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Abstract

The large-scale interconnection of electricity networks has been one of the most important investments made
by electric companies, and this trend is expected to continue in the future. One of the research topics in this
field is the application of graph-based analysis to identify the characteristics of power grids. In particular,
the application of community detection techniques allows for the identification of network elements that
share valuable properties by partitioning a network into some loosely coupled sub-networks (communities)
of similar scale, such that nodes within a community are densely linked, while connections between different
communities are more sparse. This paper proposes the use of competitive genetic algorithms to rapidly
detect any number of community structures in complex grid networks. Results obtained in several national-
scale high voltage transmission networks, including Italy, Germany, France, the Iberian peninsula (Spain
and Portugal), Texas (US), and the IEEE 118 bus test case that represents a portion of the American
Electric Power System (in the Midwestern US), show the good performance of genetic algorithms to detect
communities in power grids. In addition to the topological analysis of the networks representing power grids,
it is discussed the implications of these results from the viewpoint of the engineering task, and how they

could be used to analyse the vulnerability risk of power grids to avoid large-scale cascading failures.
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1. Introduction

The growing demand for electricity has involved that high voltage transmission networks have become one
of the most important infrastructures in our society societies [1]. Furthermore, the complexity of power grids
has increased with economic development, necessitating the application of robust control and optimisation
strategies to manage large-scale systems [22].

Different studies have shown that graph-based network analysis is a powerful tool for describing many
real systems in a variety of fields [3], including engineering tasks [10, 38, 43]. Community structure is an
important feature of graphs representing real systems, since many real networks have clusters, with many
edges connecting nodes within the same cluster, and comparatively few edges connecting to nodes in different
clusters. Finding the optimal partition of the vertices of a graph into clusters such that the corresponding
modularity [27] is maximised is an NP-hard problem [25, 9]. As community detection is a difficult problem,
complex computational and mathematical techniques are needed.

Some authors have applied community detection techniques to manage small and medium-sized power
grids [4, 29, 30, 37], but a little attention has been paid to solve this problem in national-scale electrical
networks. To cover this gap in the literature, this paper analyses the performance of evolutionary approaches
for solving the community detection problem with applications to several national-scale high voltage power
grids. These algorithms, which are guided by the modularity index [27] and consider different degrees of
abstraction (i.e. detect any number of communities), allow for a flexible and adaptive analysis of the grid
by considering different levels of detail.

The remainder of the paper is organised as follows: Section 2 briefly describes the problem of community
detection in graphs, and revises some previous studies that have been applied to electrical grids. Section 3
presents the main characteristics of two genetic algorithms used to solve the community detection problem in
graphs. Section 4 presents an empirical study that compares the performance of these methods in detecting
communities in five national-scale grids. Section 5 discuss the results and the implications of the work on

the engineering domain, with emphasis in the possibility of using the proposed methods for contingency
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analysis. Finally, The conclusions of this work are provided in Section 6.

2. Related work

Electricity networks have been built since the end of the XIX century [24]. Electrification still continues
today, leading to a high degree of interconnection spanning states and now reaching a continental scale. In
the past, the distribution system was unidirectional, distributing electricity from a small number of large
power plants down to end users, whose demand was generally regarded as rigid and exogenous. However, grid
operation has changed significantly in recent decades for several reasons, including the integration of variable
output renewable energy sources [7]. The popularity of renewable energy has led electricity generated in
power plants to be complemented by renewable power sources, some of which are located in industrial
installations and residential buildings, with the result that the distribution system has become bidirectional.
Moreover, the use of renewable sources has presented an alternative to grid extension for remote village
electrification [21]. Unfortunately, the uncertainty and variability of wind and solar generation affects the
grid operations, although some recent studies have shown that these inconveniences can be mitigated by
balancing the variability of renewable sources using the transmission grid and balancing with storage [35].

