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Abstract: This paper aims to present carefully selected scientific papers that have pushed the bound-
aries in the application of advanced computational intelligence–based methods in power engineering,
mainly in optimal power system management. Contemporary development of the Smart Grid
and detailed framework for power grid digitalization enabled the real and efficient application of
advanced optimization algorithms presented in this paper. Papers that are not directly related to
Smart Grid management are also considered, since they solve the partial challenges of planning and
development with metaheuristic procedures, and according to the authors, they are highly applicable
and represent a fundamental starting point for wider application. This paper covers papers and
research whose results are reproducible and can be realized in production-grade software. The
emphasis of the paper is on the considerate and impartial way of providing a concise overview of the
methods for solving technical challenges within the accepted Smart Grid architecture. The paper is
the result of many years of research and commitment to this field and represents the foundation for
present research and development.

Keywords: active distribution network; computational intelligence; optimization algorithms; optimal
distribution system management; optimal Smart Grid management; advanced distribution system
optimization; renewable distributed generation; Smart Grid optimization

1. Introduction

Smart Grid research is the new, challenging area with great interest of research teams
in the EU space [1,2]. Future advanced and smarter power network relies heavily on the
possibility of independent permanence and self-sufficiency based on data and informed
management [3,4]. The development of the power network at the distribution level and the
increasing integration of renewable energy sources (RES) makes the network heterogeneous
and more diverse. The laws of network management that were once applicable to the whole
system become less valid in the era of changing power system and novel paradigms. Such
system requires advanced methods of rapid analysis of a multitude of possible scenarios
to achieve optimal power system management. This paper examines the scientific and
engineering foundations of using computational intelligence (CI) methods for achieving
optimal real-time or quasi-real time management of Active Distribution Network (ADN).
ADN is the first stage in the formation of more advanced Smart Grid which involves usual
power distribution equipment along with information and communication technologies
(ICT) and monitoring systems. The goal of Smart Grid is more reliable power supply and
adequate power quality (PQ) in the ever-changing environment. The presented methods
are currently oblivious to information technology and are focusing on electrical engineering
principles since those are the foundations for every other application. Objectives observed
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by this paper are energy balancing, losses reduction, reliability increase and policy defini-
tions described in latest scientific achievements. Energy balancing is the most important
part of Smart Grid and it can be a topic for itself, especially when market considerations
become equally important to technical ones.

Although most scientific papers presented here focused on optimal Distributed Gen-
eration (DG) allocation and sizing in distribution network, objectives achieved by papers
presented in this work can be used as an engineering foundation for ADN operational
management based on advanced CI optimization algorithms. The scope covered by Dis-
tribution Network Optimization is much larger than just the allocation of DG units and
includes optimization of the topology and timetable planning of existing power plants to
achieve optimal power flows [5,6]. Accordingly, this paper includes the papers that in a
concise and precise way define the application of CI methods in solving modern challenges
in the power system, especially the problem of utilization of a larger number of DG units.
Real-time power flow optimization, as described Reference [5], comes only after a real-
world software solution is set up at the planning level. This paper defines the principles
that such a software solution should meet and describes the leading CI algorithms that
can result in such a software solution. Subsequently, a new part of such a solution may
be real-time optimization module for optimization of power flows, voltage profile and
oscillation damping control, as given in Reference [5]. For such real-time power flow opti-
mization with limited infrastructure for data acquisition in the distribution grid, a robust
state estimation engine is crucial [6] to address uncertainties in the distribution network.

Scientific works observed by this paper can lead to the development of ADN man-
agement solutions and the current activities of the authors confirm that hypothesis. As-
sumptions of ADN operational management by CI is unequivocally and unanimously
highlighted and validated by papers [7–9]. The challenges ahead in the field of Big Data col-
lection and consumption monitoring using advanced metering infrastructure are certainly
part of the development of such ADN management solutions [6].

The rest of the paper is structured as follows: Section 2 provides the overview of
the used methodology, sources of information, knowledge collection, synthesis and so-
lution assessment criteria. Section 3 analyzes the scope of DG impact in the distribution
network and what are physical constraints that need to be respected when evaluating
applicability of any CI method. Section 3 presents most important papers that use CI for
optimal allocation and optimal scheduling of DG units, while considering the physical
and technical limitations of the considered ADN system. Selected papers are the result
of described methodology and selection criteria. Moreover, by the opinion of the authors
of this paper, selected papers can be utilized in market-oriented planning and scheduling
scenarios in real-world systems nowadays. Section 4 describes papers that bring significant
breakthroughs in the operational management of the ADN with multiple DG units. Finally,
the conclusion outlines observations and knowledge gathered by this paper.

2. Methodology

The papers covered in this paper are partly part of the research during the preparation
of the doctoral dissertation, and partly during the research phase of the project mentioned in
the acknowledgment. Given the constant changes in technology, the criteria for including
and excluding processed papers required fine-tuning throughout the research process.
What is common to all the presented works is that the team of development experts, to
a greater or lesser extent, managed to replicate the outcomes at the level of the model
and the prototype solution. This was also a key criterion for the processing of individual
work—high reliability that the proposed solution can be refined and developed for the
needs of the actual system.

For the purpose of collecting valid information, journals indexed in the leading
databases Web of Science, Scopus and Inspec were consulted. The advanced search con-
sidered more than 7000 papers. This huge amount of information has been reduced to
a little over 1000 basic papers by thorough processing according to the thematic criteria



Electronics 2021, 10, 1247 3 of 38

and observed challenges. Additionally, by the criteria of the number of mentions and the
context in which they were mentioned, and a preliminary reading of a team of researchers,
the selection was reduced to around 250 relevant papers. The additional thematic division
and organization of a wider team of researchers quickly prototyped the relevant group and
the choice remained on those papers mentioned in this paper. If the reader considers that
some paper has been unfairly neglected, the authors are open to contact and correction in
future papers.

Aware of the fact that the impossibility of repeating the outcome of a single paper
does not immediately imply the unacceptability of the observed solution for processing in
this paper, we consulted external domain experts. The covered domains are the field of
artificial and computational intelligence, distribution network optimization techniques and
development of monitoring and control solutions for distribution power networks. Such
an interdisciplinary team provided a multi-perspective review of the observed solutions
that was in some cases crucial to understanding what was presented.

Although researchers were given the opportunity to independently assess and orga-
nize individual development teams, it turned out that regular synchronization meetings
could achieve more results in less time. By dynamically adapting the research team ac-
cording to Agile principles [10,11], a larger amount of methods than originally conceived
was processed.

The risk of bias and false applicability estimation was solved by following the next procedure:

1. Extraction of the presented mathematical model—In this step, a multi-member team
took responsibility for extracting key information from each paper and, if necessary,
filling in the gaps in the mathematical model.

2. Synthesis of a defined mathematical model—If key parameters are missing in the first
step, the paper is marked as incomplete and is temporarily not considered. However,
it happened that some other work was based on the same laws as the one that was
neglected, so one complements the other. In this step it is crucial to obtain the same
or approximately the same starting point as the original authors.

3. Development of an identical or similar solution—In this step, it has proved crucial to
have a team of specialized experts and profiled researchers who can understand the
principles to be set out in development in order to achieve greatest effect. Usually,
rapid prototyping does not require more than a few days of work for a well-organized
team, and as these are very similar methods based on common principles the testing
time decreased exponentially throughout the research phase.

4. Analysis of the obtained results—In this phase, the involvement of external domain
experts proved to be crucial, who could intuitively, based on many years of experience,
suggest measures for improvement if the results did not correspond to expectations.
Moreover, they were able to explain some unexpected results and thus immediately
conclude where the shortcomings of the basic observed model of some papers are.
Analysis was conducted ad-hoc by the whole research team and most of the time
heterogeneity of results was discussed.

5. Brainstorming session—This is a key part of the whole process; in this step, there was
an exchange of ideas, knowledge and solutions, and often with loud commenting
a certain hypothesis or assumption was fiercely defended. After this session, the
certainty of validity was ensured and the whole process was repeated as many times
as necessary to process all the papers selected for processing.

