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1 Overview
Energy infrastructure‐ and in particular, networks, are a defining element that can determine the feasibility
of the energy transition. The transmission and distribution grids support the transfer of power from
generators to consumers in a reliable and efficient manner and must not be overlooked when planning
Europe’s long‐term energy system.
This document introduces the main upcoming challenges to the network, as well as some of the solutions
that have been proposed in the literature and recent practice. This issue paper serves as the introduction
for the session celebrated on the 26th of November 2018 as part of the European Modelling Platform (EMP‐
E 2018) in Brussels.

2 The network and its upcoming challenges
The transmission and distribution networks comprise the set of assets that support the transfer of energy
from generating units to the demand. The transmission grid deals with the long‐distance transfer of large
amounts of electricity and its typically relatively meshed so that it behaves as a single global entity.
Distribution has a more local nature and delivers power from substations to demand nodes. In the
countries comprising the Interconnected network of Continental Europe, transmission uses mainly high‐
voltage assets of 132, 220 and 400kV. Distribution includes assets with voltages below 32kV.
One of the main issues determining the future grids is whether the renewable generation that should be
installed to comply with long‐term European targets is installed in a centralized or decentralized manner.
Case study 6.2. in this project explores the consequences of these two models.
In a centralised future, most of the necessary renewable generation will be installed as large‐capacity
plants, comprising for instance onshore and offshore windfarms. These generation plants would benefit
from the economies of scale that result from large capacities. In addition, they could take advantage of
stronger market integration among the Member Countries, as it would be possible to benefit from better
renewable potentials in some geographical areas and export the energy to less‐favoured countries. In
contrast, a decentralised scenario would make extensive use of rooftop PV and other small‐scale
generation technologies. The system would then be comprised of consumers that would be close to being
self‐sufficient. In such a scenario, the grid is still on charge of providing the necessary reliability to the
system. The differences across the several possible future scenarios considered will be explored in the
Pathway Analyses in this same project.
Other factors driving the need for an upgraded transmission network are described below. First,
congestion might be relieved by the installation of transmission‐grid reinforcements which ensure the
viability of the most efficient generation dispatch across large areas. Secondly, in either a centralised or a
decentralised future, the reduction of ohmic losses will still be a priority in order to increase efficiency in
the overall system. In addition, the connection of new power plants needs new transmission lines as well,
which in some cases might include not only direct connection links but large‐scale reinforcements to
support the new modified power flows, which might have occasioned local congestions. Last, local
capacity constraints can also be lifted in some cases by transmission investments, and this solution can be
more economically efficient than installing new generation.
The distribution network, in turn, should be upgraded to deal with the increasingly important role of
distributed generation. The latter has invalidated the tricking‐down model where power only descended
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from higher voltage levels in transmission to lower ones in distribution and from generation to demand.
This change alone amounts to a paradigm shift in the operation of the distribution network. In addition,
grids need to make demand response, the integration of electric vehicles and the efficient use of storage
possible. The distribution network is at the core of the upcoming smart grids. The relevance of the previous
factors ensures that network expansion planning will play a defining role in the energy transition. However,
responding to these challenges is far from obvious: designing an optimal network is difficult. Not only does
it imply taking into account a myriad of factors including political and environmental considerations, but
also needs high‐level mathematical tools and methods that are at the edge of what is technically feasible
nowadays. In addition, emerging technologies are modifying what we understood of the networks and
present us with new opportunities.
The rest of this document is structured as follows. First, the most important new technologies in the
network are presented and discussed. Then, the challenges related to the design of optimal grids are
described. Next, we discuss the need for synthetic grids to be available for researchers and practitioners.
These three topics were the ones selected to be discussed at the session organized at the EMP‐E. Finally,
conclusions are extracted.

3 Emerging grid technologies
The drivers presented above are pressing towards a shift in the energy‐infrastructure paradigm: we need
smart infrastructure in general and smart grids in particular. The upscaling of distributed generation makes
it necessary to review the main principles that have guided the design and operation of the distribution
network, as well as to redefine the boundaries between transmission and distribution, which the new
developments tend to blur.
Distributed generation constitutes one of the main challenges of the new energy system. However, it is
also true that its deployment can alleviate problems in the network and, for instance ,delay the need for
investments in transmission [1].
In the past few years, several European projects and task forces have focused on defining what smart grids
mean and what they can achieve [2], [3]. Some points seem clear: distribution is at the core of the emerging
picture, with distributed generation and demand‐side management transforming the role of consumers.
With respect to transmission, new technologies are foreseen to be key. Long‐distance transmission of
large amounts of power will be achieved by a combination of AC and DC lines. High‐Temperature, Low‐
Sag conductors, as well as new configurations (such as 6 or 12‐phase lines) increase the current capability
of overhead lines without any need to modify the right‐of‐way [3].
Although overhead lines will still be important, underground cables are poised to be increasingly relevant.
This will be true in two main contexts: urban areas and in underwater transmission. The latter, which will
rely heavily on HVDC, is especially important in two cases: as cross‐border connectors and for offshore
wind farms, whose capacity is increasing at an accelerated pace [4]. HVDC is generally more efficient for
long distances (500 km [5]). HVDC is also the only feasible alternative when two systems are linked for the
purposes of exchanging energy but want to be kept separate for reliability reasons (non‐synchronously
connected). In addition, DC lines do not obey Kirchhoff’s Second Law and can therefore be used to bypass
network congestions, in a similar way as Phase‐Shifting Transformers ‐which are discussed later‐ can alter
voltage angles to modify power‐flow patterns. The main HVDC technologies are LCC (Line‐Commutated
Current‐Source Converters) and VSC (self‐commutated Voltage‐Source Converters). LCC is a established
technology which has been deployed for decades already, but has the disadvantage of requiring a
synchronous voltage source. In addition, it requires reactive power to operate. VSC, on the contrary, can
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control both active and reactive power thanks to the fact that it uses Pulse‐Width Modulation (PWM) in
combination with insulated‐gate bipolar transistors (IGBT) valves. In addition, if some issues such as the
deployment of breakers are solved, multiterminal HVDC would allow creating DC networks that can
constitute an offshore grid to integrate OWF with neighbouring countries [6] or build an overlay to the
current AC grid to support long‐distance flows more efficiently.
As mentioned above, Phase‐Shifting Transformers (PSTs) can help overcome congestion by actively
changing the voltage angles at nodes, so that it is possible to control power flows, sending power through
alternative routes to avoid congestion on the paths originally used by power according to the Second Law.
PSTs are already instrumental in a European Union where the Internal Electricity Market needs increasing
cross‐border transactions. These transactions were not taken into account when the network was
originally planned, and they lead to an uneven loading of lines that results in specific congestion patterns.
PSTs can provide with a range of flexibility and cost options [7] and have become indispensable in areas,
such as the Central European region, where cross‐border flows are especially important. When combined,
the benefits of PSTs and HVDC multiply. The joint use of PSTs and HVDC can improve the flexibility of the
power system at an economically efficient cost [8].
Another interesting technology is transmission switching, which consists in the dynamic opening and
closing of lines to adapt to system conditions. This can be useful when some lines congest due to the
Second law, but there are still parallel paths with available capacity. In this context, they offer an
alternative to PSTs at a lower cost. If taken into account when planning for the expansion of the
transmission network, switching increases the complexity of the problem considerably [9]‐[11].
This dynamic opening and closing of lines plays also an important role in the visions for smart substations
and control centres. State variables obtained from dynamic measurement and the inclusion of GIS data
could lead to more accurate stability analyses. These signals could even travel through transmission lines,
in the case of transmission, and distribution lines, in the case of distribution.
These emerging technologies should be incorporated into long‐term planning exercises, so that the new
opportunities they offer can be identified. However, in some cases such as the ones discussed,
technologies are not yet sufficiently matured to be able to assess their costs and risks, and any planning
analysis should be developed for several development scenarios.

4 Network planning as a complex problem. The need
for efficient solution methods
Network planning, particularly when these new technologies are considered, presents a considerable
complexity. The problem can be modelled as a Mixed‐Integer Program (given that it needs to consider that
investments are binary, that is, new lines or other equipment are either built or not, but cannot be installed
partially). This constitutes a combinatorial problem that is made more complex with the inclusion of the
dynamics of power flows (which are usually incorporated).
In addition, the Internal Electricity Market makes it indispensable to coordinate this expansion across
borders, in exercises such as the one performed in the ENTSO‐e Ten Year Network Development Plan.
When larger systems are considered, the difficulty of the problem increases considerable, often rendering
it unmanageably large. This demands the application of efficient solution methods.
In the past few decades, both classical and non‐classical optimization methods have been widely applied
to network design, particularly, transmission expansion planning (TEP). The TEP problem leads itself to
optimization better than Distribution Expansion Planning (DEP), given that the large size of the
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distribution network typically makes it necessary to deal with smaller regions as well as applying pre‐
designed configurations.
Classical methods applied to network planning
Linear programming is a powerful and efficient algorithm that can be applied to large‐scale problems.
However, some important simplifications must be adopted in order to be able to use this method. The
most important one is that the discrete nature of investments must be ignored. In addition, the Second
Law cannot be incorporated, and power‐flow modelling must be approximated using only transportation
power flows [12].
Mixed‐Integer Programming (MIP), on the contrary, correctly models the discrete nature of investment
and can approximate power flows using a DC load flow, where active power flows are reasonably
estimated. Linear approximations of losses can also be considered. Most academic and practitioner works
dealing with TEP rely on MIP as their main technique [13], [14].
Nonlinear Programming (NLP) and Mixed‐Integer Nonlinear Programming (MINLP) can accurately
capture AC power flows. However, the computational complexity they entail is only justified in some
specific cases, mainly when reactive power flows play a key role in the final expansion result. This only
happens rarely, so there are only a few works that use this type of methods [15].
The incorporation of uncertainty, mainly in the consideration of different scenarios for renewable power
generation, is increasingly important to get representative results. The inclusion of many of such scenarios
makes it interesting to explore the possibilities of Stochastic Programming (SP) and decomposition
algorithms [16].
Non‐classical methods
Non‐classical optimization gives away the optimality guarantee of classical methods in exchange for
better computational efficiency. Metaheuristic algorithms improve a solution iteratively, usually including
some form of random evolution. Genetic Algorithms, which replicate the process of biological evolution,
have quickly become one of the preferred methods to perform TEP in large‐scale cases [17]
Heuristic‐guided searches can also be practical [18]. In addition, Expert‐Systems approaches can discover
and generalize expansion rules [19]. This has also been particularly interesting in DEP.
Non‐classical methods can offer new interesting possibilities for network design as long as they are applied
carefully. The discussion paper resulting from our EMP‐E session presents these concerns in detail.
Iterative methods with human interaction
Necessarily, all network expansion models carry out a simplification of the system in one way or another.
However, some of the simplified elements can have an important impact on the final system, such as on
its reliability or stability. The main approach that has been followed in practical studies is to combine a
planning module that proposes expansion solutions with an evaluation module that incorporates the
ignored issues (very relevantly, AC power flows).
By iterating between the two modules, a human planner can find a suitable solution that is relatively
optimal and yet considers the details of system operation.
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5 Synthetic grids for real problems
The existing, publicly available case studies for transmission and distribution networks are scarce [4], and
are often insufficient for the purposes of validating applications in the context of network expansion,
operation, or reliability analyses. Synthetic‐power‐grids, which have similar properties to real networks
but are algorithm‐generated, can provide an alternative path to solve this issue. Synthetic grids have
already been applied to, for instance, testing smart grid communication and control networks [4] or the
study of geomagnetic disturbances on the power grid [5].
Different algorithms have been proposed in the literature to generate random networks. The model RT‐
nested‐smallworld generates synthetic power grids based on purely statistical information [4] assuming
that power networks are small‐world networks, it generates synthetic networks with electrical features
such as line impedance. The model was improved by the introduction of an electrical classification of nodes
into load, generation or connection nodes [11], [12]. However, this work ignores the spacial location of
nodes, and cannot be adapted to networks that are not small‐world [8]. The fact that, in general, synthetic
networks are not spatial, is especially important for TEP because the cost of new lines is a function of their
length.
Some interesting developments have emerged [13], in some cases with distance between nodes being
taken into account as a parameter that makes linking two nodes less probable [14], [15]. Some references
do generate spatial networks [16], [17]. The idea of considering distance as a criterion has been used in
other studies [18]. Even some electrical considerations have been already taken into account [19], [20].
Some sophisticated approaches have, for instance, relied on a minimum spanning tree that is
subsequently expanded [21]. Other recent works take into account the historical evolution of power
networks by generating first a network that satisfies demand efficiently and then is meshed to improve
reliability [21].
It is reasonable to expect that algorithms for the generation of synthetic grids will continue to develop
and reach more sophisticated levels where they can fill the gap left by the unavailability of distribution and
transmission real case studies.