The growing worldwide demand for electricity, together with the inclusion of new power plants, requires
increasing grid connectivity and applying complex control methods. Some recent investigations have pro-
posed the analysis of power grid infrastructures using graph-based complex network analysis techniques [29].
Usually, the nodes of the network represent the power plants, distribution substations and transmission sub-
stations, while the edges correspond to transmission lines. Advances in computer science have allowed for
the efficient representation, management and processing of large amounts of data, including graph-based
networks representing real systems. The application of graph-based analysis techniques has allowed for the
analysis of the topological structure of networks representing power grids [2]. For example, some studies
have analysed the vulnerability of power grids to blackout using graph topological indexes [17].

All complex systems share a common characteristic: community structures [26]. Communities consist

of groups of nodes inside a network that are more densely connected with each other than with the re-



maining nodes of the network. As the nodes belonging to the same community have a higher likelihood
of interaction, detecting those communities can reveal characteristics or functional relationships in a given
network. Therefore, the community detection problem consists of partitioning the nodes in a network into
groups such that there are many edges connecting nodes within the same group, and comparatively few
edges connecting nodes in different groups. In the case of power grids, communities represent high-voltage

lines that are densely connected.

2.1. Community detection in power grids

Some studies have applied community detection to power grids. In [4], a method was proposed that
used a node similarity index to assign each node to the community sharing maximum similarity. These
approaches exhibited good performance in a set of experiments performed on several IEEE standard power
grids. Some authors have analyzed the optimal phasor measurement unit placement problem and have used
algorithms for community detection to identify coherent groups based on an equivalent graph of generator
nodes [11]. Another study presented a hierarchical spectral clustering method that reveals the internal
connectivity structure of the power transmission capability of islanding systems using a network with nodes
and links representing buses and electrical transmission lines, respectively [37]. Some investigations have
analysed the possibility of using community detection for islanding power systems as an emergency response
to isolate failures that might propagate and lead to major disturbances [30]. Community detection has also
been applied to analyze the vulnerability of the power systems under terrorist attacks [40], among other

applications.

3. Evolutionary algorithms

Evolutionary computation [8] is a research field closely related to computational intelligence that is
focused on designing algorithms to solve complex global optimisation problems. Evolutionary algorithms
are problem-solving procedures that include evolutionary processes as the key design elements. In particular,
an evolutionary algorithm consists of a population of individuals that continually and selectively evolve until

a termination criterion is fulfilled.



Among evolutionary techniques, Genetic Algorithms (GAs) [13] are likely the most widely used. A
genetic algorithm mimics natural selection by evolving a population of individual solutions to the problem
at hand over time until a termination condition is fulfilled and the best individual is taken as an acceptable
solution. Two of the most important characteristics of GAs are the representation used (e.g., binary or real)
and the genetic operators employed (e.g., mutation and crossover).

As the community detection problem is highly complex, researchers have applied heuristics and meta-
heuristics to obtain high quality solutions with a reduced runtime. In particular, GAs are selected because
they have been used to solve many electrical problems [5, 33, 34, 39, 42].In this study, two genetic algo-
rithms have been adapted to solve community detection problems in power grids. These recently proposed
algorithms (MIGA and GGA+) have been shown to be more effective than other approaches to community

detection based on benchmarks typically used to compare algorithms for this problem.

e The Modularity and Improved Genetic Algorithm (MIGA) [36] takes the modularity (@) as the ob-
jective function, and uses the number of community structures as prior information to improve the
stability and accuracy of community detection. MIGA also uses Simulated Annealing [18] as a local

search strategy.

e The Generational Genetic Algorithm (GGA+) [12] includes efficient and safe initialisation methods in
which a maximum node size is assigned to each community. Several operators are applied to migrate
or exchange nodes between communities while using the modularity function as the objective function.
An important feature of GGA+ is that it is able to rapidly obtain community partitions with different

degrees of abstraction. Additional

4. Empirical study

This section analyses the performance of the MIGA and GGA+ algorithms in detecting communities in
several national-scale high voltage transmission networks with different characteristics. Neglecting complex

electrical properties, the nodes of the network represent the power plants, distribution and transmission



substations, while the edges correspond to transmission lines. In this way, the power grid is simplified as an

undirectional and unweighted network.