Conclusions after the comprehensive review of papers are that there are scientific
databases in which papers are generally published with more detail with traceable results,
while at the same time there are scientific databases that nurture papers in a shorter
reporting form which makes repeating the outcomes more challenging. For some papers,
mathematical experts with deep knowledge of statistics had to be consulted, and for the
purposes of mathematical synthesis, several mathematical experts were engaged.

The limitations of this methodology are certainly relying on a group of researchers
without using any of the artificial intelligence (AI) methods. However, the authors are of
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the opinion that, given the specificity of the observed challenge and previous experiences,
there is greater reliability if we are guided by the opinions of domain experts and long-term
scientists, than by the algorithm. In the case of considering many scientific papers for
development purposes, it is more reasonable to rely on natural intelligence.

Of course, it may seem that this is completely contradictory to the topic of this paper,
but it should be considered that this paper observes applications of CI, a subset of AI that
always relies on exact mathematical calculations and it is in fact specifically modeled by
natural intelligence.

Within the space–time possibilities and with the available literature, this paper aims to
shorten the cognitive process and provide an overview in one place for all those who are just
starting or are currently dealing with the field of distribution network optimization using
CI methods. For better understanding, the abbreviation list is provided in the Appendix A
at the end of this paper. Of course, given the context in which this research is conducted, all
papers are viewed from the point of view that they must be feasible as actual optimization
systems or at least as a basis for the development of future management procedures. With
this work, science is viewed as a platform for launching innovative engineering solutions
that should serve all of humanity.

3. DG and the Distribution Network

DG impact on the power grid is a complex mathematical problem, changing over
time and depending on the parameters of each grid. Precisely because of the diversity of
the system in which DG is integrated, there is no universal solution that can be magically
applied to every case while respecting the laws of calculation such as real power balance
equations, Jacobian Matrices and Newton—Raphson Power flow.

Current growing demand for energy in the world accompanied by an increase in
energy prices, accelerated the technology development for RES utilization, which introduce
additional variability. According to installed capacity, Viral et al. [12] classify RES and
non-RES DG, such as micro DG with installed capacity up to 5 kW, small DG with installed
capacity up to 5 MW, medium DG with installed capacity up to 50 MW and large DG
with installed capacity from 50 to 300 MW. The same authors refer to the utilization of
DG for the base and the peak load demand and capability to provide ancillary services
to the system, while considering a power plant a DG only when it is connected to the
distribution network. Similar findings on different types of DG technology and power can
be found in Reference [13] in which the authors also refer to Viral et al. [12]. Sambaiah’s [13]
considerations of the method of optimal allocation are given in later sections. Although
Reference [13] can be considered similar in its content, this paper is about reconstructed
models and tested systems and is not a mere enumeration of what was read, but about
presented scientific papers that the development team successfully reconstructed according
to the guidelines for software development.

Considering integration location, DG is integrated in two ways: local level and end-
point level [12]. Local DG means independent production units in the distribution network,
and the end-point DG is a production unit integrated with the consumer. According to
power system management, DG based on technologies independent of the energy resource
incidence are fundamental generation while solar and wind power plants with volatile
production cannot be considered as fundamental generation in power system [14,15].
However, such systems can be enriched with an energy storage and in that case increase
the efficiency of the distribution network and enable the balancing of part or all of the
system [16].

When modeling and developing a specific CI method for ADN management, there
is a big difference depending on which type of DG integration CI needs to be observed.
Aggregating end-point production at the local level has proven to be a good entry point for
a challenge formulation that CI can solve more successfully.

Technical advantages of DG can relate to a wide range of influences such as the power
supply of the system peak load, voltage profile improvement, system losses reduction,
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power supply continuity, system reliability improvement and elimination of power supply
quality issues [17–19].

Voltage dips are still a challenge in many distribution grids so Ipinnimo et al. [20]
point on mutual coordination of a large number of DG units in order to reduce the voltage
dips. Location and power of DG are two key factors in reducing system losses [12].
Voltage dips reduction and transient voltage reductions between 10% and 90% of the
nominal effective root-mean square value lasting between half cycle and one minute [9]
are recognized as a key issue in distribution network with high DG penetration level, as
can be seen in References [20,21]. However, there are specific circumstances in which an
optimization algorithm needs to be adapted, such as a Long Distribution environment that
includes manufacturing, distribution centers, terminals, geographic units, suppliers and
end users [22]. Review paper of Djafar et al. hits a very specific niche and it is important to
emphasize it because it can be useful to those who are in a similar environment of complex
power distribution systems, without being discouraged that perhaps such a case has not
been processed in the scientific literature.

Common challenges of DG integration to distribution grid mentioned by the authors
of References [21,23–27] are impossibility of reactive power production of some DG tech-
nologies, necessity of power system protection settings change, possible occurrence of DG
island operation, high order harmonic generation of some DG technologies, influence on
power system stability, possible excessive voltage increase, short-circuit currents increase.
While DG strengthens the distribution grid resulting in number of dips decreasing, the
transmission network may weaken as described in Reference [28] and enforcement of
distribution grid is necessary.

DG units have a significant role in European objectives, as presented in Reference [29],
where the possibility of control and connection point is described with centralization
and decentralization trends in European area. Moreover, Reference [29] gives The Smart
Grid Architecture Model (SGAM) Framework that is to be respected in order to address
interoperability in a way described in Reference [30]. Concise description of the SGAM
Framework is given by Panda and Das [31], who address the still open questions of the
SGAM and provide an insight of the Smart Grid environment in the year 2050.

3.1. SGAM Framework

SGAM Framework introduces six functional zones for specific purposes and func-
tionalities, respecting user requirements and possibilities. First zone, Process, implies
equipment that participates in energy conversion and transmission. Field zone, the second
one, implies monitoring and protection equipment responsible for data acquisition. Aggre-
gation level is in third zone, Station, in which substation automation supervises the first
two layers. ADN management processed by this paper can be part of third zone, or, even
better, part of fourth zone, called Operation.

Operation handles multiple Energy management systems (EMS), Distribution Man-
agement Systems (DMS), multiple microgrids, aggregation of various type RES into Virtual
Power Plants (VPP) and electric vehicles (EV). The fifth zone, Enterprise, includes utilities,
service providers, energy traders, customer relationships, asset management and procure-
ment [29]. Market operations are in the sixth zone, Market, where energy trading and mass
market occurs.

SGAM Framework also proposes the methodology which was used for this research to
examine the validity and applicability of multiple CI methods in real-world power systems.
The methodology within this research has seven crucial principles of validation:

1. Universality—The proposed solutions must be vendor-agnostic and without pref-
erences in existing architectures and solutions. Neutral and scientifically objective
perspective is mandatory when evaluating the possible solutions for future power networks.

2. Localization—Given the functional zones, the application of possible solution needs
to be clearly stated for which zone it is intended. Systematic view of the whole
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framework is needed to clearly understand the level in the topology in which any
solution can be applied to.

3. Consistency—The use case must not violate the existing SGAM framework and in no
case must single out one zone as dominant. Interdependence and reliable functioning
with other zones must be respected.

4. Flexibility—Alternative designs and implementation of use cases, functionalities and
services to any SGAM layer or zone need to be covered. Methods and algorithms
observed in this paper can be part of any SGAM layer or zone, with the best starting
point in the third or fourth zone.

5. Scalability—Once the proposed solution is part of one zone or a smaller part of the
network, it must be able to successfully scale to other zones or to the whole network.
Of course, the limiting factor here may be computational power, but this is not the
subject of discussion in this paper and it can be solved by Cloud Computing [32].

6. Extensibility—Solutions need to adapt to evolutionary changes in the Smart
Grid environment.

7. Interoperability—Interaction between multiple actors, applications and systems oc-
curs via information exchange with defined protocols and data models. Chain of
entities and connections define interfaces in which the consistency and interoperability
become secured.

By combining Station and Operation zones with Communication, Information and
Function layers in SGAM, it is possible to reach an enclosure in which there is an exceptional
need to apply methods presented in this paper.