6 Conclusions
Energy infrastructure‐ and in particular, networks, will play a key role in the future energy transition. The
transmission and distribution grids are the element that carries out the transfer of power from generators
to consumers in a reliable and efficient manner and must not be overlooked when planning Europe’s long‐
term energy system.
Three issues have been highlighted in this document: the emerging technologies that are challenging our
understanding of the grid and its function, the solution methods that must be deployed to solve network
design problems, and the need for synthetic power grids. These three issues were discussed by the three
speakers at the session organized at the EMP‐E in Brussels. The proceedings document provides some key
guidelines when considering these issues.

Page 6

Issue paper on
Infrastructure prerequisites

7 References
[1] P. Vasquez and F. Olsina, "Valuing flexibility of DG investments in transmission expansion planning,"
in Power Tech, 2007 IEEE Lausanne, 2007, pp. 695‐700.
[2] M. An, "UTILITY OF THE FUTURE," 2016.
[3] F. Li et al, "Smart transmission grid: Vision and framework," IEEE Transactions on Smart Grid, vol. 1,
(2), pp. 168‐177, 2010.
[4] R. Rudervall, J. Charpentier and R. Sharma, "High voltage direct current (HVDC) transmission systems
technology review paper," Energy Week, vol. 2000, pp. 1‐19, 2000.
[5] M. P. Bahrman and B. K. Johnson, "The ABCs of HVDC transmission technologies," IEEE Power and
Energy Magazine, vol. 5, (2), pp. 32‐44, 2007.
[6] J. Liang et al, "Operation and control of multiterminal HVDC transmission for offshore wind farms,"
IEEE Trans. Power Del., vol. 26, (4), pp. 2596‐2604, 2011.
[7] J. Verboomen et al, "Phase shifting transformers: Principles and applications," in Future Power
Systems, 2005 International Conference on, 2005, pp. 6 pp.‐6.
[8] J. Paserba, "Recent power electronics/FACTS installations to improve power system dynamic
performance," in Power Engineering Society General Meeting, 2007. IEEE, 2007, pp. 1‐4.
[9] K. W. Hedman et al, "Optimal transmission switching with contingency analysis," IEEE Trans. Power
Syst., vol. 24, (3), pp. 1577‐1586, 2009.
[10] E. B. Fisher, R. P. O'Neill and M. C. Ferris, "Optimal transmission switching," IEEE Trans. Power Syst.,
vol. 23, (3), pp. 1346‐1355, 2008.
[11] Ying He, G. Andersson and R. N. Allan, "Determining optimum location and number of automatic
switching devices in distribution systems," in Electric Power Engineering, 1999. PowerTech Budapest 99.
International Conference on, 1999, pp. 259.
[12] A. Marin and J. Salmeron, "Electric capacity expansion under uncertain demand: decomposition
approaches," IEEE Transactions on Power Systems, vol. 13, (2), pp. 333‐339, 05/01, 1998.
[13] S. T. Y. Lee, K. L. Hicks and E. Hnyilicza, "Transmission Expansion by Branch‐and‐Bound Integer
Programming with Optimal Cost ‐ Capacity Curves," Power Apparatus and Systems, IEEE Transactions on,
vol. PAS‐93, (5), pp. 1390‐1400, 1974.
[14] S. Lumbreras and A. Ramos, "Transmission expansion Planning Using an efficient version of benders’
decomposition. A case study," in IEEE Power Tech, Grenoble (France), 2013, .
[15] M. Rahmani et al, "Efficient method for AC transmission network expansion planning," Electr. Power
Syst. Res., vol. 80, (9), pp. 1056‐1064, 9, 2010.
[16] S. Lumbreras and A. Ramos, "How to solve the transmission expansion planning problem faster:
acceleration techniques applied to Benders’ decomposition," IET Generation, Transmission & Distribution,
2016.
[17] H. A. Gil and E. L. da Silva, "A reliable approach for solving the transmission network expansion
planning problem using genetic algorithms," Electr. Power Syst. Res., vol. 58, (1), pp. 45‐51, 5/21, 2001.

Page 7

Issue paper on
Infrastructure prerequisites

[18] S. Binato, G. C. de Oliveira and J. L. de Araujo, "A greedy randomized adaptive search procedure for
transmission expansion planning," Power Systems, IEEE Transactions on, vol. 16, (2), pp. 247‐253, 2001.
[19] R. K. Gajbhiye et al, "An Expert System Approach for Multi‐Year Short‐Term Transmission System
Expansion Planning: An Indian Experience," Power Systems, IEEE Transactions on, vol. 23, (1), pp. 226‐237,
2008.
[20] K. M. Gegner et al, "A methodology for the creation of geographically realistic synthetic power flow
models," in 2016 IEEE Power and Energy Conference at Illinois (PECI), 2016, pp. 1‐6.
[21] R. Espejo, S. Lumbreras and A. Ramos, "A Complex‐Network Approach to the Generation of Synthetic
Power Transmission Networks," IEEE Systems Journal, (99), pp. 1‐4, 2018.

Page 8

Project
duration:
Funding
programme:

Web:
General
contact:

April 2016 – March 2019
European Commission, Innovation and Networks
Executive Agency (INEA), Horizon 2020 research
and innovation programme, grant agreement no.
691843 (SET‐Nav).
www.set‐nav.eu
contact@set‐nav.eu

About the project
SET‐Nav aims for supporting strategic decision
making in Europe’s energy sector, enhancing
innovation towards a clean, secure and efficient
energy system. Our research will enable the European
Commission, national governments and regulators to
facilitate the development of optimal technology
portfolios by market actors. We will comprehensively
address critical uncertainties facing technology
developers and investors, and derive appropriate
policy and market responses. Our findings will support
the further development of the SET‐Plan and its
implementation
by
continuous
stakeholder
engagement.
These contributions of the SET‐Nav project rest on
three pillars: modelling, policy and pathway analysis,

and dissemination. The call for proposals sets out a
wide range of objectives and analytical challenges
that can only be met by developing a broad and
technically‐advanced modelling portfolio. Advancing
this portfolio is our first pillar. The EU’s energy,
innovation and climate challenges define the
direction of a future EU energy system, but the
specific technology pathways are policy sensitive and
need careful comparative evaluation. This is our
second pillar. Ensuring our research is policy‐relevant
while meeting the needs of diverse actors with their
particular
perspectives
requires
continuous
engagement with stakeholder community. This is our
third pillar.

Who we are?
The project is coordinated by Technische Universität
Wien (TU Wien) and being implemented by a
multinational consortium of European organisations,
with partners from Austria, Germany, Norway,
Greece, France, Switzerland, the United Kingdom,
France, Hungary, Spain and Belgium.
The project partners come from both the research and
the industrial sectors. They represent the wide range
of expertise necessary for the implementation of the
project: policy research, energy technology, systems
modelling, and simulation.

Legal Notice:
The sole responsibility for the content of this publication lies
with the authors. It does not necessarily reflect the opinion
of the European Union. Neither the INEA nor the European
Commission is responsible for any use that may be made of
the information contained therein.
All rights reserved; no part of this publication may be
translated, reproduced, stored in a retrieval system, or
transmitted in any form or by any means, electronic,

mechanical, photocopying, re‐cording or otherwise,
without the written permission of the publisher.
Many of the designations used by manufacturers and sellers
to distinguish their products are claimed as trademarks. The
quotation of those designations in whatever way does not
imply the conclusion that the use of those designations is
legal without the content of the owner of the trademark.

NAVIGATING THE ROADMAP FOR CLEAN, SECURE AND
EFFICIENT ENERGY INNOVATION

Workshop proceedings on

Infrastructure Prerequisites

Author(s):

Sara Lumbreras, Andrés Ramos, Luis Olmos
(Comillas)

November 2018
A report compiled within the H2020 project SET‐Nav
(work package 10, deliverable D10.5)
www.set‐nav.eu
Project Coordinator: Technische Universität Wien (TU Wien)
Work Package Coordinator: DIW Berlin

The project has received funding from the
European Union’s Horizon 2020 research and
innovation programme under grant
agreement no. 691843 (SET‐Nav).