4.1. Modularity

Most optimisation methods apply modularity to detect communities in networks. Modularity [27] may
be the most extensively applied objective functions in community detection due to its simplicity and ease
of calculation. Modularity provides a numerical value that represents the quality of the solution, such that
the greater the value is, the more accurate the community structure. Therefore, the aim of the algorithms

is to maximize the value of Modularity (Q), which is defined as:

1 KK,
Q= g7 2 (o~ 557
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where M represents the total number of edges in the network; the sub-indices 7 and j indicate two nodes
(vertices) of the network; K; and K, are the degree of the i-th and j-th nodes, respectively; the parameter
a;; is the element of the i-th row and the j-th column of the adjacency matrix; and 6(¢, j) represents the
relationship between the i-th node and the j-th node, such that if node ¢ and node j are in the same
community, §(4,7) = 1; otherwise, §(i,j) = 0.

Therefore, taking into account the previous definition, the community detection problem consist of finding
a network partition that maximizes modularity, Q. This problem has been proven to be NP-hard [9, 25].

This is indeed the reason why heuristics and metaheuristics are used [32].

4.2. Test cases

To analyse the performance of the genetic algorithms, several case studies have been considered. On
the one hand, it is used the IEEE 118 bus test case, which represents a portion of the American Electric
Power System (in the Midwestern US) as of December, 1962. This network, which contains 118 buses, 186
branches, 54 thermal generators and 91 load sides, has been selected to compare the performance of GGA+
with the node similarity index proposed in [4]. On the other hand, the graph models of a five national-

scale power grids are considered. Four are European power grids: Italy, including Sardinia and Sicily,
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Germany, the continental territory of France, and the Iberian peninsula, including the Balearic islands.
The graph models were obtained from the Transmission System Map, which includes information about
the transmission system network operated by members of the European Network of Transmission System
Operators for Electricity (ENTSO-E) [6]. The ENTSO-E data is taken and displayed using Gephi [20].
Then, Gephi filters and transformations are used to extract only the nodes that belong to each country. The
result, for each country, is exported from Gephi to a spreadsheet file (.csv) that includes the nodes and the
relationships between nodes (edges). These graphs include transmission lines designed for 220kV voltage and
higher and generation stations with a net generation capacity of more than 100MW. Furthermore, it is also
analyzed the graph model of the Texas power grid, the second largest state in the United States (US) by both
area and population. It is well-known that America’s 48 contiguous states (and most of Canada’s population)
receive the bulk of their electricity from three separate electric grids: the huge Eastern Interconnection, the
Western Interconnection, and the relatively small Texas grid [23], which is almost entirely managed by the
Electric Reliability Council of Texas (ERCOT). This network consists of a 2000 bus power system with
electrical transmission lines of 345 kV, 115 kV and 13.8 kV. The synthetic network model was built based
on the statistical analysis of real power systems and public information obtained from the Illinois Center for
a Smarter Electric Grid (ICSEG) [15].

Table 1 describes some graph characteristics of these five high voltage power grids. The surface covered
by these networks range between about 300,000 and 700,000 km?2, and the number of nodes and edges are
almost proportional to the surface area. The dimensions of these networks are significantly larger than those

of other power grids considered in recent studies (see e.g. [4]).

