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Featured Application: The paper proposes a methodology for the siting and timing of primary
substations and its application to the case study of Milan, Italy.

Abstract: The paper aims to provide primary substations” optimal siting and timing to expand
existing distribution networks. The proposed methodology relies on three main features: a geographic
information system for capturing, elaborating, and displaying spatial input data; a particle swarm
optimization algorithm to locate and timing the new primary substations; a Voronoi diagram-based
approach to find the primary substation service areas and loading. The optimization criteria follow
the approach of serving every customer from the nearest primary substation to ensure that the
distribution delivery distance is as short as possible, reducing feeders’ cost, electric losses, and service
interruption exposure. The algorithm also considers the primary substation transformers’ capacity
limit. Thanks to Unareti, the distribution system operator of Milan and Brescia, the methodology
was tested by carrying out several simulations, progressively increasing the number of new primary
substations. The results obtained confirm the proposed approach’s effectiveness and show that the
methodology is a valuable tool to guide Unareti, and distribution system operators in general, in
expanding distribution networks to face the challenges of the energy transition.

Keywords: energy transition; geographic information systems; particle swarm optimization; power
distribution planning; primary substations

1. Introduction

Primary Substations (PSs) siting, sizing, and timing are strategic decisions in planning
distribution networks (DNs). Although PSs represent a minority of the entire DN cost, PSs
outline DNs’ global shape. PSs are the meeting place between transmission and distribution,
and their locations define the endpoints of the transmission system and the starting points
of the distribution level. Therefore, selecting a poor site from the feeder standpoint can
significantly increase the cost of the whole DN, removing, for instance, the benefits of using
advanced feeder routing planning procedures [1].

Expansion planning of PSs is even more crucial nowadays to prepare DNs to face
the challenges of the energy transition, both in terms of the end user’s consumption
electrification [2] and the deployment and integration of distributed generators [3,4]. The
DN of Milan and Rozzano is not immune to these challenges. The DN is currently managed
by the Distribution System Operator (DSO) Unareti, which needs to install new PSs to
improve reliability and resilience and face the energy transition [5].
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Several papers in the literature deal with DN expansion planning [6]. Some of them
make use of Geographic Information Systems (GIS) [7] and evolutionary algorithms, such
as Genetic Algorithm (GA) [8], Particle Swarm Optimization (PSO) [9], and Tabu Search
(TS) [10]. For instance, paper [11] identifies the potential location for substation develop-
ment by conducting spatial data analysis using GIS software. The method minimizes labor
and logistic costs while at the same time providing better database storage compared to con-
ventional methods. In [12], the authors propose GIS application to distribution substation
planning for the metropolitan electricity authority distribution systems. The main objective
is to serve future load growth and increase the reliability of the distribution systems. GIS is
used in the planning process because it contains comprehensive topological information
on electrical equipment from transmission substations, distribution substations, power
transformers, and distribution transformers to revenue meters at customer sites. It also
gives the number of customers in each feeder and power demand in small areas.

Paper [13] successfully defines the location of substations” optimal use of ArcGIS aid
applications and tools inside it. With this application, the authors may determine the
location that allows building the substation to meet the East Java region’s electricity needs.
Based on data from the state electricity company, the method can optimize the electricity
distribution network using the Voronoi diagram and the Delaunay triangulation. Paper [14]
presents an improved method based on the weighted Voronoi diagram and transportation
model for substation planning, which can optimize the location, capacity, and power
supply range for each substation with minimum investment, evaluating the cost of the
lines, substations’ cost, and annual operating expenses. Many experiments show that the
improved method can get more reasonable and optimized planning results within a shorter
time than other algorithms in the literature. Authors in [15] present a novel and applied
approach based on clustering to determine optimal locations and sizing of sub-transmission
substations with their associated service areas. This optimization aims to minimize fixed
and operation costs while respecting all technical constraints. The proposed model includes
a method for adding planning constraints in a K-means-based algorithm that converts the
K-means-based algorithm into a tool with the most accuracy. The algorithm is then tested
on a real urban network to verify the effectiveness and feasibility of the proposed model.

Paper [16] presents an enhanced evolutionary algorithm to solve large distribution
networks’ static distribution substation planning problem. It is based on a deterministic
heuristic algorithm to find the approximate substation service areas for each substation and
an expert selection strategy that increases the convergence chance to a globally optimal so-
lution. The effects of unreliability within network feeders and substations are investigated
on the obtained layouts. The developed method is applied to four benchmark test systems
and an actual large-scale distribution system with about 140,000 customers. Paper [17]
proposes an innovative approach based on analyzing a raster map in GIS to perform sub-
station expansion planning for a very large-scale real network. This approach provides an
irregular planning mini region to decompose the planning area into irregular mini regions
to tackle large-scale real network expansion planning. Meanwhile, the article develops a
suitable model regarding the concept of a system of systems to bring about collaborative
interactions between mini regions and preserve the integrity of the distribution network.
Simulation is performed for a very large-scale sub-transmission system of Mashhad, con-
sisting of 1,359,410 consumers spread in an area of 11,450 km?, to demonstrate the efficiency
of the proposed methodology. In [18], a multistage multiobjective substation siting and
sizing optimization model is established, considering various constraints such as load flow
constraints, maximum capacity constraints, and power supply radius constraints. The
paper focused on an improved multiobjective genetic algorithm, introduced a two-stage
operator to repair infeasible solutions, and designed a tournament selection operator based
on crowding distance and roulette to prevent early evolution. Lastly, the authors in [19]
present an improved methodology to solve the substation siting and sizing problem based
on geographic information and supervised learning. The proposed approach can optimize
the locations, capacities, and power supply ranges of substations with minimum invest-
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ment. The capital cost of land adds complexity and difficulty to the substation placement
problem, especially for highly developed urban areas. The state-of-the-art parallel com-
puting techniques have been employed so that co-optimization for substations of multiple
voltage levels can be directly conducted in a computational efficient way. Case studies are
presented to demonstrate the effectiveness of the proposed approach.