As mentioned above, in bullet 4, the good starting point for integration of CI-based
methods for ADN management is Station or Operation zone in distribution system, DER
and Customer environment. The bounding section for CI applications in ADN is given by
Figure 1, where the application zone observed by this paper is shaded in red.
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Process and Field zones are most often oriented to smaller systems that can be explicitly
mathematically described and that depend on a finite set of known parameters. Such sys-
tems are micro-grids of a local character or even small micro-grids at the end-point [33,34].
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Large centralized generation connected to the transmission network is a separate
category by itself, regardless of the zone of application. The laws of system management
at these levels are completely different from the established methodologies of managing
the distribution system, as can be understood from comprehensive overview given in
Reference [35]. Interconnected power grids are multi-layered system where CI can be
useful as a distributed optimization platform that acts as one part of the overall algorithm.
This concept is explained in a little more detail later in this paper when one of the most
applicable optimization methods is described.

Enterprise and Market zones can benefit from the solutions defined in the Station and
Operation zones because such security of the right solutions will enable a different market
presence and even develop new market possibilities, most often consequently with greater
RES integration [36].

Considering that this paper is the result of the project that respects the SGAM archi-
tecture and according to the basic principles of the described methodology, it is possible to
imagine the trend of developing inventive solutions for the Smart Grid environment. Such
inventive solutions must by their nature react quickly enough to be taken into account and
precisely enough for their application to come to life at all.

3.2. DG Impact in ADN

When considering CI methods for the application in system solutions complied with
SGAM Framework, the properties of DG and the background mathematical models of
each observed technology should be considered. The mathematical models of DG and the
mathematical background of the power system represent a system of complex equations
that are not easily solvable by conventional methods. A clear and comprehensive overview
of the essential characteristics of different DG allocation methodologies types is given in
Table 1.

Table 1. Comparison of main content of selected papers.

Reference Optimization Method Merits Limitations

Acharya et al. [25] Analytical approach based
on mathematical expression

Simple analytical solution for
determining size and position of DG

If DG is already installed there
is a need for significant

amount of power
flow calculations

Gözel et al. [26]

Bus-injection to
branch-current and
branch-current to

bus-voltage matrices.

One power-flow calculation, simple
matrix algebra and
faster performance

Does not take into account the
interaction of nodes in the

network when first DG
is placed

Wang et al. [37] Analytical approach
For radial feeders multiple DG can be
taken into account; consideration of

time varying DG

Only overhead lines with
uniformly distributed loads

are considered

Aman et al. [38]
Power Stability Index and

Golden Section
Search algorithm

Reduced computation time when
compared to Golden Section

Search Algorithm

Only radial networks are
simulated and tested

Injeti et al. [27] Simulated annealing

Comparison of meta-heuristic
methods, including genetic algorithm,
Particle Swarm algorithm and Loss

Sensitivity Factor
Simulated algorithm

Only radial networks are
simulated and tested

Singh et al. [39] GA Pricing problem addressed instead of
power losses

DG is considered as negative
load, not

simulated independently
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Table 1. Cont.

Reference Optimization Method Merits Limitations

Abou El-Ela et al. [40] Modified GA

Consideration of voltage profile
improvement, spinning reserve and

line power flow reduction;
exceptional mathematical overview

of main DG impact indicators; tested
on real Egyptian network

Time variability of generation
and consumption

not considered

Biswas et al. [41] GA

Technical and economical
optimization performed; visual

representation of losses variation as
DG location and size changes;
essential problem formulation

Time variability of generation
and consumption

not considered

AlRashidi et al. [42] PSO

Multiple DG planning and
consideration in single run; fitness

function development;
backward/forward sweep approach;
experimental design of custom PSO

Only time-independent loads
and generation considered

Gomes-Gonzales [43] PSO

Total power generation covers total
demand and real power losses what

makes foundation for island
operation

DG units have fixed power
factors; time-independent
loads and DG considered

Moradi et al. [44] GA + PSO Hybrid method development;
different algorithms benchmark

Time-independent loads and
DG considered

Soares et al. [45] Signaled Particle
Swarm Optimization

Identification of active distribution
network management; achieving a
balance between production and

consumption; hourly optimization;
fast execution

Missing emphasis on island
operation possibility and

justification of that possibility

Saif et el. [46] Double-layer Particle
Swarm Optimization

Possibility of island operation and
connected operation in which energy

is sold to superior network;
simulation-based optimization with
considering stochastic behavior of

distribution network; supply
reliability considered

Sensitivity analysis of Particle
Swarm Optimization model

not emphasized

Kansal et al. [47] PSO
Different types of distributed

generation considered with Particle
Swarm and analytical approach

Demonstration of Particle
Swarm performance for

various types of distributed
generation is not clear

It is necessary to consider the fact that the data from the paper [12] published in 2012
have been changed today in the field of the installation cost. Furthermore, distributed
generation allows reactive compensation control voltage level, can contribute to the regula-
tion of frequency and can be used as spinning reserve during faults if the technology of
production units permits [12,25–27,39,42,48,49].

Beside the technical advantages of the distributed generation, the authors of Refer-
ence [12] also provide an additional, indirect economic benefits expressed through the
possibility of delaying investment in power system components and reductions of different
power system management costs, while papers [12,48] refer reducing investment cost
for the network equipment upgrade, reducing the operating costs of transmission and
distribution systems, increasing the security of supply at critical loads, reducing the cost of
mandatory reserves in the system, etc. The benefits of integrating DG units are reduction of
losses, improvement of voltage profile and voltage stability, increased quality of electricity
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and efficiency of energy use, but direct current flows certainly have a negative impact on
the reliability of the system [13].

Distributed generation in a whole with a consumption becomes a micro grid, while
more micro grids make an active distribution network [50,51]. It can be concluded that
DG change the technical properties of distribution network making this network an active
distribution network—a precondition for development of Smart Grid where the distribution
network has the ability to supply the consumers from distribution generation and upper
voltage level network together while maintaining an optimal operational [50].

Distributed generation is the most useful when placed as close to consumers as
possible to ensure the greatest impact on DG benefits. A terminal in the distribution
network where DG has the greatest beneficial impact is called an optimal location. Selection
of the optimal location is crucial for the planning of the distributed generation.

4. Optimal DG Planning and Scheduling

ADN Management is a real-time and operational planning problem when it is fol-
lowing functional criteria. Solutions for allocation problem described in the technical and
scientific literature and papers can be used as scheduling problem if functionality, modeling
constraints and performance rules are obliged. That interest requires the identification
of papers which present solutions that enable development of a potentially new method
for DG operational management planning in Smart Grid. Optimal ADN management
with an increased share of RES-based and non-RES-based DG technologies is a modern
challenge for the distribution system operators since most of the current distribution grids
are not designed for the new, bidirectional operating conditions. ADN operational planning
represents the necessary precondition to ensure the most favorable effects of distributed
generation in Smart Grid environment [12,48,52]. Proper operations in Smart Grid manage
power flows in a most efficient and reliable manner, but require integration of multiple
technologies described in Reference [53].

4.1. Optimization Methods

Optimization methods that can be applicable to Smart Grid must comply with the
requirements of real-time performance, consideration of technical requirements and actual
production situation of various production capacities, while mitigating difficulties of weak
convergence and local pinning [12,48]. The observed works in the literature distinguish
five optimization-method groups [12,54]:

1. Analytical methods;
2. Heuristic and meta-heuristic methods;
3. Artificial Intelligence–based methods;
4. Evolutionary principles and biologically inspired methods;
5. Distinct methods for specific purposes.

Analytical methods require the definition of algebraic expressions basis of which can
the optimization process be analyzed. Such approach will result with a well-developed
mathematical model of the observed system. That model can be used in together with
measurement data, but it is very demanding, almost impossible, to use it for more complex
systems and challenges [12,26]. The advantage of the analytical approach is manifested
through the usage of the model in conjunction with measured values and external input
data. The common opinion in the literature is how optimization procedures can be divided
into methods that result in precise solutions and methods that result in good-enough
optimal Pareto solutions [55–58]. An overview and grouping of optimization methods is
shown in Figure 2.