4.8. Parameter configuration

There is no a consensus for establishing an optimal population size, although a larger population size
is often desirable to obtain high quality solutions. The selection of probabilities of applying crossover and
mutation operators also depend of the problem at hand. However, an high crossover operator is often
selected. To perform a fair comparison between the two genetic algorithms, the parameters were adjusted

by means of a sensitivity analysis that consists in carrying out multiple runs of the algorithms with different
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Feature - Power grid IEEE 118 Italy Germany France Iberian peninsula Texas
Approx. surface (km?) N/A 301,338 357,376 551,695 582,918 695,662
Nodes 118 352 438 904 1104 2007
Edges 177 462 662 1163 1416 2607
Average degree 3.03 2.63 3.03 2.57 2.57 2.60
Network diameter 14 39 21 28 40 39
Average path length 6.31 12.67 9.22 12.09 13.17 15.50
Average clustering coefficient 0.18 0.04 0.23 0.05 0.09 0.02

Table 1: Graph description of the power grids used.

population size and probabilities of applying the evolutionary operators. In this paper, they are analysed the

results obtained by different combinations of three parameters: population size (50, 100, and 200 individuals),

probability of crossover (50%, 80%, and 95%), and three values of probability of mutation (10%, 20%, and

50%). To accomplish the sensitivity analysis, 10 independent runs of each of these 27 scenarios are executed.

Table 2 shows the parameters in common and the model-specific parameters used by MIGA and GGA+,

having into account the results of the sensitivity analysis. The experiments were performed on a personal

computer with an Intel Core i7 3630Q) processor (2.4 GHz, 8 GB DDR3 RAM), which executes the application

developed in C# .Net Framework 4. The computational time required to perform each independent run

ranged from a few seconds for GGA+ to a few minutes in the case of the MIGA algorithm, since the latter

uses Simulated Annealing in the search process.

General parameters

Population size

Iterations

Maximum iterations without improvement
Crossover probability
Mutation probability

200
200

50
0.8
0.2

Specific parameters (algorithm)

MIGA Initial temperature = 800000
Cooling rate = 0.99

loop count [= 10

GGA+ Reproduction ratio = 0.2

Table 2: Parameter settings.



4.4. Results and discussion

The accuracy of MIGA and GGA+ is evaluated according to the modularity (Q) values. Table 3 shows the

mean and standard deviation values obtained by both algorithms after 50 independent runs when detecting

from 2 to 10 communities. Based on these results, GGA+ achieves the best mean and standard deviation

in all test instances independently of the number of communities to be detected. These results also indicate

that the larger the problem instance, the greater the advantage of GGA+ with respect to MIGA. Moreover,

the standard deviation (shown between parentheses) obtained from the results of these 50 independent runs

is lower in GGA+ than in MIGA, which denotes the robustness of the results obtained by GGA+.

Number of communities

Test case  Method 2 3 4 5 6 7 8 9 10
MIGA 0,482 0,626 0,701 0,736 0,757 0,774 0,784 0,788 0,788

Ttaly (0,002) (0,005) (0,005) (0,005) (0,007) (0,005) (0,004) (0,004) (0,003)
GGA+ 0,491 0,638 0,715 0,743 0,770 0,787 0,798 0,806 0,810

(0,000) (0,000) (0,001) (0,002) (0,005) (0,001) (0,001) (0,002) (0,002)

MIGA 0,478 0,637 0,707 0,737 0,759 0,769 0,781 0,789 0,793

Germany (0,003) (0,005) (0,004) (0,005) (0,007) (0,006) (0,006) (0,005) (0,004)
GGA+ 0,485 0,643 0,714 0,754 0,784 0,800 0,810 0,814 0,817

(0,001) (0,001) (0,001) (0,003) (0,002) (0,001) (0,001) (0,003) (0,002)

MIGA 0,477 0,636 0,709 0,750 0,776 0,795 0,804 0,811 0,818

France (0,002) (0,003) (0,004) (0,003) (0,005) (0,005) (0,004) (0,003) (0,003)
GGA+ 0,486 0,645 0,720 0,765 0,794 0,818 0,830 0,838 0,842

(0,001) (0,001) (0,001) (0,002) (0,003) (0,001) (0,001) (0,002) (0,002)