Although several authors have proposed viable methods, GIS features and applications
on real urban DNs require deeper investigation. Thus, this paper aims to provide an
effective tool for PS optimal siting and timing to expand existing distribution networks.
The proposed approach uses a geographic information system for capturing, elaborating,
and displaying spatial input data and a PSO algorithm to locate and timing the new
primary substations in combination with a Voronoi diagram-based approach to find the
primary substation service areas and loading. GIS data are used to identify potential PS
locations considering the multitude of constraints that characterize urban areas. PSO and
Voronoi diagram algorithms are the optimization framework that guarantees to serve every
customer from the nearest PS to ensure that the distribution delivery distance is as short
as possible, reducing feeder cost, electric losses costs, and service interruption exposure.
Thanks to Unareti, the approach has been tested on the distribution network of Milan and
Rozzano, progressively increasing the number of new primary substations from 1 to 12,
looking for a sensitivity analysis.

The rest of the paper is organized as follows: In Section 2, the technical background
and the problem formulation are reported. The basic concept of PS siting is recapped,
and the main features of the proposed approach are presented. Section 3 introduces the
proposed GIS-based approach, detailing input data preparation, PS optimal siting, and
timing method. Simulation results are reported in Section 4, while conclusions and future
works are given in Section 5.

2. PSs Siting and Timing: Technical Background and Problem Formulation

The PS level must cover the entire utility service territory. The power delivered to each
customer must come through some PSs. Thus, the utility service territory is divided into
several PS service areas, as shown in Figure 1, where a river crosses the service territory.

Figure 1. Example of several PS service areas. Red squares are PS service areas, while green lines are
the service area boundaries.

Each PS service area consists of the part of the service territory the PS serves. Its area
is covered by the Medium Voltage (MV) feeder system emanating from its buses. Usually,
the service area for a PS substation is: contiguous, not broken into two or more separate
parts; exclusive, PS areas do not overlap; roughly circular; centered upon the PS.

Generally speaking, there is an optimum PS location from an economic perspective,
and an optimum location regarding electrical performance, reliability, and service. The
optimal location for a PS from the cost standpoint is rarely the lowest cost site, i.e., resulting
in an overall compromise between all the costs involved in the PS deployment: land cost,
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site preparation cost, cost of getting transmission in and feeders out, and proximity to the
loads it is intended to serve. Moreover, operational issues must be taken into account,
i.e., along with any particular PS site, there is an optimal service area, which is the area,
and load, around that site that is best served by it rather than by any other PS substation.

Generally, every customer in a utility system should be served from the nearest PS.
Serving each customer from the nearest PS ensures that the distribution delivery distance
is as short as possible, reducing feeder costs, electric loss costs, and service interruption
exposure. Therefore, valuable guidelines for optimizing the site, size, and service area
are to serve every customer from the nearest PS, locating PSs close to as many customers
as possible.

Following the aforementioned technical background, the proposed methodology for
siting and timing PSs looks for the optimal service areas while locating the PSs as close as
possible to the loads. The approach is mainly based on the three following features:

1. A GIS for capturing, elaborating, and displaying spatial input data.

2. A PSO algorithm to optimally locate the new PSs.

3. A Voronoi diagram-based approach assesses the PSO solutions quality and finds the
PS service areas.

In the following, a brief introduction to the mentioned features is reported.

2.1. Geographic Information System (GIS)

GISs are used for working with maps and geographic information. They are used to
create and manage maps, compile geographic data, analyze mapped information, and share
and discover geographic information, and data are positively managed in a database. GIS
software provides an infrastructure for making maps and geographic information available
throughout an organization, across a community, or on the Web. Usually, several extensions
can also be added separately to increase the functionality of GIS software. Several exten-
sions provide added functionality, including 3D Analyst, Spatial Analyst, Network Analyst,
Survey Analyst, Tracking Analyst, and Geostatistical Analyst. GISs have emerged as an
essential tool for urban and resource planning and management in the last decades. Their
capacity to store, retrieve, analyze, model, and map large areas with huge volumes of spa-
tial data has led to an extraordinary proliferation of applications. Geographic information
systems are now used for land use planning [20], utility management, ecosystem model-
ing, landscape assessment and planning, transportation and infrastructure planning [21],
market analysis, visual impact analysis [22], facilities management, tax assessment, real
estate analysis, and many other applications. For example, electric utilities can use GIS
software to manage assets and outages, serve customers, facilitate field operations, and
create situational awareness. They can benefit from location-based planning for accounting,
network operations, and countless more departments where the power of location can
advance the network.

2.2. Particle Swarm Optimization (PSO)

PSO, part of the swarm intelligence family, was developed by Eberhart and Kennedy
in 1995 [23]. Initially, it was structured to determine mass behavior; however, programmers
noted its potential for solving many optimization problems. PSO allows solving a problem
through the concept of particles represented by insects, birds, and other organisms. Particles
usually travel in big groups to search for food. Similarly, PSO emulates this behavior as it
initializes a population with several particles that move in the space of solutions. Movement
velocity, or the capability to jump from one solution to another to get the optimal (or close
to it) value, depends on how the PSO has been programmed. There are two determining
factors to the orientation of each particle. The first is own experience, denominated as the
local best pf’“t, which is the best-encountered solution by the particle i. The second is the
global experience, denominated as global best gp.;, which is the best solution obtained so
far by any particle in the population. PSO was first designed for continuous problems, but
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the authors also developed a binary to solve noncontinuous optimization problems, such
as PSs location or distribution feeder reconfiguration.

PSO works as follows; see Figure 2:

Initialize a population of 1 particles with
random positions (x;(t); y;(t)) and velocities
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Figure 2. Flow-chart of the PSO algorithm and the principle of the PSO particle movement.

1.