Workshop proceedings on
Two‐stage decision making and modelling for energy markets

Project coordinator:
Gustav Resch
Technische Universität Wien (TU Wien), Institute of Energy
Systems and Electrical Drives, Energy Economics Group (EEG)
Address: Gusshausstrasse 25/370‐3, A‐1040 Vienna, Austria
Phone: +43 1 58801 370354
Fax: +43 1 58801 370397
Email: resch@eeg.tuwien.ac.at
Web: www.eeg.tuwien.ac.at

Dissemination leader:
Prof. John Psarras, Haris Doukas (Project Web)
National Technical University of Athens (NTUA‐EPU)
Address: 9, Iroon Polytechniou str., 15780, Zografou,
Athens, Greece
Phone: +30 210 7722083
Fax: +30 210 7723550
Email: h_doukas@epu.ntua.gr
Web: http://www.epu.ntua.gr

Lead authors of this report:
Dawud Ansari
Franziska Holz
DIW Berlin
Mohrenstr. 58
10117 Berlin
Germany
dansari@diw.de
fholz@diw.de
http://www.diw.de

Workshop proceedings on
Two‐stage decision making and modelling for energy markets

1 Overview
Energy infrastructure‐ and in particular, networks, are a defining element that can determine the feasibility
of the energy transition. The transmission and distribution grids support the transfer of power from
generators to consumers in a reliable and efficient manner and must not be overlooked when planning
Europe’s long‐term energy system.
This document introduces the main upcoming challenges to the network, as well as some of the solutions
that have been proposed in the literature and recent practice. This issue paper serves as the introduction
for the session celebrated on the 26th of November 2018 as part of the European Modelling Platform (EMP‐
E 2018) in Brussels.
The session dealt with three pressing issues in network design and operation:
‐
‐
‐

Emerging technologies, and in particular, using transmission and distribution lines for
communications
Synthetic grid generation
The application of sophisticated metaheuristic techniques to optimal network design

2 Content
This section provides an overview of the content. The full slides of the three presentations are available in
an annex.

DiNeMo: the distribution network models platform
Giuseppe Prettico holds a Ph.D. in Photonics (ICFO, Barcelona) and a Master in Energy Efficiency and
Energy Markets (UPC, Barcelona). He received his Degree in Automation and Systems Engineering and his
M.Sc. in Science for Engineering from La Sapienza University (Rome). He joined the "Smart Electricity
Systems and InteropeGiuserability" group at the European Commission, Directorate of Energy, Transport
and Climate (JRC) in December 2013, as a Smart Grids Modeller. His research interests include Distribution
System and Smart Grids Analysis, Electricity Markets (Retail and Wholesale), Electric Vehicles Integration
and Interoperability, Agent‐Based and Complex Network Modelling.
DiNeMo is the new platform the JRC C3 Unit is building to provide electricity stakeholders with on‐request
representative distribution grid models. The models are built based on the reference network models
methodology developed by IIT‐Comillas. The data and indicators used come from real data provided from
European DSOs. Several roles for its users have been conceived, as researcher, validator, collaborator, etc.
The platform will also be the virtual place where collaborations between diverse users will rise with the aim
of building the smart cities of tomorrow. The feedback collected in the test of the beta version will be used
to tailor the platform on the needs of its users

Heuristic optimization of power and energy systems: underlying
principles,
myths
and
discussion
of
practical
cases
Gianfranco Chicco is a Full Professor of Electrical Energy Systems at Politecnico di Torino, Italy. Fellow of
the IEEE (Power and Energy Society). Chairman of the IEEE PES Innovative Smart Grid Technologies
(ISGT)
Europe
2017,
held
in
Torino
(Italy)
on
26‐29
September
2017.
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Research interests: include Power System Analysis, Distribution System Analysis and Optimization,
Electrical Load Management, Energy Efficiency and Environmental Impact of Multi‐Energy Systems, Data
Analytics, Artificial Intelligence Applications to Power and Energy Systems, Renewable Energy Sources
and Distributed Generation, and Power Quality.
The proliferation of publications on heuristic optimization methods has been striking in recent years. They
have been applied to solve the main problems in the power and energy domain. The underlying principles
of heuristic optimization were covered, together with some myths and reality about heuristic optimization.
Finally, the do's and the don'ts in the use of heuristic methods were presented with a discussion of practical
cases

Modelling telecommunications systems together with power
distribution networks
Javier Matanza holds a degree on Telecommunication engineering from Polytechnic University of Valencia
(Spain) and a PhD from Comillas Pontifical University (Madrid). He is currently a Research Professional at
the Institute for Research in Technology (IIT) and an Assistant Professor at ICAI School of Engineering. His
current interests are in powerline communication technologies, in communication network simulations
and signal processing for telecommunications.
ICT (Information and Communication Technologies) are increasingly important in Power Systems, and the
need to incorporate them is growing with the upscaling of distributed generation or demand response.
This presentation included an overview of the different approaches when modeling Telecommunications
and Power Systems, emphasizing the most suitable Power‐Line Communication technologies to Demand
Response protocols. The co‐simulation of Cyber‐Physical systems was described, together with common
interfaces and recent efforts. The presentation concluded with the most pressing challenges for the
integration of ICTs in the distribution and transmission networks.
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1 Overview
Energy infrastructure‐ and in particular, networks, are a defining element that can determine the feasibility
of the energy transition. The transmission and distribution grids support the transfer of power from
generators to consumers in a reliable and efficient manner and must not be overlooked when planning
Europe’s long‐term energy system.
This document presents the discussion paper that followed the session celebrated on the 26th of November
2018 as part of the European Modelling Platform (EMP‐E 2018) in Brussels. The document details the
possibilities of applying metaheuristic algorithms to solve network planning problems, as well as the most
common issues related to their application.
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Abstract
Many optimization problems admit a number of local optima, among which there is the global optimum.
For these problems, various heuristic optimization methods have been proposed. Comparing the results
of these solvers requires the definition of suitable metrics. In the electrical energy systems literature,
simple metrics such as best value obtained, the mean value, the median or the standard deviation of the
solutions are still used. However, the comparisons carried out with these metrics are rather weak, and on
these bases a somehow uncontrolled proliferation of heuristic solvers is taking place. This paper addresses
the overall issue of understanding the reasons of this proliferation, showing that the assessment of the
best solver can be cast into a perpetual motion scheme. Moreover, this paper shows how the use of more
refined metrics defined to compare the optimization result, associated with the definition of appropriate
benchmarks, may make the comparisons among the solvers more robust. The proposed metrics are based
on the concept of first‐order stochastic dominance and are defined for the cases in which: (i) the globally
optimal solution can be found (for testing purposes); and (ii) the number of possible solutions is so large
that practically it cannot be guaranteed that the global optimum has been found. Illustrative examples are
provided for a typical problem in the electrical energy systems area – distribution network reconfiguration.
The conceptual results obtained are generally valid to compare the results of other optimization problems.

Keywords
Electrical energy systems, optimization, meta‐heuristics, reconfiguration, solution ranking, first‐order
stochastic dominance.

1.

Introduction

For many optimization problems, the solution space is composed of a number of local optima, among
which there is the global optimum. Depending on the size of the system under analysis, the global
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optimum can be calculated (e.g., through exhaustive search over all the feasible solutions, or with a search
over a limited number of solutions with the certainty that the non‐searched solutions cannot provide
better results). Otherwise, it is practically impossible to guarantee that it has been reached. In the latter
case, the optimization method in many cases is derived from a metaheuristic framework based on the
generation of solutions depending on random number extractions, and just provides pseudooptimal or
best‐so‐far solutions.
In general, during the execution of the optimization procedure, a heuristic method is run several times.
A number of pseudo‐optimal solutions can be obtained in different ways:

• by running a given method with different parameters, also with the aim of performing sensitivity
analysis to determine the best values of the parameters;

• by running different methods (or variants of the same method), each one with a given set of
parameters;

• for methods whose outcomes depend on random number extractions, different solutions are also
found by using the same parameters and changing just the seed for random numbers extraction.

In the sequel, the term solver is generally used to represent the execution of an optimization method or
variant with a specific structure and set of parameters.
For a given optimization problem, the determination of the best solver 1 is one of the topics widely
addressed in the literature. For this purpose, suitable metrics are needed in order to carry out effective
comparisons among the methods or variants.
The Evolutionary Computation community is addressing the comparison among different solvers in a
wide way, by considering a predefined set of problems to which the solvers are applied, and defining
dedicated metrics. For example, the performance ratio is defined by dividing the computation time of the
solver by the minimum computation time obtained from all the solvers. Then, the cumulative distribution
function (CDF) of the performance ratio is called performance profile of the solver [1]. When the
optimization problem has a particularly high computational burden, the data profile [2] is constructed by
using as ingredients the computation time, the number of function evaluations, and a user‐defined target
on the value of the objective function. In these approaches, one of the main limitations is the selection of
the set of problems to analyze, for which there is no general criterion defined yet.
Other types of comparisons are carried out on the outcomes of two algorithms run on the same
problem. These include non‐parametric statistical hypothesis tests (e.g., the unpaired Wilcoxon ranksum
test), calculating the confidence interval around the mean (or the median) of the solutions [3]. However,
focusing on the intervals around the mean or median may be limitative, as the details on the specific
location of the solutions are not included.
In the electrical energy systems domain, simple indicators such as the best and worst solutions
obtained, as well as the mean value, standard deviation and median of the solutions, are still used in a

1

The inappropriateness of the concept “determining the best solver” is discussed in Section 2.

Page 4

Discussion paper on Infrastructure Prerequisites

number of contributions published in scientific journals. However, none of these simple metrics is able to
really provide significant outcomes. In fact:

• The best (globally optimal) solution could be obtained by chance at any time from any solver,
regardless of the overall set of solutions reached; the best solution could be even found (without being
aware of it) in one of the solutions indicated by the operator to form the initial population used by the
heuristic method, namely, before running the procedure. In this case, running the procedure would
provide the best result. However, would anybody conclude that the heuristic is perfect, or it was just
a lucky initialization?

• The mean value of the solutions could be the same for solvers providing very different solutions
(among which some solutions could be close to the global optimum), or for solvers leading to
concentrating most solutions around the mean value (in this case the best solution could be far from
the global optimum). In this case, how to decide which solver is better?