This paper observes best practices and methods that according to the authors can be
used for real-world use cases. The usability is tried and proved by modeling and simulation
in software engineering environment. This paper deals with the groups from Figure 2 and
gives an overview of what has been tried, what has been repeated and what can be applied
to real-world systems.
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A meta-heuristic approach is an iterative optimization process that can be assigned as
a guidance for subordinate heuristics [59]. The heuristic process is beneficial for solving
optimization problems in cases where a precise and accurate solution is not unique, when
the set of acceptable solutions exist and when the precision of all solutions does not
necessarily have to be absolute but good enough to be pragmatic enough [60]. Heuristic
algorithms can be specifically developed to solve a particular problem or universally
applicable with the common search criteria. In any case, heuristic algorithms can be used
in a search for a specific set of possible solutions and finding out the best solution in
the set. Meta-heuristic methods represent advanced procedures in which the heuristic
process is further enhanced in every iteration of the solution search and most often apply
universally applicable heuristic procedures [61]. The way of refining heuristic process with
each iteration can be defined as a separate heuristic process and therefore such complex
methods are called meta-heuristics. If the meta-heuristic optimization is complemented
with the precise calculation results of individual solutions, it becomes possible to state that
general strategies are specifically applicable, and the results are accurate and precise, thus
using best of both worlds. For most meta-heuristic methods, it is necessary to properly
represent the problem, procedures and operators within the legitimacy of performing the
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heuristics and to partially limit the scope of the solution. Metaheuristic methods that are
significantly proven and applicable in solving various problems are local search, tabu
search, simulated annealing, genetic algorithm (GA) and ant-colony algorithm [54,60–62].

Computational intelligence approach includes dedicated tools and intelligent proce-
dures for solving certain types of problems that do not necessarily need to be optimization
problems. Recognized examples of the methods based on the computational intelligence
are fuzzy logic, artificial neural networks, rough sets theory, expert systems and proba-
bilistic agents [63] and application of these methods is often necessary for the purpose
of making decisions about individual values, sorting and numeric marking according to
certain rules. The wider conception of computational intelligence comprises all heuristic
and meta-heuristic optimization procedures and the boundary of the specific category
where particular approach belongs to is often unclear.

Methods based on evolutionary principles are powerful optimization procedures most
often used in optimization problems where is necessary to consider the fulfillment of two
or more objectives. A common feature of optimization methods based on evolutionary
principles is the existence of one or more decision-making procedures, the so-called eval-
uation according to fitness function [56]. Using iterative optimization process based on
these methods it is possible to direct the search for solutions in each subsequent iteration
to the area where the previous iteration achieved the best solution. Considering the above
principle, it is possible to conclude that these methods are like meta-heuristic procedures,
which additionally confirms the ambiguous boundary and complexity of the categorization
of certain methods.

Hybrid methods combine two or more processes to a single optimization process. The
most common hybrid methods are synthesis of the optimization process and computer
intelligence decision-making procedures [60]. All optimization methods may encounter
certain performance problems in finding the best global solution, low convergence, and
long calculation time if they are not properly adapted to the observed problem [9].

4.2. Analytical Methods

Analytical methods are briefly addressed with the emphasis that their capabilities are
limited and that advanced computer intelligence methods are better used in multi-objective
optimization problems. In Reference [37], the authors show the possibility of analytical
calculation of voltage drops and power losses instead of iterative load-flow calculation
used to determine the node in radial or doubly fed feeder where DG will provide the
lowest power losses. The analytical approach described in the mentioned paper observes
two objectives; the location of the distributed generation to obtain the lowest power losses
and to fulfil the target voltage values along the observed feeder. If the second objective is
not satisfied, the location is changed near the original solution until both objectives are met.
Power dispatched from DG authors limit with the injected current value that cannot exceed
the power consumption from the DG location. The proposed method can be performed
with the following load-distribution constraints: uniform load distribution in the feeder,
centralized load distribution in the feeder load where the largest power consumers are
in the middle of the feeder and loads are increasing towards the feeder. When solving
the allocation problem in ring and interconnected distribution networks, authors use the
admittance matrix and minimize the objective function (1) [37].

f j =
j−1

∑
i=1

R1i(j)|SLi|2 +
N

∑
i=j+1

R1i(j)|SLi|2, j = 2, . . . N (1)

For the location of distributed generation in the node j, the aim is to find the lowest
value of losses which is in the function of the equivalent resistance between the first and the
i-th node. Additionally, the authors have investigated the possibility of renewable energy
production volatility representation through a series of different data. Since the authors did
not use iterative procedures there is no problem of convergence of the proposed method.
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Achary et al. [25] are considering the GA usage in order to optimize the location
of distributed generation but are abandoning the idea due to many iterative load-flow
calculations which significantly affected the calculation time consumption needed for
optimization. In their work, they use the theorem of the complex power that represents the
basis for determination of the most sensitive node where distributed generation achieve
the least loss in the system. The proposed solution according to the expression (2) will
result in the optimal distributed generation dispatch for each node, while the contribution
of each distributed generation to total system losses will be determine using theorem of
the complex power. The node “I” with the least losses represents the optimal location of
the distributed generation considering the consumed power “PDi” at that node.

PDGi = PDi +
1

αii

[
βiiQi −

N

∑
j=1, j 6=i

(
αijPj − βikQj

)]
(2)

Gözel et al. [26] developed a similar method to the one developed by the authors of
Reference [14], with significant changes in the representation of the results in relation to the
authors of Reference [25]. A significant contribution to their work stems from the definition
of mutual influence of distributed generation node to other nodes in the distribution
network. The results of their calculations are also based on power losses calculation as
decisive and clear indication of distributed generation influence. In addition, the authors
compare their results with the authors of Reference [25] and concluded that their method
consumes less computing time.

Aman et al. [38] presented the Power Stability Index (PSI) method in order to find
nodes in network which have the most favorable impact on voltage profile and grid losses
when distributed generation is connected to them. The authors tested their method on
a 69-bus test system and a significant contribution is shown defining the new voltage
stability indicator for valuation of the nodes. PSI method is compared to Golden Section
Search Algorithm (GSSA) and results are compared with strong similarities, but GSSA
used more computation time when compared to PSI-based method given by expression (3),
in which PG represents active power of distributed generation, rij stands for real part of
line impedance and Vi is the real voltage of the i-th bus with the voltage angle, δ.

PSI =
4rij(PL − PG)

[|Vi|Cos(θ − δ]2
≤ 1 (3)

4.3. Computational Intelligence–Based Methods

Significant development of CI and numerous papers have pointed the applicability of
selected metaheuristic methods used as higher order procedures to determine sufficiently
good solutions without the necessary knowledge of the entire mathematical model or the
values of all variables. Solutions derived from metaheuristic approaches are result of search
for global best solutions in the predesignated and finite search space [64,65]. If the search
space consists of many possible solutions and solution variants, metaheuristic methods
often repeat some of the properties and re-evaluate already visited space. That feature
often results in more precise and refined solution. Classification of metaheuristic methods
is given by Figure 3 which presents most viable algorithms, grouped by type, governance
rules, modeling rules and the way they determine the best solution.

Computational intelligence implies hybrid approaches created by combining several
optimization methods and is characterized by successful application for continuous val-
ues, the ability to self-evaluate and change the way of execution, stochastic approach,
parallelism in execution and the ability to generate approximate or Pareto solutions [66].
Procedures and methods contained in computer intelligence often base their principles
of operation on biological principles or natural processes [67] and are applied in solv-
ing problems for which there are no effective or specialized procedures [68]. The lack
of specific procedures for specific problems may be caused by complexity that does not
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allow effective modeling or the inability to explain or model certain problems and all
observed factors [69]. In power engineering, computer intelligence can be used to solve
many optimization challenges, calculate optimal power flows [70–72], system modeling
and monitoring of ADNs using fuzzy logic systems with evolutionary algorithms and
artificial neural networks, while some procedures and algorithms can be used in data and
event analysis and diagnostics of ADNs using qualitative reasoning, planning methods
and hybrid procedures [73]. In addition, computer intelligence is successfully used to solve
problems of designing electromechanical oscillation stabilizers, determining the causes
and sorting of faults in the transmission network, reliability assessment, consumption
forecasting, power system protection coordination, electricity quality assessment, economic
supply of electricity, reactive power optimization and determination of optimal power
flows—basically everywhere where iterative processes need faster convergence [74].
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An extensive review of optimization procedures used in mathematical modeling
in 360 scientific papers was provided by Theo et al. [7] outlining the advantages and
disadvantages of each approach. For a GA, the authors outline suitability for solving
problems that may have more favorable solutions, it is generally easy to integrate into
an existing simulation framework, it is tolerant to the objective functions with chaotic
attributes, and it is suitable for topological and categorical variable optimizations. However,
as a lack of a GA authors outline the convergence to the local best solution instead of the
global best solution, long-term convergence and complex approach of determining the
criteria for the optimization process termination. When reviewing the Particle Swarm
intelligence algorithm, the authors outline the advantages of fast execution, flexibility and
openness to the other soft computing procedures but warn that the algorithm requires
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definition of coordinate motion system and a proper number of particles otherwise can
result in local best solutions.