Initialize a population of n particles with random positions (x;(t); y;(t)) and velocities
(0xi(t);vyi(t)), where t denotes the considered iteration. It is worth noticing that the
positions and velocities can be defined based on the dimensions of the problem space;
For each particle i, evaluate the value of the fitness function;

best(

Compare particle’s fitness with particle’s i personal best p X ppest; ypibest)- If the

particle’s i fitness value is better than pf?“t fitness, then set the pf?“t fitness value equal
to the particle’s i fitness, and the p?“t location equals the particle’s i location;
Compare the fitness of pbe“ with the population’s overall previous fitness gpest (Xpest; Ypest )-
If the pf’“t value is better than g;,s; ones, reset gps; to the particle’s i fitness and location;
Change the velocity and location of the particle according to Equations (1) and (2),
respectively:

vxi(t + 1) = w'vxi(t) +c111- (xp’besf - xi(t)) +c2- 72'(xhest - xi(t))
vyi(t+1) = w-vy(t) +c111- (]/p;aesr - yi(f)> + 2 12 (Yoest — Yi(t))

xi(t+1) = xi(t) + vyi(t+1)
yi(t+1) =y;(t) +v,(t+1)

where r1 and r; are random numbers between 0 and 1, which weight the velocity for
the acceleration toward pb‘”t and gy, locations; constants w, c¢1, and ¢, are parameters
of the PSO algorithm; pf’“t is the position that gives the best fitness value ever explored
by particle i and gy, is the one explored by all the particles in the swarm. The
parameter w is the inertia weight, a constant value between 0 and 1, and determines
how much the particle should keep on with its previous velocity, i.e., the speed and
direction of the search. The parameters c; and c; are called the cognitive and the social
coefficients, respectively. They control how much weight should be given between
refining the particle’s search result and recognizing the swarm’s search result. These
parameters can be considered as the trade-off between exploration and exploitation.
It is worth noticing that, p?*! and (x;(t);y;(t)) are two-position vectors, and their
difference is a vector subtraction. Adding this subtraction to the original velocity

M

@
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(vxi(t);vyi(t)) is to bring the particle back to the position p?*'; similarly, for the

difference gpesr and (x;(t);y;(t)).
6. Loop to step 2 until a criterion is met, usually meeting the target value of the fitness
function or the maximum number of iterations.

2.3. Perpendicular Bisector Rule and the Voronoi Diagram

Given n sites in a two-dimension space sy, s, ..., s, the easiest graphical way of
dividing the space in a tiling of regular polygons is applying the so-called perpendicular
bisector. As shown in Figure 3, the application of this rule consists of the two following
steps: (i) draw a straight line (dashed red lines in Figure 3) between a site (the red square in
Figure 3) and each of its neighbors (the blue squares in Figure 3); (ii) perpendicularly bisect
each of those lines, i.e., divide it in two with a line that intersects it at a ninety-degree angle
(green lines in Figure 3). The second step determines a set of geometrical lines equidistant
among the sites and their neighbors. Then, the set of all such lines around a site encloses
the area closer to it than any other site.

o -

Figure 3. Example of the perpendicular bisector rule.

The Voronoi diagram represents a computerized perpendicular bisector method [24,25].
In mathematics, a Voronoi diagram is a way of dividing space into several regions. A set of
points called sites is specified beforehand, and for each site, there will be a corresponding
region consisting of all points closer to that site than any other. The regions are called
Voronoi cells. Thus, given n sites s1, s, ... , 5, in a distance space (P, d), partition P into
regions 51, Sy, ..., Sy, such that:

Si={pe Pld(ps) <d(ps),i#j} €)

The Euclidean metric can be used as a distance parameter so that the distance d(A, B)
between two points, A and B, is given by the following Equation (4):

d(A,B) = d[(a1,a2), (b1, b2)] = \/(ﬂl —b1)* + (a2 — by)’ 4)

In two dimensions, the Voronoi diagram partitions the plane into cells, edges, and vertices:

e  Voronoi edges: where the closest neighbor of a point changes. Every point on a Voronoi
edge is equidistant from at least two sites.
Voronoi cells: all points closer to a given site than any other site.
Voronoi vertex: the intersection of at least three edges. It is equidistant from at least
three sites.

Figure 4 shows the Voronoi diagram, in two-dimension space, for fifteen sites. The
sites are depicted using red squares, while the Voronoi edges are the green lines.



Appl. Sci. 2022, 12, 6008

7 of 26

Figure 4. Example of a two-dimension space Voronoi diagram for fifteen sites denoted by red squares.

The Voronoi diagram could be used to create the PS service areas. The sites afore-
mentioned are the PSs feeding the DN, and, as a result, Voronoi cells are the service areas
of each PS. To respect the rule of supplying the loads with the closest PS, any secondary
substation (SS) and the related customers should be supplied from the PS of the cell it
belongs to.

Although, defining service areas considering only the geometrical distance is as easy
as incorrect. Electrical information must be taken into account as well. In this sense, it
could be more reasonable to use a weighted Voronoi diagram [26,27]. In mathematics, a
weighted Voronoi diagram is a Voronoi map where cells are defined using a metric that
considers the standard distances, e.g., Euclidean metric, modified by weights assigned to
the site points. Therefore, given  sites s1, sy, ... , 5, and given an associated weight w; for
each site s;, the weighted distance from a point p to a site s; is defined as in (5):

—g;
tu(prsp) = 1L ®)
Referring to this metric, we could select, for each PS, weight proportional to its capacity
and the power density of its service area. Thus, installing a PS with large weight and power,
located in an area with less power density, is closer to many SSs.

3. Proposed GIS-Based Approach

This section presents the proposed GIS-based approach for the siting and timing of
new PSs from a DN expansion planning perspective. First, the information used and
the pre-processing of the input data are reported. Secondly, a detailed description of the
optimal PS siting is presented regarding the PSO algorithm and the weighted Voronoi
diagram approach. Finally, the method for timing the settlement of PSs is explained.

3.1. GIS-Based Input Data Preparation

The procedure’s first step consists of setting up the GIS-based input data using QGIS
software [28]. QGIS is a free and open-source cross-platform desktop GIS application that
supports viewing, editing, and analysis of geospatial data. QGIS allows users to analyze
and edit spatial information and compose and export graphical maps. QGIS supports both
vector layers and raster. On the one hand, vector data is stored as either point, line, or
polygon features. On the other hand, multiple raster image formats are supported, and
the software can georeference the images. QGIS integrates with other open-source GIS
packages, including PostGIS, GRASS GIS, and MapServer. In addition, plugins written in
Python or C++ extend QGIS’s capabilities. Figure 5 shows the flowchart of the input data
preparation procedure.
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Creating the 500 X 500 m
meters grid and the
centroids layers

Locate the existing PSs,
MYV substations and SSs

l

Locate green areas Stop:

and disused or Power demand _
abandoned map

buildings

Based on population density
classify squares in
indoor/outdoor PS

Stop:
Candidate squares
for PSs settlement

Figure 5. Flowchart of the input data preparation procedure.