• Using the standard deviation in addition to the mean value seems to improve the situation, but still
with insufficient indications on the statistical distribution of the solutions.

In order to obtain more robust statistical information on the quality of the solutions, it would be possible
to get information from calculating further probabilistic moments (e.g., skewness, kurtosis, etc.).
However, the interpretation of the contribution of these probabilistic moments to establishing whether
the results obtained from one solver are better with respect to the results obtained from another solver is
not straightforward.
In practice, the mean and median values are still used to rank the algorithms also in International
competitions based on heuristic optimizations. For example, in the series of conferences on Evolutionary
Computation (CEC), the criteria to rank the algorithms for constrained real parameter optimizations
executed on one problem with multiple runs (with a predefined number of runs) are based on the mean
and median values [4]. In particular, the procedure for ranking the algorithms based on the mean values
includes a first ranking based on the feasibility rate (to exclude algorithms that provide unfeasible
solutions), a second ranking based on the mean violation amounts (to ensure that the solutions obtained
do not violate the constraints), and a third ranking based on the mean value of the objective function.
Likewise, the procedure for ranking the algorithms based on the median solutions ranks the feasible
solutions based on the value of the objective function, and the unfeasible solutions based on the amount
of constraint violation. The two rankings are then summed up to provide the overall ranking for the
problem considered. Since the competition is based on multiple problems, the rankings obtained from
each problem are then summed up to obtain the final ranking.
Specific competitions on heuristic optimization have been launched also in the power and energy
systems area. For example, in the 2017 IEEE competition on modern heuristic optimizers for smart grid
operation [5], two testbeds were constructed (specific comments are reported in the next section). Each
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testbed had to be run for a given number of scenarios. Each scenario required the execution of a given
number NMC of Monte Carlo assessments of the objective function, resulting in NMC best solutions. Then,
each scenario was characterized by a score, calculated as the mean value of the corresponding NMC best
solutions. The total score was determined by the sum of the scores obtained for each scenario. Again, the
best solution and the mean values were used to establish the scores.
This paper introduces a different rationale, with the aim of constructing performance indicators simple
to be calculated and interpreted, and statistically more effective than the best value or the first
probabilistic moments to represent the nature of the solutions.
The main contributions of this paper are:

a) An overview on some problems in the power and energy systems area that are addressed with
heuristics methods, to show that several papers have used different heuristic methods, variants and
hybrid versions to solve these problems, in most cases with the focus on testing a new method,
without providing advances or insights on the problem itself.

b) A wide discussion on the reasons why the comparison of the performance of different optimization
algorithms carried out with simple metrics may lead to an undue and somehow uncontrolled
proliferation of heuristic solvers. A perpetual motion scheme is introduced to represent the
unsolvable nature of the problem of limiting the introduction of “new best solvers”.

c) The formulation of more refined metrics defined to compare the optimization results in a
statistically significant way for problems in which finding the global optimum cannot be guaranteed
(extending the previous findings of the authors presented in [6]) and, as a new addition to the same
framework, for problems with computable global optimum.
In particular, more refined metrics are defined to compare the optimization result in two specific cases:

• Case G (Global) – It is possible to calculate the globally optimal solution, for example by running
exhaustive search over all the solutions of the problem. In this case, conceptually there would be no
need for running other optimization methods or meta‐heuristics. However, if the globally optimal
solution can be found only with very long computation time, much faster alternative optimization
solvers could be available. In this case, it may be useful to assess the performance of the alternative
solvers in specific situations, in order to avoid running exhaustive search each time the solution has
to be calculated for a similar problem (e.g., when the parameters of the system under analysis
change). In addition, testing some solvers on test systems for which the globally optimal solution
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has been already found may be useful for a preliminary assessment of these solvers before applying
them to large‐scale problems. This is for example the case of using predefined benchmark functions
to test the solvers [4][7]. However, it has to be noted that the classical benchmark functions are
rather different with respect to the problems addressed in practical applications on electrical
systems. In fact, the electrical networks introduce challenging aspects, such as discrete problem
formulations, and especially the presence of constraints difficult to handle (e.g., the equality
constraints given by active and reactive power flow balances, and the constraint of maintaining a
radial network structure [8][9]).

• Case R (Relative) – The number of feasible solutions is so large that the global optimum cannot be
found in a reasonable computation time. In this case, the pseudo‐optimal solution can be identified
only in a relative way as the best solution found so far. This situation is frequently found in many
problems, typically because of the combinatorial explosion of the number of possible solutions for
large‐scale systems.

The metrics introduced in this paper are based on the calculation of a number of solutions from
different solvers, on the construction of the cumulative distribution function (CDF) of these solutions, and
on the definition of specific indicators, having an intuitive geometric meaning. These indicators are based
on the CDF of the solution obtained from each solver and on a reference CDF constructed by considering
the global optimum for Case G or a selected set of solutions for Case R.
The next sections of this paper are organized as follows. Section 2 recalls some typical problems
referring to power and energy systems that are addressed by using heuristic methods, and provides
specific comments on the variety of methods adopted. Section 3 discusses the issue of finding out the best
solver, casting the problem into a perpetual motion scheme. Section 4 illustrates the use of more refined
performance metrics based on first‐order stochastic dominance concepts. Section 5 introduces, without
loss of generality, the specific problem (distribution system optimal reconfiguration) addressed in the
illustrative examples. Section 6 shows the results of specific distribution network optimal reconfigurations
run as case study applications. The last section contains the concluding remarks.

2.

Typical power and energy problems solved with
heuristic methods

Various problems in the power and energy systems area have been typically solved in the last decades
by using traditional optimization methods (e.g., gradient‐based approaches, linear and nonlinear
programming, quadratic programming, dynamic programming, branch and bound, Newton‐based
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methods, Lagrangian relaxation, and interior point methods). The traditional methods have been used
very efficiently to obtain a rapid convergence to the optimum in case of optimization problems whose
objective functions are defined in a polynomial way and the variables are defined in a convex domain. An
example of this kind of problems is the basic economic dispatch, in which the objective function is the total
cost composed of quadratic individual cost functions for the generation units. However, if specific aspects
(such as valve‐point effects and prohibited zones) are considered and the number of decision variables
increases, the traditional methods suffer from the dimensionality problem and can fail the search of the
optimum.
With respect to the basic formulation, different aspects can make the formulation of optimization
problems addressing real‐world problems more complex. For example:
• objective functions defined in highly non‐linear forms, leading to the presence of several local optima;
• presence of linear or non‐linear constraints that make the domain of definition of the variables

mathematically non‐convex;
• problems in which it is not possible to compute derivatives that could be sent to algorithms that use this

type of information;
• discrete combinatorial problems, affected by the curse of dimensionality when applied to largescale

systems.
For problems in which the traditional methods exhibit difficult convergence or require very long
computation times, the application of heuristic methods has provided a viable alternative. Sometimes,
heuristic methods could lead to results that were not previously found because the exploration of the
domain of definition of the variables was inherently limited by the characteristics of the solver. The
heuristics have been also used to solve problems that had no known solution, providing satisfactory
(even though non‐optimal) solutions.
There are some favorable aspects of the use of heuristic methods, for example:
• the heuristics are generally simple to implement in their solution schemes, even though in some cases

a careful implementation of the solution strategy is needed to guarantee the effective incorporation of
the equality and inequality constraints (as a matter of example, the radiality of the distribution system
should be correctly implemented for avoiding the creation of a huge number of unfeasible solutions)
[8];
• the heuristics contain in their underlying principles some specialized operators (some examples are

parallelism, elitism, selection with probability‐based acceptance, topology, memory, immunity, and
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self‐adaptation [10]) that could be particularly useful to enable wider exploration of the space of the
solutions;
• the heuristics can be hybridized to benefit from the different characteristics of two or more methods,

for example adding an effective local search strategy to a method that is based on exploring a wide
range of solutions, or using an internal optimization to find the most suitable parameters to be used by
the solver. A successful example is the Evolutionary Particle Swarm Optimization (EPSO) [11], which
uses an evolutionary model together with a particle movement operator to formulate a self‐adaptive
algorithm.
Various applications of heuristic methods to electrical power and energy systems have been reviewed
in [12]. A selected set of illustrative applications is considered in this paper, in order to show the diffusion
of the application of the heuristic methods to these problems, also in recent years:
• Distribution system reconfiguration (DSR): selection of the open/closed condition of the distribution

network branches (or of the switches at the terminals of the branches) in order to optimize a predefined
objective (or multi‐objective function). DSR is a combinatorial optimization problem that uses non‐
linear mathematical models. Specific constraints are given by the network connectivity, the need of
considering only radial configurations, and the technical limits on the node voltages, branch currents,
and others [10]. More details are indicated in Section 5.2, as the DSR problem has been chosen to show
the application examples in this paper.
• Economic dispatch (ED): calculation of the electrical power outputs of the generation units in the power

system in order to obtain the minimum total operating cost, subject to a set of constraints. The equality
constraints are given by the power balance equations. The minimum and maximum power, prohibited
operating zones, multiple fuel options, and transmission limits are typically found as inequality
constraints. In addition, depending on the type of generation unit (hydro or thermal) there are other
constraints such as the valve‐point effect, ramp rates, discharge limits, reservoir volume limits, and
water dynamic balance equation with transport delay time. The main points for the use of heuristic
methods rather than traditional methods are the large number of decision variables involved,
difficulties in handling non‐linear characteristics, non‐smooth cost functions, presence of several local
minima, non‐convexity or non‐connection of the domain of definition of the decision variables, and long
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computation times requested. Further accuracy issues are indicated in [13]. Moreover, in some cases
multi‐objective functions are considered, especially when there are objectives with different nature
(e.g., emission, cost and so on) and these objectives are not incorporated into a single (weighted)
objective function.
• Load forecasting (LF): forecast of the demand at different time scales (short‐term, medium‐term, and

long‐term) and at different levels of aggregation (individual or aggregate loads). The demand is related
to a number of exogenous factors (e.g., temperature, humidity, economic and social aspects) in a
complex and non‐linear way, and other random components do appear as “noise”. For this reason,
conventional techniques such as linear correlation models for time series analysis and regression
models could be poorly accurate. The heuristic methods are seen as alternatives to artificial neural
networks and other machine learning approaches.
• Maintenance scheduling (MS): definition of the sequence in time to perform maintenance of the