A comprehensive overview of optimization methods that can contribute to the more
efficient integration of DG into the power system are given by Colmenar-Santos et al. [75]
in their paper from 2016. The authors of Reference [75] state that the problem of the
multi-objective optimization of various technology DG integration into a fully developed
active network has not yet been completely solved and outline the idea of the development
of a robust distribution management system called AMN (Active Management Network)
whose role is a real-time operational management of DG and other control devices in
distribution networks. Analyzing the optimization methods and grouping seen in the
literature, the authors of this paper represent the division of optimization approaches into
three groups:

1. Conventional approaches.
2. Approaches based on the artificial intelligence.
3. Hybrid approaches based on multiple methods of artificial intelligence.

According to Reference [75], conventional approaches are analytical methods, power
flow calculations, non-linear programming method and rule 2/3; approaches based on
artificial or computer intelligence consider evolutionary algorithms, algorithm of simu-
lated annealing, differential evolution algorithm, Particle Swarm algorithm, fuzzy logic
systems, ant-colony algorithm, tabu search algorithm, artificial bee colony algorithm, firefly
algorithm while hybrid approaches include methods of unification of the GA and fuzzy
logic systems, GA and tabu search algorithm, GA and Particle Swarm Optimization (PSO)
algorithm, GA and power flow calculation, PSO algorithm and power flow calculation,
tabu search algorithm and fuzzy logic systems.

After reviewing all of the methods, the authors [75] state that solutions based on the
swarm intelligence algorithm are complex in development if reliable global solutions are
sought while fuzzy logic systems and hybrid systems are not sufficiently represented in the
literature. The authors outline that premature convergence is extremely emphasized for
the methods based on the evolutionary principles if solution approach is not detail enough,
while other significant methods, such as the simulated annealing algorithm and ant-colony
algorithm, have long execution time which excludes them for possible application in
short-term planning.

The largest number of scientific papers where meta-heuristic optimization methods
are applied for allocation of distributed generation use the GA method or the PSO method,
and there are also papers that use a hybrid method as a compound of these two procedures
as well. Singh and Goswami [39] use GA determined by the objective function (4) for
solving specially designed multi-objective optimization problem, where the impact of the
distributed generation integration on active power market price λ is considered beside
the power losses reduction and voltage conditions improvement. The authors used the
knowledge presented in Reference [76] when assuming distributed generation influence
on the electricity price Ci(DG), depending on consumer active power PDi and distributed
generation active power PDGi.

PDG
eleect =

n

∑
i=1

[{Ca
i (DG)× (PDi − PDGi)× ∆t + Cr

i (DG)× (QDi −QDGi)× ∆t}+ {C(DG)× PDGi × ∆t}+ λ× PL(DG)× ∆t] (4)

The presented considerations of the authors of Reference [39] successfully confirm the
simulations on the radial distribution network model, where they prove the usefulness
of the proposed method for the allocation of one or more distributed generation in radial
distribution networks.

4.3.1. GA-Based Methods

GA is a space search heuristic that is inspired by biological process of natural selection
in which the most potent individuals of one generation give birth to individuals of the new,
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improved, generation. Genetic sequences determine the possibilities of the individuals
within the population. The individuals are rated based on fitness function and the most fit
ones reproduce to design a novel individual with better set of genes. If modeled correctly,
GA can bring real adaptive computer programs. Main genetic operators are crossover and
mutation, with all its advantages and disadvantages and difficulties in coding physical
and mathematical models from the power industry domain as genes [77]. Binary encoding
can be used in discrete search areas, while for continuous values a real-value encoding or
tree encoding scheme needs to be used [77,78]. The process by which binary GA operates,
as described in Reference [79] is presented by Figure 4. The process starts with objective
function formulation, as with any method, but after the initial population the GA operators
take place. In this example, each individual is encoded with n number of genes and each
gene consist of m number of bits, as given by Figure 4. The fitness evaluation is usually in
power engineering done my means of co-simulation and calculations. GA operators are
mandatory as they ensure that the algorithm observes the whole search space.
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A fundamental feature of GA is competition among individuals and the principle of
elitism. Elitism implies the survival of only those individuals who have a high fitness score,
and all other individuals are rejected. When observing multiple objectives simultaneously,
it is necessary to pair individuals that have an elitist grade according to one of the criteria,
in order to obtain an offspring that can have elitist grades according to all criteria. In some
cases, most often when multiple solutions have equal value, not numerically, but value
to the observer, selection methods such as Tournament Selection and Rank Selection are
used in which individuals compete among each other in random manner to prove the
unquestionability of the best individual.

Injeti et al. [27] used simulated annealing method for optimization and compared re-
sults with results obtained with GA and PSO method. In Reference [27], the authors clearly
stated constraints that should be considered when using advanced optimization methods
of computational intelligence such as simulation limitations. Successful implementation
of one method of computer intelligence and review of other methods used for allocation
of distributed generation are clear indicators of the future research, as shown in the more
recent paper of the same authors [80].

PT,Loss =
n−1

∑
i=0

PLoss(i, i + 1) (5)



Electronics 2021, 10, 1247 16 of 38

PLoss(i, i + 1) = Ri,i+1·
P′2i + Q′2i
|Vi|2

(6)

In Equations (5) and (6) PT,Loss stands for total feeder losses and PLoss represents line
losses, the main minimization objectives considered in Reference [27].

Abou El-Ela et al. [40] used a method based on the GA for DG allocation and ex-
amined the proposed method by linear programming. The same authors concluded that
there is no significant deviation in the obtained results, thus confirming the usefulness
of computational intelligence–based methods. The authors of Reference [40] define clear
indicators with or without DG for voltage profile improvement—VPI according to (7);
spinning reserve increasing—SRI according to (8); power flow reduction—PFR according
to (9); and total line loss reduction—LLR according to (10) [40]. The developed-algorithm
authors successfully tested on a model of a real distribution network in Egypt.

Max VPI% =
VPw/DG −VPwo/DG

VPwo/DG
× 100 (7)

Max SRI% =
SRw/DG − SRwo/DG

SRwo/DG
× 100 (8)

Max PFR% =
PFk,wo/DG − PFk,w/DG

PFk,wo/DG
× 100 (9)

Max LLR% =
LLwo/DG − LLw/DG

LLwo/DG
× 100 (10)

The benefits of DG are present with index MBDG—maximal composite benefits of
DG—according to the authors of Reference [40]. For the limitations of the computer intel-
ligence optimization process, the authors state the limitations are the maximum number
of distributed generation units so in their paper authors analyze the distribution of one
distributed generation in the distribution network and conclude that the nominal power
of the power plant significantly affects the indicators determined by expressions (7)–(10)
unlike the location—node—of the power plant. The authors present the energy balance
of the observed system as a limitation of the optimization procedure and determine the
condition according to which the power of total production in the observed network
must be equal to the sum of all time-constant consumers and power losses. Similar au-
thors use GA to allocate the remote measurement and monitoring units in the Smart
Grid environment Reference [81], where they deeply explain the parameters of GA-based
optimization process.