The proposed approach relies on dividing the municipality of Milan and Rozzano into
polygons of the same dimension. As shown in Figure 6, using the QGIS tool called “create
grid”, a layer of 896 squares, dimensioning 500 m x 500 m each, has been created and
overlapped on the Google satellite image map. The grid has been later cut on the Milan
and Rozzano municipality borders. Moreover, using the QGIS tool called “centroids”, a
point layer containing the centroids of the squares has been created.

Figure 6. Left picture: the considered 500 m x 500 m grid overlapped on the Google satellite image
map; right picture: centroids of each square.

The squares and centroids layers are at the basis of the proposed approach. All the
GIS information needed for the PSs planning, in the form of either punctual or polygonal
layers, is first linked to the related squares and finally to its centroid. In the following, a
detailed description of the input data is reported.
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3.1.1. Power System Data

The power system data considered are related to PS and SSs. Figure 7 shows the
location of the substations: red circles are the PSs owned by Unareti; yellow circles are
the PSs owned by a competitor DSO; in purple are, instead, MV substations supplied by
a PS, thanks to dedicated power cables. The last type of substation has to be intended
as an extension of the supplying PS in another closer location. The developing plan of
Unareti [29] indicates the need for building new PSs to face the coming increase in load
demand. Moreover, the developing plan already reports the expected number and location
of several coming PSs. Therefore, in the optimization approach, the PSs owned by Unareti
are taken as-is, MV substations are potentially convertible into PSs, and the PSs of the
competitor DSOs are neglected.

Figure 7. Location of the PSs and MV substations feeding Milano and Rozzano. Red points are
PSs owned by Unareti; Yellow points are PSs belonging to the competitor DSO; MV substations are
in purple.

Regarding SSs, thanks to the information available in the Unareti database, the grid
has been overlapped with a point layer containing the location and the yearly load profile
of the current SSs. The resulting map, shown in the left image of Figure 8, pictures the
distribution of the SSs in the urban area. To assign a power value to each of the squares, the
QGIS function “joint attributes by location” has been used, intersecting the point layer of
the SSs with the polygon layer of the grid. Considering the right picture in Figure 8, the
yearly load profile of every single cluster results in summing up the load profiles of the
points, the SSs, that fall in their area. It is assumed that, in the following years, the load
related to the current SSs will be in the same location.

Moreover, based on the analysis and assumption reported in the Unareti developing
plan [29], the squares power demand has been updated to take into account the forecasted
evolution of demand and generation in the next ten years, such as new residential areas,
final consumption electrification, electric vehicles, and distributed generators deployment.
It is worth noticing that recent projects for significant urban development could change the
location of the new PSs, especially in the areas of Porta Romana and Milano Innovation
District. The estimates of energy needs were ongoing at the time of modeling development
and simulations, and, therefore, its impact is not included in the simulations input. Finally,
the squares are colored based on their yearly peak power, resulting in the load map shown
in Figure 9. The classification is made using a dedicated feature of QGIS, in the range
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of 100 kW-8 MW. The picture shows a higher load density in the city center than in the
suburban areas.

Figure 8. Left picture: location of the SSs overlapped on the considered grid layer; right picture:
zoom of the point layer containing the SSs and the polygon layer of the grid.

[ <100 kw
. B 100-200 kw
= Il 200-700 kw
[] 700 kw-1mw
m= ] 1-2mw
, B 2-amw
H B smw
B 25mw
EEERS N B ssmw
o W v
me B2

N

Figure 9. Load map considering the yearly peak power.

3.1.2. Green Areas and Disused or Abandoned Buildings

The second ingredient to consider in the PSs expansion planning is the availability of
land space, which is a challenging aspect, especially in urban areas such as Milano and
Rozzano. In the proposed approach, we consider candidate locations the green areas, such
as city parks and agricultural fields, and disused or abandoned buildings. The related
layers have been downloaded from the Lombardy region [30] and Milano geoportals [31].
Figure 10 shows in green the polygon layer of available areas and, using yellow points, the
layer of disused or abandoned buildings. As shown in Figure 11, the green area polygons
are labeled to one of the squares and the disused or abandoned buildings. Finally, the
dimension of the largest green area is attributed to each square, considering the space
available to build a PS. It is worth noting that the squares containing existing MV sub-
stations and the expected PSs reported in the Unareti developing plan are considered
candidate locations.
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Figure 11. Left picture: Google satellite image of several squares; right picture: the layer of green
areas reported in green.

3.1.3. Population Data and PSs Dimension

The last information taken into account is related to population density. As shown in
the left picture of Figure 12, the population is deduced by the census tracts downloaded
from the Milano dataset website [32]. We consider the following classification: low-density
area: population less than 6000 people; medium-density area: population greater than
6000 and less than 15,000; high-density area: population greater than 15,000. It is worth
noticing that the thresholds are chosen by calculating the difference between the census
tracts’ maximum and minimum population and dividing it by three. Based on the classifi-
cation in the righthand picture of Figure 12, the squares are colored in green, low-density;
yellow, medium-density; and red, high-density.

Figure 12. Left picture: classification of census tracts based on the population density (from green,
low density, to red, high density); right picture: representation of the squares based on the area
classification: green for low-density, yellow for medium-density, red for high-density.
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In the proposed approach, the population defines the type of PS, either indoor or out-
door. Considering the dimension of the current Unareti PSs, we set up the following criteria:

e  Outdoor PS: allowed only in low-density areas; needs an available area greater than
6200 m? (corresponding to 2.5% of the size of each square).

e Indoor PS: mandatory in medium and high-density areas; requires at least 2500 m? of
available area (corresponding to 1% of the size of each square).