MIGA 0,480 0,637 0,712 0,758 0,787 0,812 0,823 0,828 0,832

Iberian (0,002) (0,006) (0,003) (0,005) (0,005) (0,003) (0,003) (0,002) (0,003)
peninsula GGA+ 0,489 0,650 0,727 0,773 0,804 0,829 0,836 0,843 0,851
(0,001) (0,001) (0,002) (0,001) (0,001) (0,001) (0,002) (0,002) (0,002)

MIGA 0,485 0,635 0,704 0,748 0,772 0,789 0,804 0,814 0,826

Texas (0,002) (0,005) (0,004) (0,004) (0,004) (0,003) (0,004) (0,003) (0,003)
GGA+ 0,493 0,654 0,731 0,776 0,804 0,823 0,838 0,851 0,858

(0,001) (0,001) (0,003) (0,002) (0,003) (0,002) (0,004) (0,002) (0,003)

Table 3: Mean (and standard deviation) of the modularity obtained by MIGA and GGA+ after 50 independent runs.

To compare the two algorithms, it is necessary to determine if there are significant differences between

the results obtained by the different methods. With this aim, a one-way ANOVA has been applied, and

the results indicate that the p-value<0.05 in all cases, i.e., the null hypothesis is always rejected, indicating

that there is a significant variation between at least some of the means of the different groups. Therefore,

the results obtained by GGA+ are significantly different from those obtained by MIGA, supporting the



conclusion based on the mean values displayed in Table 3.

Figure 1 shows the communities detected by MIGA and GGA+ in the Iberian peninsula power grid.
These results reveal the significant differences between the two algorithms, especially when the number
of communities increases. Even when detecting two communities, MIGA has some difficulty in assigning
communities in the central part of the graph, while GGA+ obtains clearly differentiated communities. Based
on the data included in these figures and the results in Table 3, GGA+ not only outperforms MIGA, but it
also exhibits good performance in these large networks.

The results obtained by GGA+ are analysed in more detail. Figure 2(a) displays the communities
detected by GGA+ in the Iberian peninsula power grid with different levels of detail. These data reveal that
this algorithm is able to obtain quality solutions even when the number of communities increases. Moreover,
Figure 2(b) provides a different layout based on the Force Atlas2 [16] plugin in Gephi. This visualisation
method builds a force directed layout by simulating a physical system in order to accommodate nodes and
links in a spatial network. Nodes repel each other like charged particles, while edges attract their nodes
like springs. The aim of this method is to help construct a balanced state network that facilitates data
interpretation. The analysis of Figure 2 demonstrates the good performance of GGA+ independently of the
degree of abstraction.

Figure 3 displays the communities detected by GGA+ in the networks representing the power grids
of Italy, Germany and France with 3 and 8 communities, respectively. These results clearly show that
independently of the number of communities, GGA+ detects clearly differentiated communities. In the case
of the Ttalian network (Figure 3(a)), the solution provided by GGA+ clearly divides the Italian power grid
into three communities: north, central and south. The analysis of the communities detected in the German
power grid (Figure 3(b)) also provides interesting results. In particular, the structure of three communities
obtained by GGA+ is coincident with the historical division of Germany during the Cold War, with one
community covering a large area in East Germany and two communities in West Germany covering the north-
central area (British and French sectors) and the south area (American sector). These results coincide with

previous studies that have highlighted that the evolution of electric systems in Europe was largely affected
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(b) MIGA (6 communities) (c) MIGA (10 communities)

(a) MIGA (2 communities)

(e) GGA+ (6 communities) (f) GGA+ (10 communities)

(d) GGA+ (2 communities)

Figure 1: Results obtained by MIGA and GGA+ in the Iberian peninsula network considering 2, 6 and 10 communities.
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Figure 2: Results obtained by GGA+ in the Iberian peninsula and Balearic islands considering from 2 to 10 communities.