generation units in order to optimize a given objective function under the system operational
constraints. This problem is non‐linear and stochastic, and may have a number of conflicting objectives.
MS is closely linked to reliability aspects and costs, and these objectives can be handled within a risk
analysis framework. The constraints are manifold, and include technical aspects (e.g., load demand,
system reserve requirements, availability of equipment, and duration of the maintenance period),
personnel‐related constraints (e.g., availability of maintenance teams) and economic aspects (budget
constraints).
• Optimal power flow (OPF): determination of the operating point at steady state to minimize a

predefined objective (or multi‐objective) function (e.g., considering costs, emissions, system losses, and
reactive power support) under a wide set of network constraints. The OPF is a non‐linear optimization
problem. Classical optimization methods are highly sensitive to the initial conditions and frequently
converge to local solutions or even diverge.
• Power system planning (PSP): the related problems include operational planning (i.e., changes occurring

in the system at constant load, such as increasing the level of system automation, replacement of
network components, or reactive power planning) and expansion planning of network and generation
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(considering scenarios of demand growth, also taking into account the evolution of distributed
generation and storage). The objective function for planning is typically economic and is composed of
discounted investment costs, operation and maintenance costs, reliability costs, and salvage value. The
constraints are numerous and may involve technical, economic, environmental and social aspects.
Planning problems are by nature large‐scale, non‐linear combinatorial problems, with integer and real
variables. The number of solutions to be evaluated could grow exponentially with the system size, and
there is typically a large number of local optima.
Among the contents presented in [12] in 2008, the heuristic methods surveyed in [14] include
evolutionary algorithms (e.g., genetic algorithms, evolution strategies, evolutionary programming, and
genetic programming), simulated annealing, tabu search (which is not a probability‐based method), and
particle swarm optimization. However, a number of other heuristic techniques have been introduced in the
last decade.
A text search has been carried out in the Science Direct database, considering the set of problems
indicated above and different heuristic methods. Table 1 shows the number of articles in which each
specific heuristic has been mentioned or applied (in its original version or in a variant), or has been used as
a benchmark to compare the results obtained by the proposed solver. The cases in which the heuristic
appears for at least ten times for a given problem are listed in the table. Other heuristics appearing less
than ten times are not considered. A basic reference is included for each heuristic method.
From Table 1 it appears clearly that some classical heuristics are widely considered, but also many
heuristics appeared recently have been applied to the various problems. Overall, hundreds of articles are
available in the literature to deal with or solve the set of problems indicated. For this reason, a
comprehensive review of the contents of these contributions is outside the scope of this paper. However,
in most cases these articles do not provide any advance or insight on the specific problem, but merely aim
at testing a “new” heuristic, or a variant of an existing heuristic, or a hybridization of different methods
(e.g., different heuristics, or heuristics and conventional algorithms, in the latter case typically resorting to
the capabilities of the conventional algorithms to perform a deterministic local search). In the most
significant cases, some parts of the methods are customized in order to deal with specific aspects of the
problem under analysis (e.g., the treatment of the radial network constraint in the DSR problem). This
customization can be seen as a methodological insight. Nevertheless, there is no certainty that the
changes introduced lead systematically to better results with respect to other variants proposed. This lack
of certainty gives room to the proliferation of new methods, variants and hybridizations.
Another reason why the number of contributions on testing heuristics in the power and energy systems
area is so high is the lack of widely accepted benchmarks defined for the specific problems. This situation
is different with respect to the evolutionary computation community area, where specific benchmark
functions are used to test the algorithms. However, the properties of these benchmark functions are
typically different with respect to the properties of the objective functions and constraints encountered in
the problems referring to power and energy systems. In particular, the major challenges appearing in the
power and energy systems area are due to the need for handling the non‐linear equality constraints that
describe the power balances in large‐scale applications, the topological constraints of the electrical
networks, and the non‐connected domain of definition of the decision variables.
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On the basis of the above considerations, the next section presents a consistent scheme to explain the
main reasons why there are so many heuristics proposed to solve the optimization problems, claiming each
time that the solver tested is better than the existing ones.

3.

Best Solver or Best Solution? A Perpetual Motion
Scheme and the Emergence of a Paradox

Let us consider an optimization problem admitting several local optima, among which the global
optimum cannot be practically identified in a reasonable computation time. This kind of problem is
conceptually suitable for testing new solvers. Let us start from the best solution found so far, and construct
a framework to represent the overall activity carried out by testing different solvers.
Fig. 1 shows how the identification of the best solver can be cast into a perpetual motion scheme, with
no exit point. The testing block is the one in which the solutions (i.e., objective function values) are
determined. On the basis of this scheme, the number of scientific publications appearing on the same
subject by changing the solver is continuously increasing. Once a new best solver has been identified, the
process continues by testing new solvers. Due to the intractable number of possible solutions and of the
uncertainty given by the random search embedded in the solvers, it is possible to find out another solver
providing better results according with the metric established for comparison. Of course, if the metric is
weak, better solutions may be found more easily, as it will be remarked below.
An interesting question may be: is this growth in the number of publications continuously claiming to
have found the best solver conceptually sound? The notes provided in this section aim at showing that in
various cases the reasons indicated by the authors to declare their solver as the best one are somehow
questionable.
Let us consider the following situation, which could emerge from applying the perpetual motion
scheme. From successive testing on the same problem and different system or method parameters, the
following propositions could hold (where better means strictly better, that is, the equality case is not
considered):
Solver D is better than Solvers {A, B, C}
Solver E is better than Solvers {B, D, F}
Solver G is better than Solvers {A, E, D}
Solver F is better than Solvers {A, D, G}

By rewriting some parts of the last proposition, it is possible to recognize the following chain:
Solver F is better than Solver G 
Solver G is better than Solver E 
Solver E is better than Solver F

A consequence of this chain of propositions is the absurd proposition
Solver F is better than Solver F,
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in which Solver F is qualified as strictly better than itself. The latter proposition is clearly a true paradox.
However, situations like this one are possible in practical applications in which a new solver is tested on a
given problem against a number of other solvers that provide worse performance in the executions carried
out with the set of parameters adopted. The main problem of this approach is that it is only driven by the
objective of obtaining better results, without trying to understand why the solver is performing better than
others. This approach is making the meta‐heuristics field vulnerable, as the undue and somehow
uncontrolled proliferation of heuristic solvers makes it difficult to recognize the true innovation occurring
in the field [50].
In the framework of analysis indicated in Fig. 1 for Case R optimization problems with no known global
optimum applied to large‐scale systems, the crucial point is: if the solutions found on a specific problem by
using one solver are better than with another solver, this does not mean that the solver is better. In other
terms, “the solver is better” is a global property that cannot be demonstrated in a complete way. Thereby,
the conclusions in many contributions that claim to have found the “best method” by comparing sets of
solutions obtained from different methods should be at least restated to indicate that the method tested
has provided better solutions for the specific problem and case study application, with the specific
initialization and in terms of the indicator used to assess the solutions. Of course, in this case the strength
of the scientific contribution would sound poorer, almost vanishing.
Nevertheless, in the absence of a global optimum there is no way to break the perpetual motion scheme
in a scientifically rigorous way. What can be done in this respect is to improve the mechanism of comparison
among different solvers, in order to require more significant information to declare that the solutions
obtained from a solver are better than the solutions given by other solvers. In this case, the core of the
problem is to reinforce the meaning of the test block “better solution?” appearing in Fig. 1. This can be done
by resorting to more refined metrics for ranking the solvers on the basis of a
statistically significant set of solutions.
A dedicated metric has been introduced by [51], using two criteria to evaluate an algorithm, namely,
the number of objective function calculations occurred before satisfying the stop criterion, and the value
of the best objective function found by the optimization algorithm. These criteria are used in a
Paretodominance analysis, concluding that the best algorithms are the ones producing non‐dominated
solutions in the plane defined by the number of objective function calculations and by the objective
function value itself. An approximation to the first‐order stochastic dominance concept [52] has been used
in [51] to rank the solvers in each evaluation criterion. Further studies in [53] considered also oneway
ANOVA for ranking each evaluation criterion.
In the following section, the stochastic dominance concepts are exploited to formulate intuitively
meaningful indicators to create stronger comparisons among the optimization solutions. The testing of
these indicators is then carried out on a problem referring to electrical distribution networks, whose
characteristics are more elaborated than the classical benchmark functions.
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4.

Refined Metrics and Indicators to Assess the Results
of Optimization Methods

4.1. Optimization formulation and deterministic dominance
The general framework for optimization is set up by considering the minimization case (without loss of
generality) for a system with a given vector of parameters p, a given vector of decision variables d, and a
scalar objective function y. In mathematical terms:
(1)
s.t.

where

,

and

indicate the functions representing the objective, the vector of equality
constraints

and the vector of inequality constraints, respectively.
In order to compare the solutions obtained by executing different solvers taken from a given set of
solvers S, each solver is executed for a given number of times, denoted as Hs. The dependence on s is
indicated because the number of solutions can be either the same for each solver (in order to set up the
comparisons under the same conditions for all the solvers), or it may be different from solver to solver (for
example, when the operator intends to highlight the difference among the execution times of each solver;
in this case, Hs can be determined as the number of solutions provided by the solver s within a predefined
total execution time).
The metrics considered here are based on the concept of dominance between two sets of solutions. Let
us consider the HA and HB solutions provided by two solvers {A, B} S run on the same optimization
problem. The simplest case is to check whether the solutions obtained from the two solvers are completely
separate; in this case, deterministic dominance does exist. By denoting with the hth solution obtained with
the solver A, and with the hth solution obtained with the solver B, the dominance condition for which the
solutions obtained from the solver A exhibit deterministic dominance over the solutions obtained from the
solver B in case of objective function minimization (Fig. 2) is expressed as:
(2)

However, in practical applications, situations leading to deterministic dominance rarely occur. A more
complete characterization of the dominance concept is provided in the literature by resorting to the
stochastic dominance concepts illustrated in the next section.
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4.2. Stochastic dominance
The stochastic dominance concepts introduced in [52] are revisited in the light of their application to
the solutions of an optimization problem obtained from different solvers, extending the approach recently
introduced by the authors in [6]. This section summarizes the basic stochastic dominance concepts.
To compare two of more solvers, let us consider the same number H of solutions taken for each solver.
Checking the stochastic dominance requires constructing the Cumulative Distribution Function (CDF) of
the H solutions of the optimization (1) obtained from each solver under analysis. These solutions are sorted
in the ascending order of the variable y. Let us denote with
the CDF corresponding to the solver s
S. Fig. 3 shows an example of construction of the CDF for an example with H = 50 solutions and objective
function expressed in per units (p.u.).
Different stochastic dominance formulations can be introduced by considering two solvers {A, B}
run H times each one on the same minimization problem:

S,

1. First‐order stochastic dominance: the solutions obtained from the solver A exhibit first‐order stochastic
dominance over the solutions obtained from the solver B if and only if the following condition is satisfied
on the CDFs for any value of the output variable y, with strict inequality existing for at least one value of
y:
(3)
In graphical terms (Fig. 4a), the condition (3) means that no entry of the CDF referring to the solutions
of solver B has to lie on the left‐hand side of the CDF referring to the solutions of solver A. The strict
inequality is required to exclude that all the entries in the two CDFs are identical.