Finally, mixing all the information, we ended up with the map shown in Figure 13.
The green squares are a candidate to accommodate a PS, while the red squares are not.
Moreover, the map highlights in blue the squares that contain an MV substation without
enough space for a conversion in a PS. The orange squares contain either an MV substation
with enough space to be converted into a PS or the location of expected coming PSs, as
indicated in the Unareti developing plan.

Figure 13. Squares available for PSs settlement: green are the squares able to accommodate a PS;
red are the squares unable to accommodate a PS; blue is the squares that contain an MV substation
without enough space for conversion into a PS, while the orange squares contain either an MV
substation with enough space to be converted into a PS or the location of expected coming PSs, as
indicated in the Unareti developing plan.

As a final statement, it is worth noticing that the approach is highly flexible regarding a
possible change in the input data: additional scenarios can be easily considered by adjusting
the grid maps shown in Figures 9 and 13 with the potential new information available.

3.2. PSs Optimal Siting

This section presents the optimization method for the siting of new PSs. As mentioned
in Section 2, the proposed methodology relies on a combined PSO and Voronoi diagram
approach. Therefore, in the following, the application of PSO combined with the Voronoi
diagram is detailed.

3.2.1. Multi-Site PSO Algorithm for PSs Location

The PSO described in Section 2 considers a single site. However, in the case of PSs
siting, we have to deal with multiple sites corresponding to multiple new PSs. Figure 14
shows an example of installing two new PSs, New PS1 and New PS2, in addition to thirteen
existing PSs: Cur PS1-Cur PS13.
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(]

Cur PS8 Cur ps7

Cur P59

Cur PS6

Cur PS1

Cur P510
New PS1

New PS2
Cur PS5

Cur P52

Cur PS11

Cur PS3
\Cur Psa

Cur PS12

O

Cur PS13

a

Figure 14. Example of siting two new PSs among several others already in place. New PSs are in red
while existing ones are in purple.

As depicted in Table 1, the PSO only modifies the location of the two new PSs, i.e.,
(xNew PSL(y); yNew PSL(4)) and (xNew PS2(¢); yNew PS2(1)) while the location of the current
PSs are taken as they are, e.g., (xC% PS1(¢); yCur PS1(y)).

Table 1. Matrix of new and current PSs location.

Particles i xNew PS1 (t) yl_\lew PS1 (t) yNew Ps2 (t) yNew Ps2 (t) xCur PS1 (t) yCur PS1 (t) . . xCur PS13 (t) yCur Ps13 (t)
i i i i
1 1,511,310 5,030,533 1,504,760 5,033,038 1,512,544 5,033,515 ... . 1,505,567 5,038,227
2 1,509,044 5,033,231 1,519,752 5,038,845
n 1,514,184 5,027,623 1,512,018 5,025,146

Moreover, as shown in Table 2, each particle i has its velocity, and particle’s personal
best, while a global best characterizes each PSs site. Referring to Figure 14, Table 2 shows the
parameter used by the PSO. For simplicity, only generic values of the particle’s coordinates
are reported, while the other cells have been intentionally left empty.

Table 2. Matrix of particle’s velocity, personal best, and global best.

Particles i xﬁ\lew PS1 (t) vxﬁ\]ew PS1 (t) xNew PS1 (t) yil\Iew PS1 (t) vyil\lew PS1 (t) yNew PS1 (t) x;\lew PS2 (t) vxg\lew PS2 (t) xNew PS2 (t) yi}le1v PS2 (t) vyﬁ\lew PS2 (t) yNew PS2 (t)

p?csf P?“t prL’st p?esf
1 1,511,310 5,030,533 1,504,760 5,033,038
2 1,509,044 5,033,231 1,519,752 5,038,845
n 1,514,184 5,027,623 1,512,018 5,025,146

Best PN > o= i ) = o= m@ ™) = = wi ) > =

3.2.2. Weighted Voronoi Diagram Approach for PSs Location

As for the PSO, even the weighted Voronoi diagram approach presented in Section 2

has been shaped for the PS siting problem. Instead of providing a weight to each PS, a

weight is given to each centroid of the squares proportional to the power demand reported

in Figure 9. Therefore, turning over the idea behind Equation (5), given p centroids p1, p2,

., pn and a weight wp; for each centroid p;, the weighted distance from a centroid p to a
PS PS; is defined as in (6):

dw(pi, PS;) = |pi — PSi| wy; (6)
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The more the weight ), i.e., the power demand, the more the centroid p; appear to be
far away from the PS PS;. For the sake of clarity, Figure 15 shows several centroids and PSs.
On the one hand, assuming the Euclidean distance as a metric, to minimize the distance
between the new PS and the centroids 1 and 2, the location of the PS must be the one
depicted in the left picture, characterized, for instance, by d(p1, PS) = d(p2, PS) = 100 m.

/‘o‘o ®

oerp | o

o | ohe ooy

® o o0 o 0|

Figure 15. Example of weighted Voronoi diagram approach for PS location.

On the other hand, if the weighted distance in Equation (6) is considered, assum-
ing wy; = 100 kW and wy; = 200 kW, the location of the new PS must be the one
depicted in the right picture, much closer to the centroid 2. In this latter case, assum-
ing d(py,PS) =200 m and d(py, PS) = 100 m, the weighted distance results in being
dw(p1, PS) = 100 x 200 = 300 kW-m and dy,(p2, PS) = 200 x 100 = 300 kW-m, perfectly
balanced with the advantage of having the PS closer to the square with higher demand.

3.2.3. Overview of the PSs Siting Optimization Approach

Figure 16 shows the flowchart of the optimization approach. The first step of the
procedure requires loading the input data: the number of new PSs to be installed, the
candidate squares for PSs settlement, and the power demand of the squares. Later on, PSO
parameters and the starting solution are selected: w = 1, ¢c; = ¢ = 2, number of paricles
equal to 100, 150 iterations. At the end of each iteration, the weight w is damped by a
Wiamp = 0.95, to reduce the acceleration through the iteration process. Moreover, on the one
hand, we load the extreme coordinates of the grid, i.e., Xy;;;, = 1,504,229 — Xar = 1,519,789;
Yinin = 5,027,479 — Y4y = 5,041,474, and using a random function, we selected the initial
position of the new PSs within this range. On the other hand, we initialize to zero all the
particles’ velocities. Additionally, a limit on X and Y velocities is also imposed equal to
10% of (Xmax — Xmin) and (Yimax — Yoin)- Lastly, the initial PSs location is checked, and the
PSs felt out of the candidate squares are moved to the closest available square.