(a) GGA+ (3 communities): Italy (b) GGA+ (3 communities): Germany (c) GGA+ (3 communities): France

(d) GGA+ (8 communities): Italy (e) GGA+ (8 communities): Germany (f) GGA+ (8 communities): France

Figure 3: Results obtained by GAA+ in the Italian, German and French power grids considering 3 and 8 communities.
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by political conflicts such as the two world wars, the Cold War and the political separation of Eastern and
Western Europe [31]. The network representing the French power grid exhibits a homogeneous geographical
distribution of high voltage transmission lines, except for the central zone, where the density is slightly lower
than in the south-east and north. When the network is divided into three communities (Figure 3(c)), they
are of similar size, although the north-east and southeast communities cover a smaller area than the central
community. When these three networks are divided into eight communities (Figures 3(d), 3(e), and 3(f))
the connected regions representing each community are of similar size.

Figure 4 presents some solutions obtained by GGA+ in the Texas network with different levels of detail
(3, 4, 5, and 6 communities). A significant concentration of substations and electrical lines is observed
around the major cities in Texas, i.e., Houston, San Antonio, Dallas, and Austin. In fact, Figure 4 shows
that when GGA+ obtains a set of five communities, four communities include these important metropolitan
cities, while the fifth region covers the sparsely populated west region of Texas.

In addition to the comparison using the five previous networks, Figure 5 compares the results obtained
by GGA+ with those obtained by the method recently proposed by [4] in the IEEE 118 bus network. Figure
5(a), shows the one-line diagram of IEEE 118-bus test system including the communities detected by [4],
while Figure 5(b) shows the communities detected by GGA+. Figure 5(c) displays the graph with the
communities detected by [4], which obtains a modularity value of 0.689, while the modularity obtained by
GGA+ (Figure 5(d)) is 0.726. Figure 5(e) shows the difference between both solutions, such that those
nodes (buses) vary from community between the solutions are highlighted with red color with a bigger size.

Therefore, it has also been proved that the genetic algorithm outperforms the method proposed by [4].

5. Implications for power grid design and operation

The results obtained in the previous section show how the genetic algorithms are able to determine
communities in the networks representing national-scale power grids. In addition to the information about
the topological characteristics of these systems, understanding their community structure can be a valuable

information to be considered in the planning, design and operation of power systems.
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Figure 4: Results obtained by GGA+ in the Texas network considering 3, 4, 5 and 6 communities.
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Figure 5: One-line diagram of the IEEE 118-bus test system with eight communities detected by [4] (a) and GGA+ (b). Graph
with the nodes of each community detected by [4] (c) and GGA+ (d), and its differences (e).
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POWER FLOW ANALYSIS
(n-1)-security criterion
Branch From To Ploss Qloss
(failure)  bus  bus (MW) (MVAr)
8 8 5 197,03 1136,16 YES (k={10,11,12,13,14,15,16,17,18,19,20})
51 38 37 169,57 919,93 YES (k={18,19,20})
96 38 65 167,84 906,67 YES (k={2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20})
YES (
YES (

COMMUNITY DETECTION ANALYSIS

Is boundary line in the community detected?

38 26 30 16590 936,08 k={2,4})
36 30 17 150,14 859,82 k={18,19,20})

Table 4: Critical transmission lines -sorted from highest to lowest power losses (Ploss) due to failure in one transmission line
(branch)- that are boundary edges between different communities -graph obtained by GGA+ considering from k=2 to k=20
communities-.

Contingency analysis is often considered in the planning and design stages of power systems to evaluate
their security. A contingency can be defined as a unplanned outage due to the loss or failure of a small
part of the power system (e.g. a transmission line). Since many years ago, power systems engineers perform
contingency analyses on computer models of the power system to evaluate the effects (power losses, overloads,
etc.) resulting from each outage event. Planning studies aim to guarantee the system is able to withstand
sudden disturbances such as electric short circuits or unanticipated loss of system elements [41]. The (n-1)-
security criterion is verified by analyzing power flows considering one component failure (e.g.: a transmission
line is out of service) then determining how this contingency would affect the network operation.