Biswas et al. [41] used genetic algorithm for the optimal DG allocation in order to
reduce voltage sags in a real complex distribution network. Presented problems are per-
ceived by the authors through the real power losses (RPL) reduction objective function (11)
that takes into account quotient of product of voltage angle difference cosine and line
resistance with voltage level Aij, and quotient of product of voltage angle difference sinus
and line resistance with voltage level Bij; objective function for decrease of customers
that can be affected by the voltage sags in observed time period (NF) (12) with the total
load distributed, SDIST, and the load distributed for the i-th fault, LDISTi ; the objective
function of DG integration costs reduction (13), which is determined by financial units
per kilowatt of installed DG power (KC) and observed as the objective of determining the
least power of DG which will meet the previous two objectives [41]. The constraints of
the proposed algorithm that the authors have defined, similarly to previous authors, are
load-flow constraints through the specific branches, voltage constraints and limitations of
the number of DG units.

RPL =
Nb

∑
i=1

Nb

∑
j=1

Aij(PiPj + QiQj) + Bij
(
QiPj − PiQj

)
(11)
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Min SDIST =
NF

∑
i=1

LDISTi (12)

Min CDG = KC

NF

∑
i=1

PDGi (13)

The specifics of the proposed method based on the genetic algorithm is emphasized
in the integrated use of power flow calculations when evaluating the benefit of the best
solutions in each iteration. After evaluating the benefit of individual solutions based on the
power flow calculation, an additional algorithm of voltage failure analysis is performed,
which evaluates the impact of the proposed solutions on the number of time-constant
consumers covered by voltage failures. This approach is innovative because it considers
multiple objectives taking place as several separate optimization procedures. The way
in which the authors graphically present the results of several iterations with a three-
dimensional surface is seen later, in other works.

The limitations of methods based on a genetic algorithm for solving more complex
optimization problems are explained in the paper by Yang et al. [18] in which a hybrid
method of two genetic algorithms is used with the aim of determining the maximum
power of distributed generation, taking into account the voltage and technical limitations
of the elements of the distribution network. The first genetic algorithm, determined by the
objective function (14), determines the minimum power of distributed generation limited
by the short-circuit power on the primary side of the competent transformer, voltage level
and technical characteristics of the equipment in the system. The second genetic algorithm,
according to the function of the goal (15), determines the power of distributed production
that will meet the requirements of consumers of the observed derivative, while respecting
the solutions of the first genetic algorithm.

Min f1,i = w1

√√√√ k

∑
j=1

(
Pi

(
SMVAj

))2
−1

+ w2

√√√√ k

∑
j=1

(
Pi

(
SMVAj

))2
 (14)

Min f2,i = w1

(
Pi

(
SMVAj

))−1
+ w2Pi

(
SMVAj

)
(15)

Using this hybrid approach and using two genetic algorithms, the authors determined
the possible power intervals of distributed generation depending on the short-circuit power
on the busbars of the parent network. Moreover, same authors showed that in some specific
cases the usual meta-heuristic methods may give false solutions.

Methods based on genetic algorithms that solve optimization problems of reactive
energy generation with the objective of reducing losses in the observed systems are partic-
ularly presented in papers [82,83] and the paper of the author López-Lezama [84] where
the optimal distribution of the DG is determined according to the electricity price criterion.
In Reference [84], the advantage DG is presented through the possibility of achieving a
higher generated power price from the market price due to the fact that DG is near to
consumers and that feature results in fewer power losses. The same authors emphasize
that repeated optimization procedures with the random initial settings resulted in almost
identical solutions, thus confirming the usefulness of the proposed method.

4.3.2. PSO-Based Approaches

PSO is a population-based, biologically inspired method with a limited search space,
that can repeatedly result in usable optimization results. The intrinsic feature of the method
is the re-evaluation of an already past search space. Each possible solution in PSO is called
particle and it is described by position, mass and velocity. Particle has its own memory of
personal best solution and communicates with the group of particles to examine group’s
best solutions. PSO initialization implies random particles at random places and with
random parameters that are updated with each iteration. Particles follow their own fitness
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criteria, called personal best or pbest, but comply with the group’s fitness goals, called
group best or gbest. Depending on the fitness value, the particle follows the group, or vice
versa, as described by Figure 5.
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There are cases where particles take the entire population in the wrong direction
or where a population converges toward a solution that is not globally best. This most
often occurs when the number of particles and parameterization in the population does
not correspond to the observed problem. When observing a challenge in a Smart Grid
environment, it is possible to easily solve wrong convergence by determining the number
and parameters of particles according to the observed electric power system. This means
that the number of particles in each generation should at least correspond to the number of
observed cases, and their random parameters should be limited to the uniqueness of the
search space.

Figure 6 gives a general overview of the PSO method process. At first it seems
that the PSO has more steps than GA, but given that PSO evolves around single swarm
representation, it shows better performance in most cases. Random swarm generation
should in most cases consist of at least same number of particles as there are discrete
possible solutions—in case of ADN and DG that number represents number of buses.
Each particle has its own velocity, which is encoded as power generation. When a swarm
identifies a spot, or a bus in distribution network, in which the DG is most necessary, that
becomes a new swarm orientation. Similarly, when a particle finds a most appropriate
power is more that becomes the global information. Particles are then updated with the
new information and the search space gets explored by the complete swarm.

In Section 3.1 of this paper, the possibility of distributed optimization platform was
mentioned for large power systems. Each CI-based solution in an interconnected multi-
layer power grid can be represented as a single particle of an overall PSO-based power
system management solution. Of course, at the time of writing this paper, this idea is only
a far theoretical consideration, but such were once the ideas and concepts discussed in this
paper, and today they are the basis for the development of advanced software solutions. It
will certainly be interesting to witness the development of modern power engineering and
the growing representation of CI methods in modern solutions.

A novel approach for solving problem of multiple DG units distribution suggest
the authors Alrashidi et al. [42] with the PSO algorithm as a basis of their method. The
proposed method is confirmed on the model of the distribution network with several
feeders and ten nodes where the optimal distribution of DG units have been determined
through the multiple scenarios with the power losses reduction objective according to (16).
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The constraints of the algorithm of the authors of Reference [42] define through
the voltage constraints, load-flow limitations, size of the transformers and maximum
permitted number of DG units. The authors especially emphasize that their method requires
consideration of only one DG per node and only time-invariant production and invariant
consumers can be. This paper, together with Reference [85], represents a framework of the
development of a new method based on the Particle Swarm intelligence algorithm that
will solve the problem of multiple DG multiple per node by considering the time-varying
feature of loads and RES-based DG units. El-Zonkoly [85] defines the algebraic indicators
for the objective function used for multi-objective optimization problem solution. Such
indicators in the observed system are the influence of DG on active (ILP) and reactive (ILQ)
power, the influence of DG on the voltage conditions, the possibility of DG dispatch in
dependence of DG location and consumer location (IC), the influence of DG on short-circuit
currents (ISC). For each defined indicator, the author assigns the weight factor σ whose
variation opens the possibility to orientate the set of solutions to system management
solutions or to system development adapted solutions [86–88]. Multi-objective function
(MOF) thus becomes the sum of the indicator’s multiplications and the corresponding
weight factors according to expression (17).

MOF = (σ1·ILP + σ2·ILQ + σ3·IC + σ4·IVD + σ5·ISC) + MVAsys(pu) (17)

Such an approach is common in the scientific literature and represents the combina-
tion of several individual functions into one objective function. In that way, a modeled
optimization problem can be considered both single-objective and multi-objective optimiza-
tion. Actual multi-objective optimization implies a vector of functions and the existence of
opposing solutions.

In the second paper of the same author [88], the problem of the system load peak
following is solved by the optimal DG allocation using the method based on the artificial
bee colony algorithm, a subset of PSO algorithm. The proposed algorithm addresses the
DG distribution by considering the criterion that the most demanding consumers are
designated as primary for the DG integration. In this paper, the author considers three DG
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units in a system with 45 nodes or three DG units in a 33-node system while the installed
DG capacity does not exceed 30% of total system load. A significant advantage of this paper
is the consideration of two types of DG technology, one time-varying and unmanageable
and other manageable DG. Moreover, the author anticipates the use of electricity storage
system to reduce the required commitment of manageable DG.