2. Second‐order stochastic dominance: the solutions obtained from the solver A exhibit second‐order
stochastic dominance over the solutions obtained from the solver B if and only if the following condition
is verified on the CDFs for any value of the output variable y, with strict inequality existing for at least
one value of y:
(4)
In graphical terms (Fig. 4b and Fig. 4c), the second‐order stochastic dominance condition is based on
an integral quantity, and as such it cannot be excluded that one or more entries of the CDF referring to
the solutions of solver B are located on the left‐hand side of the CDF referring to the solutions of solver
A (as in Fig. 4b). The case of Fig. 4b satisfies the second‐order stochastic dominance conditions (as the
area in Fig. 4c is always positive). However, it does not satisfy the first order stochastic dominance (as
there are intersections between the CDFs).

On the basis of their definitions, the first‐order stochastic dominance condition is sufficient to ensure
second‐order stochastic dominance. However, the reverse case does not hold, because in the secondorder
stochastic dominance, based on an integral condition, the CDFs of the solutions under analysis could cross
Page 15

Discussion paper on Infrastructure Prerequisites

with each other, thus not respecting the first‐order stochastic dominance condition. For the same reason,
higher‐order stochastic dominance is not considered. Thereby, the first‐order stochastic dominance is
considered here as the relevant metric to be exploited for constructing suitable indicators to compare the
solutions obtained from different solvers. The definition of these indicators is addressed in the next
sections.

4.3. Determination of the reference CDF
The first aspect to develop performance indicators that can be used for appropriately comparing the
outcomes of two (or more) optimization solvers is the definition of a reference CDF. This reference CDF
should satisfy the following property: none of the CDFs originated from solutions of the solvers under
comparison has to pass on the left‐hand side of the reference CDF. Partial or total superposition of the
CDFs under test with the reference CDF is allowed. This property can be seen as the declaration that the
reference CDF exhibits first‐order stochastic dominance with respect to all the CDFs under test, with the
addition of the possibility that the reference CDF is exactly equal with one of the CDFs (not included in the
first‐order stochastic dominance conditions).
This reference CDF is constructed in a different way in the following two cases:

• Case G: when it is possible to construct the whole set of solutions and calculate the global optimum, the
reference CDF is equal to zero until the global optimum is reached, then it jumps to unity (Fig. 5). This
behavior takes into account the fact that the best case for the solutions obtained from a solver would be
to reproduce the global optimum in all its executions. The reference CDF for this case is denoted as , to
identify the use of the global optimum.

• Case R: when the set of solutions is too large to be evaluated, the procedure introduced in [6] is used.
The reference CDF is constructed by calculating the objective function during the execution of the
optimization with each solver (by using the penalized objective function in order to take into account
possible constraint violations, as indicated in Section 4.2). Then, a predefined number H of solutions is
taken from each CDF under test. If the number Hs of solutions for each solver s

S has not been set to

the same value H during the executions (e.g., because successive optimizations have been for each
solver run until the redefined computation time limit has been reached), the number of solutions is taken
as the minimum , and the best H solutions are considered for each solver, for the benefit of the solvers
providing faster executions.

If the solutions obtained from M solvers have to be compared,
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the number of solution points available is M H. These points are ordered in the ascending order all
together, then the best H points are taken to construct the reference CDF. Fig. 6 summarizes the
procedure by using three solvers {A, B, C} S and H = 100 points for each solver. The reference CDF for
this case is denoted as

, to identify the fact that it comes from a relative assessment.

There is a conceptual difference between the rationale used in the definition of the reference CDF for
Case G and Case R. In Case G a fixed reference entry (the global optimum) is available, thereby the
reference CDF is set up in a fixed way and the comparison between the actual CDF and the reference CDF
is conducted in absolute terms. In Case R the entries of the reference CDF may vary depending on H and on
the context in which the calculations are carried out (e.g., the computation time limit indicated above), so
that the comparison between the actual CDF and the reference CDF is conducted in relative terms.

4.4. First‐order stochastic dominance‐based indicators
In this section, the first‐order stochastic dominance concepts are adapted to the optimization
outcomes, considering objective function minimization.
Specific indicators are constructed on the basis of the reference CDF and of the CDFs under test. An
indicator for each test CDF is calculated. For this calculation, the reference CDF and the test CDF must be
represented with the same number of points H on the vertical axis, corresponding to the width c =1/H.
Thereby, in Case G of Section 3.3, the reference CDF is discretized into H points having the same value of
the objective function, located at successive vertical steps of width c.
By definition of the reference CDF, no point of the CDF under test can be located on the left‐hand side
of the reference CDF. Thereby, it is possible to formulate indicators that may assume values belonging to
the interval (0,1). The test CDFs may then be ranked according with these indicators, with higher values
representing better performance, occurring when the area between the reference CDF and the test CDF,
calculated by using the H solution points, is smaller. The unity value is reached when the CDF of the test
method is exactly equal to the reference CDF.
The H objective function values located on the horizontal axis of the CDF, z = 1,…, H, are denoted with
for the test CDF of the solver s, and with for the reference CDF in Case R. The following areas are calculated
by summing up the horizontal areas
defined on the basis of the reference and test CDFs (since the vertical steps in the CDF have the same
length):

• Area referring to the test CDF obtained with the solutions of the solver s S in Case G, calculated with
respect to the reference CDF when the global optimum is known:

(5)
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• Area referring to the test CDF obtained with the solutions of the solver s S in Case R, calculated with
respect to the reference CDF when the global optimum is not known, considering the common
partitioning of the vertical axis (Fig. 7):
(6)
The indicators are then defined under the general name OPISD (Optimization Performance Indicator
based on Stochastic Dominance). In order to take into account the two cases described in Section 3.3, two
versions of the indicator are formulated:

• OPISDG (global OPISD), to be applied when the global optimum of the objective function under analysis
is known (Case G) by considering a number H of CDF values:
(7)

• OPISDR (relative OPISD), to be applied when the global optimum of the objective function under analysis
is not known (Case R) [6] by considering a number H of CDF values:
(8)

The expression used for the definition of the indicators comes from the need to take into account cases
in which an area could be null, as well as to work when the objective function may assume both positive
and negative values, providing results in the interval (0,1) at all times.
In spite of their similar definition, the two indicators are kept separate because of a fundamental
concept: the reference CDF for global OPISD never changes, being the global optimum, so that the values
assumed by the indicator OPISDG for a given value of H can be assumed as an absolute reference that can
be used to rank the results of different contributions prepared at different times. Conversely, the reference
CDF for relative OPISD generally changes each time a comparison among two or more solvers is carried
out, so that the numerical results for OPISDR are only valid for the corresponding ranking obtained, and
cannot be used in successive comparisons.
The test methods are then ranked on the basis of the relevant OPISD indicator from the most effective
one (i.e., with the highest OPISD value) to the less effective one (with the lowest OPISD value).
The new OPISD indicators are a general‐purpose metric that can be used to rank the performance of
different optimization methods. It is particularly suitable to rank heuristic methods, for which many
solutions may be available from multiple executions even with the same number of parameters, by just
changing the seed for random number extractions. Applications of the proposed metric to a discrete
optimization problem are illustrated in Section 4.
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4.5. Further indicators
In addition to simple indicators such as the mean, the median and other probabilistic moments, further
indicators can be defined by taking into account how many solutions are located on the reference CDF. In
this case, the different nature of Case G and Case R emerges again. In fact:

• The indicator

consists of the percentage of solutions reaching the global optimum (and by

definition the reference CDF) in Case G. This indicator has an absolute meaning, as the global optimum
for the problem under analysis is fixed.

• The indicator

consists of the percentage of solutions located on the reference CDF in Case R. It is

an indicator with relative meaning, as the reference CDF in this case changes depending on the test CDFs
in the comparison carried out.

5.

Optimization Problem and Solution Methods

5.1. Stochastic dominance applications to power and energy systems
Stochastic dominance concepts have been used to represent the constraints in some problems in the
power and energy systems area. The most typical application of stochastic dominance concepts refers to
risk‐aversion modelling in electricity trading and portfolio optimization. The second‐order stochastic
dominance constraint has been imposed in [54] to reduce the risk of low profit for an electricity retailer in
deciding the contracts and selling prices to offer to potential customers, and in [55] for selfscheduling of
large consumers. In [56] portfolio optimization is carried out by setting up a minimum tolerable CDF used
as the reference; then, the CDF of the portfolio model is accepted if it exhibits second‐order stochastic
dominance over the reference CDF.
Furthermore, first‐order stochastic dominance constraints have been applied in [57] to the expansion
planning problem for optimizing the introduction of new generation capacity, and in [58] to the riskbased
approach for energy trading in a virtual power plant. Energy scheduling in a residential system with
renewable energy sources has been addressed in [59] by choosing the renewable energy distributions
according with the first‐order stochastic dominance principle.
Generally, the indicators OPISDG and OPISDR can be used to deal with various optimization problems.
An application of the first‐order stochastic dominance to compare the CDFs of the solutions obtained from
different heuristics has been presented by the authors in [6], defining the OPISD indicator corresponding
to what is called OPISDR in this paper. Without loss of generality, the results presented have been obtained
on a classical optimization problem in the electricity distribution area – the distribution network
reconfiguration with minimum losses. This problem is conceptually simple and can be easily understood
by the readers with different backgrounds. At the same time, it is a discrete optimization problem for
which it is possible (for relatively small networks) to calculate the global optimum and construct the
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reference CDF for Case G, while for large networks the combinatorial explosion of the number of solutions
does not enable us determine the global optimum in a reasonable computation time, so that the
definitions valid for Case R have to be applied. The solutions of the optimal distribution network
reconfiguration for Case G and Case R are considered in this section.

