 53 57
S(1000,10,K-1,1.0) 3 3
S(1000,10,K,0.8) 60 60
S(1000,10,K,0.9) 43 43
S(1000,10,K,1.0) 0 0
S(1000,20,K-1,0.8) 77 77
S(1000,20,K-1,0.9) 63 63
S(1000,20,K-1,1.0) 10 10
S(1000,20,K,0.8) 53 57
S(1000,20,K,0.9) 47 47
S(1000,20,K,1.0) 3 3

Table 3
Minimization in percentage of initial graphs with measurement stations distance of 500m

Scenario 1st phase Minimization [%] 2nd phase Minimization [%]
S(500,10,K-1,0.8) 66 67
S(500,10,K-1,0.9) 48 48
S(500,10,K-1,1.0) 2 2
S(500,10,K,0.8) 51 51
S(500,10,K,0.9) 34 34
S(500,10,K,1.0) 0 0
S(500,20,K-1,0.8) 68 70
S(500,20,K-1,0.9) 55 55
S(500,20,K-1,1.0) 8 8
S(500,20,K,0.8) 54 54
S(500,20,K,0.9) 38 38
S(500,20,K,1.0) 4 4

in a way that nodes mutually affect each other, leading to the use of directed and weighted
graphs (for example, modelling weather conditions in the presented implementation of the
clustering method, where wind direction may influence air pollutants in different city zones).
Simulation environment extensibility relates to enabling the support for importing datasets

from other sources and in other formats such as XML or JSON, which are commonly used in
distributed software systems. This would enable testing the presented method with different
datasets and potentially improving its characteristics.

And finally, the use of simulation environments for testing and fine-tuning specific methods
is cost and time-effective, especially in the case of their implementation in complex distributed
environments. In the presented implementation scenario, it is easier and cheaper to simulate and
test measurements of air pollutants in the simulation environment than to install and maintain
a set of measurement stations over a long time period to achieve the optimal or minimal number
of measurement stations.
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4. Conclusions

This paper presents a novel method for graph clustering based on node attribute similarity, to-
gether with a simulation environment for validating the method. In addition, method adaptation
and implementation for determining the minimal number of air pollution measurement stations
in urban settings is presented. Despite the stated advantages and benefits of the presented
method and simulation environment, several future research directions are interesting for
additional validation and improvements of the presented method.

The first research direction relates to comparing the proposed clustering method with other
graph clustering methods on the same datasets. These comparisons will enable positioning
this method in the area of graph clustering methods and help in finding potential method
improvements.

The second research direction relates to developing more specific similarity measures based
on the probability of potential states of nodes and their attributes over a long period, the
semantics of the data stored in node attributes, or the correlation among data in node attributes.

And finally, the development and improvement of the simulation environment, and its evolu-
tion to a real system used in specific socio-technical systems (social networks, recommendation
systems, logistics and transportation, natural eco systems), is an attractive direction, leading to
empirical testing of the correctness and usability of the proposed method.
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