The next step of the methodology is to run the PSO algorithm. The fitness function
of each particle is evaluated first. Referring to Figure 17, each square is labeled with the
nearest PSs using Equation (6). For instance, square 1 falls in the service area of the PS
called New PSy, being dy (p1, New PSy) = |p1 — New PS1| wy the smaller distance to all
the PSs. Evaluating dy,(p;, PS;) for each square, the fitness function is computed as in
Equation (7):

Fitness = ' Sﬁms 761120(?;;’51)50
i=1  Xj—1  Prs;
where Ppsj is the power demand of the PS PSj, the sum of the power demand of the
squares belonging to the PS; service area. Therefore, the fitness is the weighted mean of the
distances between each square and the related PSs biased by the squares” power demand.

@)
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Loading input data:
* Number of new PSs to be installed
+ Candidate squares for PSs settlement
* Power demand of the squares

l

Defining PSO parameters and starting
solution:
= wclc2
+ Population size
* Max number of iterations
* New PSs particles coordinates
New PSs particles velocities

!

Run PSO over the defined iterations:
* Evaluating particles fitness function using
the weighted Voronoi approach
+ Getpf*** and gpese
+ Update particles coordinates
* Update particles velocities

Run the weighted Voronoi approach on the
best particle to find PSs service areas and
loading

I

Stop:

* Optimal siting and
timing of the new PSs
= PSs service areas

* PSsloading

Figure 16. Flowchart of the optimization approach.

~— Cur PS8 /! Cur PS7

Cur PS9 g

- am
L Wi Cur PS1 ,

Cur PS10 \

(m - f = | Newps2 \ o
~ New PS \ \
e Ve ps1 (UE? [0 \ Cur PSS
~ Cur Ps11 alLpsy) L . —
7 CurPs3 | a
e R \ Cur psa

Cur PS12

a /

Cur PS13

O

Figure 17. Example of computing the Fitness function.

The weighted Voronoi approach is also used to compute the PS loadings. The particles
with a power demand greater than 75% of the PS transformers’ nominal power are excluded
from the personal and global best computation. This constraint allowed us to save a
reasonable power margin for the feeder’s backup purposes. Regarding the new PSs, the
Unareti standard is to install three transformers with a nominal power of 63 MW each.
Thus, the new PS power limit is Ppg ;50 = 0.75 x 3 x 63 = 142 MW. Finally, the position
of the new PSs is compared with the location of the PSs included in the Unareti developing
plan and the existing MV substations. If a PS suggested from the PSO is nearer than
750 away, its position is updated to take the advantages of using already investigated lands
(authorizations, etc.) or using existing space. The output of the optimization process gives

the best locations of the new PSs, their service areas, and the power demand.
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3.3. PSs Optimal Timing

A side result of the PS siting is information on the best timing for the new PSs settle-
ment. The temporal order of installation is derived by progressively adding the new PSs
and checking the fitness function’s evolution. Assuming the fitness value before installing
new PSs to be 2000, and assuming locating four new PSs, the proposed method installs, one
by one, the PSs and evaluates the fitness variation. For instance, as shown in Table 3, PS4
minimizes fitness more. Thus, it should be the first one installed. In the second iteration
the methodology considers PS4 in place and, installing one by one the remaining PSs, it
identifies the second-best PS, i.e., PS3. The procedure ends when all the PSs have been
investigated. Finally, the list of priorities is PS4-PS3-PS1-PS2.

Table 3. Example of the PSs timing process.

1° Iteration 2° Iteration 3° Iteration 4° Tteration
PS Name Fitness PS Fitness PS Fitness PS Fitness PS
[km] Timing [km] Timing [km] Timing [km] Timing
PS1 1.60 2 1.58 3 1.50 3 - 3
PS2 1.80 4 1.70 4 1.65 4 1.40 4
PS3 1.75 3 1.56 2 - 2 - 2
PS4 1.50 1 - 1 - 1 - 1

4. Simulation Results

This section reports the simulation findings of the proposed PSs siting and timing
approach. For simplicity, only a few selected results are detailed, giving a comprehensive
comparison of all the simulations carried out. We increased the number of new PSs from 1 to
12. As a background, Figure 18 shows the current PS service areas. The Voronoi diagram
takes the PSs owned by Unareti, the red points, and the PSs owned by a competitor DSO,
the yellow points. The current average distance between the squares and the related PSs is
1.82 km, while the weighted distance is 1.48 km.

Figure 18. Current PS service areas.

4.1. Siting and Timing of Three New PSs

Figure 19 shows the optimal siting and timing considering three new PSs. The first
PS is settled in Rozzano municipality, located in the extreme lower part of the map. It is
worth noticing that the position of the PSs is close to the squares having the highest power
demand, a direct consequence of the fitness function explained in Equation (7). Instead, the
second and the third PSs surround the city center, where power density is high, filling the
gaps between the existing PSs.
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Figure 19. Output of the simulation results considering three new PSs. Blue points are the new PSs,
while gray is the existing ones.

The restricted number of PSs concerning the Milan and Rozzano area does not allow
installing any PSs on the left-hand side of the map, whose squares remain far from the
related PSs. The PS service areas are better highlighted in Figure 20. The new PS called
“1” split the service area of the existing PS called “SU” almost by half, giving undoubted
advantages in reducing the distance between squares and the related PSs. The cells’ colors
show that the algorithm does not fail in finding a feasible solution, which guarantees a
power demand of the PSs lower than 75% of the transformers’ nominal power. Nevertheless,
five PSs out of fourteen have a loading greater than 50%, reporting potential criticalities in
dealing with additional future power demand increases. It is worth noticing that the PS
“OV” service area still has a significant extension.