5.2. Description of the DSR optimization problem
The Medium Voltage (MV) electricity distribution systems are structurally composed of a number of
nodes interconnected by branches forming a weakly meshed structure. The network is typically operated
with a radial configuration in order to simplify the protection schemes.
For a distribution system with N nodes, B total branches and S supply points, any radial configuration
starting from the supply nodes without isolating any of the other nodes has

= B‐N+S open branches. This

condition is necessary to define the radial network, but it is not sufficient, because by cutting branches
at random it would be very likely to create loops in the network and isolate some nodes. Moreover, the
total number of radial configurations that can be obtained by starting from a given network structure is
computable by using the Kirchhoff’s tree matrix theorem [60]. However, this number of configurations
could be so high that even the generation of these radial configurations (that is not straightforward and
would need to apply a graph‐search algorithm) could be practically intractable.
As an example, the real distribution network shown in [61] has N = 207 nodes, B = 213 branches and S = 1
supply point, resulting in = 7 open branches for each radial network, and in = 151,641,612 possible
radial configurations. For larger networks the situation is even more extreme. For example, in the urban
distribution network used in [62] with N = 535 nodes, B = 554 branches and S = 4 supply points, there are
= 23 open branches for each radial network, and the number of possible radial configurations is as high as
= 7.197∙1032. With these numbers, it is clearly not practically feasible to determine the global optimum
for this problem with certainty in a reasonable computation time. Thus, a number of deterministic and
meta‐heuristic methods have been proposed in the literature to calculate pseudo‐optimal solutions with
an acceptable computational burden. Reviewing the state of the art of these methods is outside the scope
of this paper (some recent reviews may be found in [63] and in the introductory sections of [61]), as the
focus is set here on the metrics to compare the results obtained from different methods.
A further challenge of this problem is that the solutions have to satisfy a set of constraints. These
constraints are of two types:

1. All configurations created in the solution process have to be radial. This aspect is addressed by applying
the close‐open branch‐exchange mechanism [64], in which each configuration change is applied by
closing an open branch, detecting the closed loop formed in the network, then opening a branch in the
loop to restore the radial structure.

2. Operational limits, referring to various aspects, such as maximum and minimum voltage magnitude
limits at each node, maximum fault currents at each node, maximum current magnitude at each branch,
and so forth [65]. This aspect is addressed by introducing specific penalty terms in the problem
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formulation, in such a way that a penalized objective function can be used to ensure that any radial
configuration corresponding to a numerical solution (discarding only the configurations leading to lack
of convergence of the power flow calculations) is represented among the configurations to be analyzed.
This fact enables the use of solvers taken from meta‐heuristics for which a temporary solution worsening
may be acceptable (provided that a probability‐based check is passed) in order to open the search space
to reach more solutions.

For a given radial configuration X, belonging to the set X of the radial configurations for which the
power flow calculations is solvable, the total network losses PTOT(X) are expressed in terms of the resistance
Rb and current magnitude Ib of any branch b

, where is the set of network branches:

(9)
Considering the set
of variables subject to
constraint
violation, the amount of violation and the penalty factor that assumes positive values
only when the corresponding violation does exist for each , the penalized objective function is formulated
as:
(10)
The optimization problem becomes
(11)

Since this paper is focused on the definition of the performance indicators, without loss of generality,
the minimum losses problem addressed here is based on a single loading condition. More generally, with
the current diffusion of distributed resources in the distribution systems, the minimum losses problem is
formulated by taking into account the evolution in time of generation and demand patterns, assessing the
losses on a given time interval, also with the possibility of determining an optimal set of network
configurations for intra‐day time periods [61]. The concepts introduced in this paper can be directly applied
to the results of these more detailed problem formulations.

5.3. Solution methods
For the purpose of this paper, three solvers implemented according to specific meta‐heuristics, namely,
Simulated Annealing (SA), Genetic Algorithms (GA) and Particle Swarm Optimization (PSO), have been
selected. These solvers have been already widely used in the literature for distribution system optimal
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reconfiguration problems [63]. For each method, there is a set of parameters to be defined before its
execution. In addition, these methods require random choices; thereby, to ensure repeatability of the
results it is necessary to fix the seed for random number extraction to a given value s0. On another point of
view, different solutions can be found even with the same set of parameters, just changing the seed for
random number extraction. The seed for random number extraction is the entry point to access the
sequence of random numbers implemented in the specific function to extract random numbers from a
uniform probability distribution in (0,1), and cannot be considered as a parameter of the solver.
The same adaptive stop criterion is used for the three methods, concluding the execution when the
objective function does not change for a predefined number Ns of successive iterations [65]. The other
parameters to be set up for the three methods are recalled below.
The SA method [41] is composed of a main cycle and an internal cycle. The main cycle is driven by a
control parameter c having an initial value c0 and decaying in the successive iterations (using m as the
iteration counter) according with the progression cm = cm‐1, with a constant cooling rate chosen in the
range (0,1), until the stop criterion (defined on the iterations of the main cycle) is satisfied. The initial value
c0 can be estimated by running the SA procedure with given values of the parameters until a predefined
number of worse solutions Nw has been reached, then calculating the average worsening and imposing
a percentage of acceptance p0 for that worsening. Thereby, c0 = /ln(1/p0). At any iteration of the main
cycle, an internal cycle is run, performing successive branch‐exchanges driven by random choices of the
branches to close and open, and stopping the corresponding iterations when the maximum number MA of
configurations analysed or the maximum number MC of configurations
accepted are reached.
In the GA method [66], the information on the network configuration is coded in a string (called
chromosome) containing B binary values (called genes) set to 0 for representing an open branch and to
1 for representing a closed branch. A population of CGA strings is formed and used in the GA solution. The
objective function is calculated for each string. The solution process is composed of a cycle, in which
successive steps perform selection (with a user‐defined criterion based on the fitness of each chromosome
calculated by using its objective function), crossover (with crossover probability pc) and mutation (with
mutation probability pm) until the stop criterion is satisfied.
In the PSO method [40], the information is coded as in the GA. A population of CPSO particles is used.
The solution process is composed of a cycle, in which the three terms forming the velocity of the particles
(inertia, memory, and cooperation) are updated and the new string (corresponding to the particle position)
is determined for each particle. The objective function is calculated for each string, updating the local best
and the global best each time the corresponding solution is improved. According with [67], the inertia
weight w is progressively changed during the iterations from a maximum (initial) value winit to a minimum
(final) value wfinal. A list of possible strategies for varying the inertia weight w is shown in [68]. In this paper,
the strategy e1‐PSO from [69] has been applied.
In summary, the sets of parameters considered are:

• for SA:

= { , Nw, p0, MA, MC, Ns};

• for GA:

= {CGA, pc, pm, Ns};

• for PSO:

= {CPSO, winit, wfinal, Ns}.
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6.

Application Examples

6.1. Test network with known global optimum (Case G)
Let us consider a test network used in various literature contributions, with 70 nodes [70]. The
characteristics of this network are summarized in Table 2. The total number of radial configurations has
been calculated, resulting in

= 407,924 configurations [61].

By considering the initial network structure and loading provided in [71], in the reference system2 used
the base voltage is set to the rated voltage, the base power is equal to 10 kVA, and the supply voltage is
set to 1 per unit (p.u.).
The global optimum for this network and loading conditions has minimum total losses equal to 9.859
p.u.

6.1.1. Comparison among the solutions obtained from different solvers
For the execution of the solvers, Hs = 100 solutions are extracted from each solver, and H = 100 solutions
are used to form the reference CDF. Furthermore, Ns = 20 is used in the stop criterion, and the seed for
random number extraction is fixed (s0 = 1) for all executions to guarantee repeatability of the results. The
parameters of the three solvers are set up in such a way to leave only one or a few parameters variable in
a given range of values (Table 3). For the other parameters, some general choices are made, as follows:

• SA: by using Nw = 10 and p0 = 0.5, c0 is defined on the basis of these values and of the average worsening
obtained

empirically. Constant values for MA = 200 and MC = 50 are also assumed. The variable

parameter is the cooling rate ; the values are chosen with regular steps.

• GA: the mutation probability (applied to each gene) is set to pm = 0.001. The variable parameters are the
number of chromosomes CGA and the crossover probability pc, each of which with 10 values chosen at
regular steps. The solver is run with all the combinations of the two parameters.

• PSO: The variable parameters are the number of particles CPSO and the initial value of the inertia weight
winit (with the final value of the inertia weight fixed to wfinal = 0.4 [67]), each of which with 10 values
chosen at regular steps. The solver is run with all the combinations of the two parameters.

2

This reference is adopted here in the absence of uniform definitions of base power and base voltages in the
literature papers using this test network.
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Note that the parameters used for this example have been chosen with the aim to show various
solutions originated from the solvers and calculate the indicator
resulting from these solutions.
There is no attempt to find the optimal set of parameters for each method.
Fig. 8 shows the reference CDF and the test CDFs of the results obtained from the methods to be
compared. Table 4 reports the performance indicators. The solutions provided by the SA and PSO methods
cover 100% of the reference CDF, reaching the global optimum. This is a reasonable way to consider these
methods as viable to be tested on large‐scale cases. The example shown for the GA solutions suggests that
the setting used for GA is inappropriate to be used, so this GA is not suggested to be used any further.

6.2. Large real network with unknown global optimum (Case R)
The 207‐nodes real distribution network mentioned in Section 4.2 is used for the calculations. The
characteristics of this network are summarized in Table 5. The base power is 1 MVA, and the base voltage
is equal to the rated voltage of the network (10.5 kV). The global optimum is unknown. The methods SA,
GA and PSO have been tested with the same parameters indicated in Table 3. The number of solutions
extracted for each solver is Hs = H =100.

6.2.1. Comparison among the solutions obtained from different solvers
Fig. 9 shows the reference CDF and the test CDFs of the results obtained from the methods to be
compared. Table 6 reports the performance indicators. In the loading conditions considered, the solutions
provided by the SA method are the best ones in the OPISD ranking, followed by the PSO and GA. Looking
at Fig. 9, it can be seen that the SA results are not uniformly located at the left‐hand side of the CDFs
referring to PSO and GA, but the SA solution with the higher objective function is worse than the PSO
solution with the higher objective function. The use of the first‐order stochastic dominance concepts
provides the conceptually sound framework to execute the comparison among
these solutions.
In the case studied, the PERC ranking provides the same results, with the performance of SA and
PSO indicated as significantly better than the performance of the GA. However, the results shown in Table
6 indicate the PSO results to be closer to the ones of the GA rather than to the SA. This happens because
the comparison is just based on the number (and percentage) of occurrences of the best solution, without
taking into account the distribution of all the other solutions.