Table 4 shows some results obtained from a n-1 security contingency analysis in the network IEEE 118.
Since this system has 186 branches, the (n-1)-security contingency analysis requires to calculate 186 power
flows. With this aim, a Matlab power system simulation package (Matpower) is used. Table 4 shows the five
most critical transmission lines (branches) in terms of power losses (Ploss). When these results are compared
with the communities detected by GGA+, it is observed an interesting pattern: the most critical branches in
power networks according to the contingency analysis are edges that connect nodes of different communities
obtained by the genetic algorithm. Therefore, as future work, it is planned to perform an exhaustive study
to confirm that the detection of communities in power grids would provide useful information to those power
systems engineers that perform contingency analyses.

On the other hand, it is important to remark that the operation of power systems has changed significantly

in the last years. Traditional electric power distribution systems have been designed on the assumption that
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the sources of power are the primary substations close to conventional power plants [28]. This assumption is
invalidated by the entrance of distributed generation, which allows to generate electricity in plants that are
connected to a distribution network rather than the transmission network. The application of distributed
generation has considerably increased in last years and it is expected to be higher in the near future due to the
emerging utilization of renewable energy resources, including solar panels, micro wind turbines, and combined
heat and power units. This tendency has led to a demand for a new electricity distribution paradigm, such
that there is an increasing interest in the concepts of smart grids and microgrids. A microgrid is a cluster
of both distributed generators and loads which act to cooperate with the main grid or autonomously from
it [14]. In case of an upstream network disturbance, the microgrid is able to disconnect from the main
grid then operating as a self-controlled entity. With this aim, several authors have proposed methods for
island partitioning as a solution to rapidly restore the energy supply of important loads, and to reduce
the outage time [28]. But it is not an easy task, since large power imbalance in the island can lead to
frequency instability, then resulting in a de-energization of part or all of the system [19]. Therefore, as
future work, it will be considered the use of community detection as a partitioning strategy to implement

islanding strategies in power systems.

6. Conclusions

Power systems design is an engineering task consisting in supplying power from power plants to vari-
ous load centers with high reliability, while the systems are operated economically at maximum efficiency.
However, these systems are often affected by contingencies.

This paper analyses the performance of two efficient genetic algorithms (MIGA and GGA+) for solving
community detection problems in national-scale high voltage transmission networks. These approaches use
powerful initialisation methods and evolutionary search operators under the guidance of modularity, and are
able to obtain good quality solutions in different networks. These algorithms enable a flexible and adaptive
analysis of the characteristics of power grids with different levels of detail (number of communities).

The empirical study considers six test cases representing the national-scale high voltage power grids of

18



Italy, Germany, the continental territory of France, the Iberian peninsula (Portugal and Spain, including
the Balearic islands), Texas (US), and the IEEE 118 bus test case that represents a portion of the American
Electric Power System (in the Midwestern). Despite several studies have previously applied community
detection to networks representing power grids, to our knowledge, it is the first study that has empiri-
cally analyzed the performance of evolutionary methods in network representing national-scale power grids.
Moreover, this study is particularly interesting if we take into account that the development of the power
grid in the U.S. was organized according to federal and state regulation, while the power grid in Europe has
traditionally organized country by country.

These results are useful in showing that genetic algorithms are fast and powerful tools to detect com-
munities in national-scale high voltage transmission networks, and they also provide interesting topological
information about the physical distribution and concentration of these grids. In addition, this new knowl-
edge is useful for engineering decision makers since it provides information about the critical elements (lines
in our case) which damage may trigger cascades of failures across the grid and lead to a large blackout.
Future work will be focused to study with more detail how partitions obtained with community detection
algorithms could provide useful information for contingency analysis and islanding strategies. Moreover, it
is expected to apply parallel and multi-objective optimisation methods to solve this problem in national and

continental-scale power grids.
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