0-50%
W 50-75%
W 75-100%

Figure 20. PS service areas of three incremental PSs. The colors show the loading of the PS transformers.

Regarding fitness, the average distance between the squares and the related PSs is
2.11 km, while the average weighted distance is 1.35 km. On the one hand, since the
algorithm locates the new PSs closer to the power demand, with three new PSs instead
of the seven PSs owned by a competitor DSO, a significant reduction of about 9% of the
weighted distance can be obtained (current value is 1.48 km). On the other hand, the
reduced number of PSs brings an average distance higher than the current one, i.e., 1.82 km.
It is worth noticing that the average distance is not the fitness function of the proposed
methodology. Its reduction, if it happens, is just a consequence of the average weighted
distance optimization.

Table 4 shows the main outputs of the methodology and reports the siting, timing of
the new PSs, the best average distance, and the best average weighted distance compared
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to the current condition. The last column details the fitness variation while installing, in
the order suggested by the algorithm, the three new PSs. It is nice to see that, with only
two new PSs, the best average weighted distance dropped below the current value, which
indicates the poor location of the current seven PSs owned by a competitor DSO. However,
the loading indicated in Figure 20 suggests the need to install several more PSs.

Table 4. Timing, siting of the new three PSs, and best average weighted distance values.

PSs in

Construction Order

X Y Best Average Best Average Weighted Best Average Weighted

Coordinate  Coordinate Distance [km] Distance [km] Distance Variation [km]

1.82 1.48 i

1 1,513,006 5,026,223 1.54
2 1,513,960 5,039,246 2.11 1.35 1.44
3 1,512,544 5,033,505 1.35

Regarding the optimization process, Figure 21 reports the best fitness through the
150 iterations and the global best fitness. Comparing the two trends, it can be noticed that
the random starting solution expresses the global best fitness for the first four iterations
when the value of global best fitness first drops. It is worth noting that the final fitness
value is found after 85 iterations.

Best fitness through iterations Global best fitness

Figure 21. Best fitness through iterations and the global best fitness: three additional PSs.

Finally, the position of the new PSs is compared with the areas already investigated by
Unareti for the location of the PSs included in the developing plan and the existing MV
substations. The new PSs called “3” is not far from the MV substations “SV”. Thus the
methodology proposes to revamp it to take advantage of using the existing space.

4.2. Siting and Timing of Eighth PSs

Figure 22 shows the optimal siting and timing considering eighth new PSs. This
number coincides with the expected number of PSs to be installed by Unareti in the coming
five years. As in the previous case, the first PS is settled in Rozzano municipality, in the
exact prior position. Even the second and the third PSs are in the same position as when
considering just three PSs, which indicates those spots of primary importance for DN
development. Two of the remaining new PSs are located in the city center, i.e., numbers
5 and 6, while the last three are more in the neighborhood.
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Figure 22. Output of the simulation results considering eight new PSs. Pink points are the new PSs,
while gray are the existing ones.

The PSs service areas are highlighted in Figure 23. The increased number of new PS
allowed reducing the PS service areas dimension, giving undoubted advantages in reducing
the distance between squares and the related PSs. Again, the cells’ colors show that the
algorithm does not fail to find a feasible solution, which guarantees a power demand of the
PSs lower than 75% of the transformers’ nominal power. Nevertheless, several PSs have a
loading greater than 50%, even with reduced values lower than the three new PSs.

0-50%
M 50-75%
M 75-100%

Figure 23. PSs service areas considering eight incremental PS. The colors report the power demand
from the PS transformers’ nominal power.

Regarding fitness, the average distance between the squares and the related PSs is
1.70 km, while the average weighted distance is 1.08 km. Since the algorithm locates the
new PSs closer to the power demand, concerning the seven PSs owned by a competitor
DSO, a significant reduction of 27% of the weighted distance can be obtained. Moreover, a
slight reduction in the average distance is also recorded, from the current one, i.e., 1.82 km,
to 1.70. As already mentioned, the average distance is not the fitness function of the
proposed methodology, so its reduction is just a consequence of the average weighted
distance optimization.

Table 5 shows the main outputs of the methodology and reports the siting, timing of
the new PSs, the best average distance, and the best average weighted distance compared
to the current condition. The last column details the fitness variation while installing, one
at the time, the eight new PSs.
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Table 5. Timing, siting of the new eight PSs, and best average weighted distance values.

PSs in X Y Best Average Best Average Weighted Best Average Weighted
Construction Order Coordinate  Coordinate Distance [km] Distance [km] Distance Variation [km]
AS-IS 1.82 1.48 ><

1 1,513,007 5,026,217 1.54

2 1,513,754 5,039,166 1.44

3 1,512,619 5,033,319 1.35

4 1,509,507 5,032,761 1.28

1.70 1.08

5 1,515,013 5,034,529 1.22

6 1,512,011 5,037,233 1.17

7 1,516,543 5,040,503 1.12

8 1,507,716 5,035,412 1.08

Figure 24 reports the best fitness through the 150 iterations and the global best fit-
ness regarding the optimization process. Similarly to the previous case, comparing the
two trends, it can be noticed that the starting solution expresses the global best fitness for
the first four iterations when the global best fitness first drops. It is also worth noting that
the final fitness value is found after 100 iterations instead of 85.

Best fitness through iterations Global best fitness

Figure 24. Best fitness through iterations and the global best fitness: eight additional PSs.

Finally, the position of the new PS is compared with the areas already investigated by
Unareti for the location of the PSs included in the developing plan and the existing MV
substations. The new PS called “3” is not far away from the MV substation “SV”, while the
new PS called “6” is not far away from the MV substation “CR”. Thus the methodology
proposes to revamp them to take advantage of using the existing space.

4.3. Siting and Timing of Eleven PSs

The last case presented considers the installation of eleven new PSs. Figure 25 shows
the optimal siting and timing of the PSs. It is worth noticing that the additional PSs are
all located closer to the city center, where the load density is high. It has to be considered
that siting a PS in the center is not always easy or possible. Therefore, it is reasonable to
think that the number of new PSs that could realistically be settled cannot be much more
than eleven.
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Figure 25. Output of the simulation results considering eleven new PSs. Yellow points are the new
PSs, while gray is the existing ones.