6.2.2. Variation of the solutions in SA for different seeds for random number extraction
As a further illustrative example, one of the solvers (SA) is taken, all its parameters are set up to given
values, and only the initial seed for random number extraction is changed. In these conditions, the
solutions generally change in the different executions, especially when the solver is run on a large‐scale
system. In order to show an example of parametric analysis conducted according with the principles
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indicated in this paper, four cooling rate values are considered, namely, = {0.2, 0.5, 0.7, 0.95}, leaving all
the other parameters constant at the values used in Section 5.1.1. These values are intentionally very
different, also going down to the values 0.5 and 0.2, well‐known from the general theory of SA as poorly
appropriate, since they may provide excessively fast decay of the control parameter in the external cycle.
The rationale of this choice is indeed to test whether the proposed indicators correctly represent the
appropriateness of the parameter setting. For each cooling rate, H = 120 solutions have been found,
building the corresponding test CDFs. Fig. 10 shows the reference CDF and the test CDFs for the four
cooling rate values, whereas Table 7 shows the corresponding performance indicators defined in the
previous sections. The results confirm the better suitability of the cooling rate 0.95, while with the other
cooling rate values the SA reaches the pseudo‐optimal solution for a lower number of times and falls into
worse solutions in most cases. As expected, OPISD ranks the CDFs from the one having the higher cooling
rate to the one with the lower cooling rate.

7.

Concluding Remarks

This paper has discussed a number of aspects concerning the comparison among different solvers for
heuristic optimization. On the conceptual point of view, a perpetual motion scheme has been drawn to
represent the process used for claiming that a new “best solver” has been found. From this scheme, it may
be seen that the mechanism of creation and testing of new heuristics cannot be formally stopped.
However, the definition of comparison metrics more robust than simple but weak indicators (such as mean
value, median, standard deviation, best value, worst value, as well as the PERC indicator shown in this
paper) may help reduce the proposal of further solvers that do not exhibit a clearly superior performance
with respect to other solvers used for the problem under analysis. Establishing a sound comparison
requires the definition of a benchmark solver for each problem, whose outcomes may be expressed as the
CDF containing a given number H of solutions. On these bases, the comparisons with the results obtained
by other proposed solvers may be carried out by calculating the OPISD indicators corresponding to the
benchmark solver and the proposed solvers, setting up the CDF of the solutions given by the top ranked
solver as the (unchanged or new) benchmark.
On the practical point of view, improving the mechanism of comparison among the results of different
solvers, combined with the identification of suitable benchmarks for each problem analyzed
(to be carried out by a widely recognized task force in the power and energy system community), is then
suggested as one of the possible ways to limit the proliferation of declarations that a new best solver has
been found based on weak metrics to compare the solvers. An example is the use of the OPISDG indicator
to carry out a pre‐testing of a proposed heuristic on cases with known global optimum, to verify that 100%
of the solutions are found, that is, OPISDG = 1, before using that heuristic for further studies. The examples
shown in this paper have confirmed that some solvers that exhibit good properties on large networks have
no problem in finding the global optimum in 100% of the executions on networks for which the global
optimum is known.
In summary, the concepts presented in this paper, supported by the application cases, suggest the
following remarks:
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• In order to filter out the contributions based on poorly meaningful definitions of “better solution”, the
papers that show comparisons only based on the classical simple indicators do not provide effective
advancements of the state of the art.

• Robust testing of the results obtained by the solver has to be carried out by using indicators with
statistical meaning, such as the ones based on the first order stochastic dominance presented in this
paper.

• For a problem with known global optimum, if the solver used (i.e., the solution method with its
parameter settings) generates the globally optimal solution in less than 100% of the executions, this
solver could be deemed as inadequate to be used on the same problem for systems with larger size.
Likewise, contributions presenting only the testing of a heuristic algorithm on a problem with known
global optimum have an excessively limited scope and do not provide sufficient insights on the viability
of application of the heuristic.

• For a problem with unknown global optimum, the ranking of the solutions by using OPISD may be useful
to compare different solvers, or the same solver with different parameters, trying to create a solid
benchmark. However, it has to be noted that, in heuristic methods depending on random extractions,
even the change of the seed for random number extractions generates different outcomes. As such, the
results obtained on any benchmark that may be constructed cannot be considered as an absolute
reference.
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Tables
Table 1.
Number of articles from Science Direct (at 25 August 2018) that mention or apply a heuristic solver
on a given
problem.
Heuristic name
Problem
DSR
ED
Ant colony optimization (ACO) [15]
Artificial bee colony (ABC) [16]
Artificial immune system (AIS) [17]
Bacterial foraging (BF) [18]
Bat algorithm (BA) [19]
Big‐bang big‐crunch (BBBC) [20]
Biogeography based optimization (BBO) [21]
Charged system search (CSS) [22]
Cuckoo search algorithm (CSA) [23]
Differential evolution (DE) [24]
Evolutionary algorithms (EA) [25]
Evolution strategies (ES) [26]
Firefly algorithm (FA) [27]
Flower pollination algorithm (FPA) [28]
Fruit fly optimization (FFO) [29]
Genetic algorithms (GA) [30]
Grey wolf optimization (GWO) [31]
Gravitational search algorithm (GSA) [32]
Group search optimization (GSO) [33]
Harmony search algorithm (HSA) [34]
Imperialist competitive algorithm (ICA) [35]
Invasive weed optimization (IWO) [36]
Krill herd algorithm (KHA) [37]
Memetic algorithms (MA) [38]
Moth‐flame optimization (MFO) [39]
Particle swarm optimization (PSO) [40]
Simulated annealing (SA) [41]
Scatter search (SS) [42]
Seeker optimization algorithm (SOA) [43]
Shuffled frog leaping algorithm (SFLA) [44]
Social spider algorithm (SSA) [45]
Symbiotic organisms search algorithm (SOS) [46]
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225
86
38
75
32
32
21
3
45
122
221
32
48
8
2
611
10
42
15
106
7
7
10
22
0
346
255
5
7
50
2
5

458
336
64
210
71
26
171
28
140
702
838
136
163
40
22
1629
66
212
96
340
29
38
42
78
13
1281
650
24
48
91
12
13

LF
PSP
226
111
44
62
31
9
22
6
73
217
445
48
96
13
49
1092
14
78
16
82
4
4
14
32
4
706
333
4
11
26
4
5

MS

OPF

129
24
33
9
8
2
13
2
16
70
171
31
18
2
4
696
5
14
4
31
2
3
3
25
0
208
263
12
2
11
0
1

293
247
84
136
58
25
128
17
97
456
534
61
109
31
4
1164
49
191
59
237
18
33
49
27
9
895
410
10
33
102
6
13

91
55
17
24
10
8
31
4
21
115
157
19
31
6
3
407
8
37
7
50
5
6
3
11
2
259
149
5
11
31
0
2
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Teaching‐learning‐based optimization (TLBO) [47]
Tabu search (TS) [48]3
Whale optimization algorithm (WOA) [49]

44
198
2

Table 2
Test Network Data
rated voltage [kV] 12.66
number of nodes N 70 number
of branches B 74 number of
supply points S 1 number of
open branches 5
number of radial configurations

407,924

Table 3
Parameters Used for Computing the Set of Solutions
solver
step
parameter range of values
SA
0.001
0.900 0.999
GA

CGA
pc

PSO

CPSO
winit

100
0.35
100
0.81

10 0.1

190
0.44
190
0.90

10
0.01

Table 4
Performance Indicators Calculated for the Test
System network
solver
70 nodes
SA
100%
0
PSO
100%
0
GA
94%
0.0180

1
1
0.9823

Table 5
Real Network Data
rated voltage [kV] 10.5
number of nodes N 207

3

The TS has been inserted as a matter of comparison, even if it is not a probability-based method
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167
398
9

31
139
5

9
184
2

158
284
16

30
91
2
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number of branches B 213
number of supply points S 1
number of open branches
7
number of radial configurations

1.516∙105

Table 6
Performance Indicators Calculated for the Real
Network network
solver
207 nodes
SA
59%
0.0165
PSO
20%
0.0464
GA
0%
1.9533

0.9837
0.9556
0.3386

Table 7
Performance Indicators Calculated with the SA Method (Real
Network)
cooling rate
network
207 nodes

0.2
0.5
0.9

57%
53%
69%

0.0024
0.0019
0.0011

Figures
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0.9976
0.9981
0.9989
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Fig. 1. Comparing optimization solvers on the basis of their solutions – A perpetual motion scheme.

Fig. 2. Deterministic dominance. For the objective function minimization, the solutions from solver A
dominate the solutions from solver B on a deterministic way.

Fig. 3. Construction of the CDF.

a) First‐order (point‐to‐point)
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b) Second‐order (example of CDFs)
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Fig. 4. Stochastic dominance.

Fig. 5. Reference CDF for Case G.

Fig. 6. Reference CDF for Case R.

Fig. 7. Representation of the areas contributing to the OPISD definition.
1
0.8
PSO
SA
GA
reference CDF

F 0.6
D
C
0.4
0.2
0
8

10
12
14
objective function (pu)

16

Fig. 8. Reference CDF and test CDFs for the methods run on the 70‐node test system.
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Fig. 9. Reference CDF and test CDFs for the three methods (207‐node network). The internal zoom refers to
SA and PSO close to the lowest objective function values.

Fig. 10. Reference CDF and test CDFs for the three methods (207‐node network, SA with different cooling rate
and 120 executions for each cooling rate with different initial seed for random number extraction).
Highlights
• The search of the best solver for heuristic methods is not a well‐posed problem
• The perpetual motion scheme presented explains the “best solver” paradox
• Two first‐order stochastic dominance‐based metrics are proposed
• These metrics allow a more significant comparison among optimization solutions
• Using these metrics can limit the uncontrolled proliferation of new “best solvers”

Full text can be downloaded at
https://arxiv.org/ftp/arxiv/papers/1810/1810.02196.pdf
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