Authors Gomez-Gonzalez et al. [43] represents an integration of load-flow calcula-
tion with an algorithm based on Particle Swarm intelligence to determine the optimal
distribution of DG units, as presented by Figure 7. The authors of Reference [43] used the
frog-jumping algorithm (18), which belongs to the group of PSO algorithms. Because of its
specificities during particle coding, the algorithm is better adapted for the optimization of
discrete values.

Pt
ω = pω,max −

(t− 1)·(pω,max − pω,min)

(tmax − 1)
t = 1, 2, . . . , tmax (18)Electronics 2021, 10, x FOR PEER REVIEW 21 of 40 
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Significant contribution of this paper is a determination of an optimal number of
DG units which must result in the ability of the observed system self-sufficiency. This
emphasizes the value of this paper compared to previous papers in which the location and
the capacity of only one DG unit were considered.

Moradi and Abedini [44] produced a new method based on a synergy of GA and
PSO. The authors propose the genetic algorithm for optimal DG location determination
and Particle Swarm Optimization technique for adequate DG capacity. This paper wisely
used GA’s possibility to perform better for integer-based, binary encoded, problems and
continuous orientation towards the best solutions specific for the PSO algorithm.

Interestingly, the authors examined three separate cases, one with PSO only, one with
GA only, and one with the proposed GA/PSO combination. According to the results
presented in their work, the highest value of the objective function was achieved by
a separate GA, while PSO and GA/PSO gave equal values of the objective function.
However, the variance of the solution in PSO is many times less than in GA, while in the
combination of GA/PSO variances in the objective function are negligible compared to any
other algorithm.

Simplified flowchart of the presented hybrid method is given by Figure 8 by which
the statement how the discrete values of the buses in the power system is a mitigatory
circumstance is confirmed. The authors Moradi and Abedini used GA for DG location
observations; since the DG location can be only on a system bus, it cannot be somewhere
in between, and PSO is used for continuous optimization of DG power once the bus
is identified.

The fulfillment of the technical conditions is defined by the algorithm constraints that
are integrated into a common function according to (19). The function f 1 represents the
objective of real power losses reduction, the function f 2 represents the objective of the
voltage profile improvement while the function f 3 is the radial feeder voltage stability index
taken from the literature. Coefficients k1, k2, β1 and β2 represent the penalizing coefficients
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of the corresponding expressions. The presented objective function considers the values of
the voltage (Vni) and the apparent power (Sni) on the observed radial feeder busbars.

f = Min

(
( f1 + k1 f2 + k2 f3) + β1 ∑

i∈NDG

[
max(Vni −Vmax

ni , 0) + Max
(

Vmin
ni −Vni, 0

)]
+ β2 ∑

i∈N
max(|Sni| − |Smax

ni |, 0)

)
(19)
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According to the authors, the proposed method shows a significant increase in the
accuracy and repeatability of the results, but the authors conclude that more time is needed
for the method implementation compared with using one of the methods separately.

An innovative approach to optimization is offered by Saif et al. [46] defining a
simulation-optimization process where the technical validity of the optimization is eval-
uated by a simulation check instead of the optimization process limited by equality or
inequality. The developed method, which authors call dual layer simulation optimization
because of its simultaneous performance in the MATLAB and the GAMS programming
tool, uses the load-flow calculation for all simulation cases and Particle Swarm method
to determine the distribution of different types of unmanageable DG with objective to
increase the reliability of the system supply and to reduce operating and investment costs.
The developed method is successfully implemented on the part of the real power sys-
tem. Surprisingly, among the optimal DG distribution solutions solar power plants and
electricity storage systems are not included, but only a wind power plants which authors
attribute to the availability of primary energy in the observed area. The conclusion of their
work is to meet the energy needs of the observed network with multiple radial feeders
using unmanageable DG thus creating the precondition for the island operation of a future
Smart Grid.

Two papers by Aman et al. [49,89] describe the use of the PSO algorithm with the
objective of scheduling multiple DG units. The authors introduce new criteria for describing
the impact of a DG unit on the observed network—the criteria of possible increase of load
and index of feeder stability. By additional checks and comparisons of the proposed method
with the analytical method and the search algorithm, the authors confirm the correctness
of the use of the PSO algorithm to solve the DG scheduling problem with losses reduction
objective thus achieving the most useful impact of DG on the observed network.

Comparison of optimization methods developed on the basis of the PSO algorithm and
the analytical approach were presented in the paper of Kansal et al. [47] which addresses
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the problem of distribution of different DG technologies with objective of reducing losses
according to (20).

Min PL =
N

∑
i=1

N

∑
j=1

[αij(PiPj + QiQj) + βij
(
QiPj − PiQj

)
] (20)

Authors define four DG types, considering the possibility of generating active and
reactive power and suggest integration of one of them with respect to the results of the
simulation. The results obtained with different optimization approaches are identical in the
analysis of the optimal DG location and vary up to 5% for the optimal DG power dispatch.

In the leading scientific bases exist several scientific papers that use biologically
inspired optimization algorithms. Niknam et al. [90–92] published several papers where
honey-bee mating algorithm is used to solve the multi-objective problem of DG distribution
in the distribution network [90] or to solve the problem of change of distribution network
topology [91,92]. Equations from Reference [90] are given by (21)–(24):

F1(X) = min
N f c

∑
i=1

C f c

(
Pf c

)
+

Nwind

∑
i=1

Cwind(Pwind) +
Npv

∑
i=1

Cpv
(

Ppv
)
+ Costsub (21)

F2(X) = min
Nbus

∑
i=1

∣∣VRating −Vi
∣∣

VRating
(22)

F3(X) = min
Nd

∑
t=1

Nbr

∑
i=1

(
Ri × |Ii|2 × ∆t

)
(23)

F4(X) = minEt f c + Etwind + Etpv (24)

In the papers authored by Niknam, according to the principle of selection of the
queen bee among the bees, the best candidate for the survival of a population in the power
engineering represents the DG or network topology.

The usefulness and efficacy of the PSO algorithm is further clarified in References [70,93–99],
where this algorithm has been used to solve optimization problems or prediction problems
and algorithms of evolution strategy have been compared with this algorithm.

Authors Kumari et al. [70] compared the GA, the improved GA and PSO algorithm
for optimizing static VAR compensators in the network with the objective of reducing
losses and achieving optimum load flows in the network. The improved GA suggested by
authors is highlighted by the implementation of five additional gene crossing operators, in
addition to the three commonly used ones, and according to their results, it provides the
best optimization results.

Authors Yin et al. [93] used the PSO algorithm to optimize the allocation of computer
processes to distributed processors, and this work, although in the field of computer
science, thoroughly clarifies the application of the used algorithm. With the hybrid method
which arose from the combining of the PSO algorithm and fuzzy logic systems authors
Zhang et al. [94] solve the problem optimal reactive power flows to maintain voltage
in transmission networks. The best solutions of each iteration of the Particle Swarm
intelligence algorithm in this paper have been used as a measure of the feature parameters
for the next iteration.

The adjusted PSO algorithm that addresses the problem of optimal DG allocation with
the objective of losses reduction in the observed system is presented by Ashari et al. [95]
while the usual Particle Swarm intelligence algorithm approach to solve the same problem
is used by Bhumkittipich et al. [96] for the similar problem. A complete review of all
derivatives of the PSO algorithm that have been known to authors Zhang et al. [97] and
which can result in a number of best solutions, points to the usefulness of the PSO algorithm
to solve many optimization problems. The apparent similarity of the algorithms in the
papers of various authors [44,98] suggests that it is possible to achieve somewhat different
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approach and custom algorithm with exceptionally small variations in the principles of
performance. That is also warned by authors [59] who advocate for a different development
process of meta-heuristic methods and more significant changes.

A hybrid approach for addressing the DG distribution with the objective of total losses
reduction and maintenance of a complex distribution network voltage profile, based on a
unified GA and artificial neural networks, along with the GA and power flow calculation,
is presented in Reference [100]. In this paper, the genetic algorithm determines the optimal
location of one DG in a distribution network while the DG impact on the total losses is
determined by the artificial neural network integrated into the GA. Described approach
has not resulted in valid solutions when addressing the DG distribution problem in ring
topology of distribution networks and a new hybrid approach has been developed by
combining the genetic algorithm and the power flow calculation. In the same paper is
presented a hybrid algorithm developed on the unification of two artificial neural networks
with operating principles based on the search algorithms, but the authors point to the
disadvantages of such an approach.