The PSs service areas are highlighted in Figure 26. The increased number of new PSs
allowed reducing the PS service areas dimension again, giving undoubted advantages in
reducing the distance between squares and the related PSs. Even in this case, the cells’
colors show that the algorithm does not fail to find a feasible solution, which guarantees a
power demand of the PSs lower than 75% of the transformers’ nominal power. Nevertheless,
one PS has a loading greater than 50%, but just a little to have enough capacity to face
additional future load increases.

0-50%
W 50-75%
M 75-100%

Figure 26. PSs service areas considering eleven incremental PS. The colors report the power demand
outside the PS transformers’ nominal power.

Regarding fitness, the average distance between the squares and the related PSs is
1.73 km, slightly higher than the case of eight PSs, while the average weighted distance is
0.98 km. Regarding the current situation, the reduction of the weighted distance resulted in
about 35%.

As usual, Table 6 shows the main outputs of the methodology and reports the siting,
timing of the new PSs, the best average distance, and the best average weighted distance
compared to the current condition. The last column details the fitness variation while
installing, one at the time, the eleven new PSs.
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Table 6. Timing, siting of the new eleven PSs, and best average weighted distance values.

PSs in X Y Best Average Best Average Weighted Best Average Weighted
Construction Order Coordinate Coordinate Distance [km] Distance [km] Distance Variation [km]
AS-IS 1.82 1.48 i

1 1,513,010 5,026,222 1.54

2 1,513,752 5,039,173 1.44

3 1,511,950 5,032,438 1.36

4 1,508,634 5,033,486 1.29

5 1,515,044 5,034,710 1.23

6 1,512,006 5,037,262 1.73 0.98 1.18

7 1,517,698 5,037,654 1.13

8 1,516,543 5,040,503 1.08

9 1,512,300 5,034,664 1.05

10 1,517,821 5,034,554 1.01

11 1,513,852 5,033,367 0.98

Figure 27 reports the best fitness through the 150 iterations and the global best fitness
regarding the optimization process. Different from the previous cases, comparing the
two trends, it can be noticed that the starting solution expresses the global best fitness for
the first 50 iterations. This is because the algorithm needs more iterations when the number
of PSs increases. It is worth noting that the final fitness value is found after 120 iterations.

Best fitness through iterations Global best fitness

Figure 27. Best fitness through iterations and the global best fitness: eleven new PSs.

Finally, the position of the new PSs is compared with the areas already investigated by
Unareti for the location of the PSs included in the developing plan and the existing MV
substations. The new PS called “3” is not far away from the MV substation “SV”; the new
PS called “6” from the MV substation “CR”; the new PS called “9” from the MV substation
“PO”; the new PS called “10” from the MV substation “MU”. Thus, the methodology
proposes to revamp them to take advantage of using the existing space.

4.4. Comprehensive Analysis of the Simulations

This section reports a comprehensive analysis of the simulations carried out. As
already mentioned, we varied the number of new PSs from 1 to 12. Figure 28 shows, in a
single chart, the best fitness evolution through the 150 iterations. The trend confirms the
effectiveness of the proposed approach. On the one hand, the left picture suggests that
the more the number of PSs, the more the iterations needed to find a stable final solution.
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On the other hand, the right picture shows that the more the number of PSs, the lower the
fitness’s final value.

Best fitness through iterations Global best fitness

Figure 28. Left picture: the trend of the best fitness varying the number of PSs from 1 to 12; right
picture: Trend of the global best fitness varying the number of PSs from 1 to 12.

Finally, Figure 29 reports the evolution of the fitness’s final value concerning the
different number of PSs. The Y-axis reports the fitness, i.e., the average weighted distance,
while the X-axis is the number of new PSs installed. Moreover, the regression curve is
shown in dashed red together with the curve equation and the value of R?.

Best mean weighted distance

Weighted distance [km)]

y = 1.6867x %219
100 RzZ=09788 e -

1 2 3 4 5 6 7 8 9 10 11 12
Number of new PSs

Figure 29. Trend of the best mean weighted distance in blue; regression curve in red.

As justified by the correlation coefficient, the two trends are pretty similar. Thus, the
regression curve was used to estimate the fitness value of an increased number of new PSs.
As shown in Figure 30, the main advantages of the mean weighted distance are obtained
by installing the first PSs: the first twelve PSs guarantee a reduction of about 42%, while,
for instance, the following twelve guarantee a reduction of only 8%. The chart in Figure 30
can also be used by Unareti to estimate the optimal number of PSs that optimize capital
and operational costs.
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Figure 30. Trend of the fitness concerning the number of new PSs.

5. Conclusions and Future Works

The paper proposes an optimal siting and timing methodology for primary substations
to expand existing distribution networks. The proposed approach relies on three main fea-
tures: a GIS for capturing, elaborating, and displaying spatial input data; a PSO algorithm
to locate and timing the new primary substations; a Voronoi diagram-based approach to
find the primary substation service areas and loading. Thanks to Unareti, the method has
been tested on Milano and Rozzano by carrying out several simulations, progressively
increasing the number of new primary substations. The results confirm the proposed
approach’s effectiveness, giving valuable suggestions on the optimal siting, timing, and
the number of new PSs. As expected, the more the number of PSs, the lower the fitness
value, but it is worth noting that the first PSs installed guarantee a substantial reduction
which progressively decreases with the following PSs settled. As already mentioned, it
is worth noticing that recent projects for significant urban development could change the
location of the new PSs, especially in the areas of Porta Romana and Milano Innovation
District. The estimates of energy needs have been ongoing at the time of modeling de-
velopment and simulations, and, therefore, its impact is not included in the simulation
results. However, the model is highly flexible so that the input can be easily adjusted to run
additional simulations. Several are the potential improvements to the proposed approach.
Firstly, the objective function could be sophisticated by including CAPEX and OPEX costs
or considering others objectives, such as reliability. Secondly, additional constraints re-
lated to the MV and LV networks could be added. Lastly, the input data could be better
investigated and improved, including uncertainties related to the load demand and the
regulatory framework.
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