The need for active distribution network management is mentioned for the first time
in the scientific paper of authors Soares et al. [45], who recognized the need for answering
to consumer demands and the periodicity of some energy resources. The authors presented
a special form of signaled PSO algorithm that enabled particles to change the speed
parameter during the optimization process to gain the most feasible combination of wind,
photovoltaic, fuel cell and energy storage. Change of speed was defined by given rules
and observed with demand response and optimal storage charge/discharge. The proposed
method was successfully tested on a model of Portugal’s power system. Use of such
precisely designed meta-heuristic optimization methods in market environment and real-
life conditions was proven, and the direction of future scientific research was given in the
form of one-day division in 24 independent simulations, which later became the paradigm
of all future research. Although the proposed method did not provide the most economical
result, but the second of six different methods, the most efficient method mixed-integer
nonlinear programming (MINLP) is not suitable for larger systems and is not fully usable
in production [45]. The authors presented with great quality a mathematical model of
contemporary challenges in the power system, given by expression (25).

NW
∑

W=1
PWind(w,t) +

NPV
∑

PV=1
PPhotovoltaic(PV,t)

+
NFC
∑

FC=1
PFuelCell(FC,t)

+
NS
∑

S=1
PStorageDischarge(S,t) +

NLC
∑

LC=1
PLoadCurtailment(LC,t) =

NL
∑

L=1
PLoad(LC,t) +

NS
∑

S=1
PStorageCharge(S,t) ; ∀t ∈ {1, . . . , T}

(25)

Expression (21) lacks the observability of power losses in power equipment, such as

cables and transformers, that can be described as
NPL
∑

PL=1
PPowerLosses(PL,t) and added to the

right side of the equation for the part of the Smart Grid to be self-sufficient. Observed units
PV, FC, S, LC and L present appropriate technologies used in period t.

Presented scientific papers are clear indicator of the possibility for the development of
robust intelligent solutions that can solve a certain set of complex problems in the power
engineering, but without needed criticism, approaches based on soft computing methods
should not be accepted as general solutions for absolutely all cases [101]. The authors also
gave a mathematical model of technical limitations of the power system as inequalities that
consider the specifics of individual technologies.

Reliability of distributed generation supply was introduced by Saif et el. [46] who
presented double-layer simulation optimization, using load flow for all simulations and
Particle Swarm Optimization in order to increase reliability of observed system. The authors
optimized the given problem by aiming for operating and investment cost reduction.
Developed method was successfully tested on a British power system model and the
results were compared to other optimization methods. The authors of Reference [46]
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identified conditions for isolated distribution network operation. Aman et al. [38,49]
used standard Particle Swarm Optimization algorithm, but introduced new criteria for
describing the impact of distributed generation such as increasing the load capacity of
observed system and the stability of network feeder.

The presented papers clearly point to the logical conclusion that, the once advanced
and sometimes obscure methods known only to the scientific community, with today’s
computing power, can be used effectively in real production and be integrated into tools
to optimize the distribution network in real time. Detailed mathematical models with
metaheuristic methods supported by iterative calculations with thoroughly examined
features and shortcomings of individual methods promise a new advanced Smart Grid in
the future.

4.3.3. GA and PSO Comparison

GA and PSO share many common features, such as random start, fitness values,
population update based on randomness and necessity for fine-tuning in order to find
global optimum [57]. However, PSO does not have crossover and mutation operators and
particles have memory and velocity. Main difference between two methods is that GA
comes with new solutions with struggle among individuals, while PSO nurtures social
interaction between particles.

Social interaction in PSO defines natural leaders that spread information to others,
while in GA chromosomes share information with each other and guide the whole group
towards distinct area, leaving only elite individuals in each iteration. Moreover, population
in GA gets smaller with each iteration since some of the individuals become removed,
while in PSO population is constant and particles always have purpose in fine tuning the
possible solution.

PSO is derivative-free, robust and flexible method, but prone to premature conver-
gence if tuning parameters are not correct. However, particle parameters can be enhanced
with solid mathematical equations that improve analysis and provide realistic convergence
conditions. Self-organization of PSO with bottom-up approach integrated in the method
prove wide applicability in many scientific areas.

Global perspective of each particle in PSO improves clustering efficiency and enables
PSO algorithm to test multiple areas of the search space at the same time. Instead of
competition-based GA, PSO values the cooperation of particles and the exchange of values
according to objective criteria.

For greater overview and comparison Table 1 gives a perspective on solved challenges
in ADN and SG environments. In accordance with the Chapter I—Introduction of this
paper, Table 1 clearly gives a standpoint how the Distribution Network Optimization
includes many topics and issues identified in the modern distribution networks, such
as feeder reconfiguration, island operation, pricing and energy market, voltage profile
improvements, etc.

5. Optimal Smart Grid Management

Intuitive thinking about the purposefulness of presented papers and research is
confirmed by studying features in the field of research in current European and world
research activities. Since 2009, the Working Group for Advanced Power Grids of the
European Commission Smart Grids Task Force has been continuously issuing guidelines
for the development of modern power systems [102].

Advanced power systems imply a change in paradigm by enabling DG, but also
the application of technologies for monitoring, operational management, regulation of
production and consumption using information technologies that are not the subject of this
scientific research. The Joint Research Center for Smart Electricity Systems and Interoper-
ability leads regulatory, technical and economic research at the level of the European Union.
According to the relationship matrix [103] of the Joint Research Center, the countries most
involved in research into advanced power systems are Spain, France, Italy, Germany, the
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United Kingdom, Belgium and the Netherlands. Looking at the overview of the identified
trends of the Joint Research Center [104] and the reviews of European distribution system
operators [105], it is easy to conclude that innovative scientific research should provide
answers to the challenges observed in the literature.

The issue of active distribution network management is observed in recent scientific
papers, mostly continuously for the past two years, and factors that can contribute to sig-
nificant DG integration are identified and structured as multi-objective planning and active
management [50,106–114]. Modern grids imply multiple technologies such as advanced
metering infrastructure, EMS, DMS, Big Data solutions and data management, pricing
mechanisms on a day ahead market and inner day markets, various paradigms such as
demand response, fault classification and DG scheduling, and horizontal and/or vertical
control possibilities [53,115–117]. Colmenar-Santos et al. [75] detailed the challenges raised
from increased DG integration in distribution network identifying advantages and tech-
nology characteristics of active management network with DG operational optimization.
In the fourth section of their paper authors distinguish optimization techniques based
on Reference [54] and give comprehensive overview of advantages and disadvantages of
different DG optimization techniques focusing on hybrid methods, thus becoming basis of
future research by many scientists. Multi-objective planning, controllable loads, dispatched
DG, stochastic DG and demand response become more prominent in Reference [75] as
the report progresses. The authors touch upon regulatory and policy barriers preventing
significant DG integration in the fifth and sixth sections of their paper, identifying the need
for policy change according to the example of Germany, Denmark and Spain [75].

Power System of the future will enable justified use of energy, fairness in energy
sharing, security of data and data governance, user own control and autonomy of the
household while participating in a fair manner in energy community and virtual energy
hubs [118]. The transition of the power industry will not go smoothly and synergy of
all actors, legal and technical, regulatory and market, is needed for the transition to
succeed [119], but when it does, the benefit will be for everyone included. As mentioned in
Section 2, shifting the Smart Grid towards Cloud computing enables smoother transition,
and the emergence of the Edge Computing paradigm enables the power industry to
flourish [120].

Future of distribution networks are discussed by Bayod-Rújula et al. [50] and authors
conclude that active distribution network with total control represents the first stage to-
wards more advanced Smart Grid. According to the authors, second stage of distribution
network development represents the microgrid system, a fully controlled entity that may
provide ancillary services to the main system; third stage are virtual utilities with oper-
ational energy management system yielding optimization opportunities; demand-side
management and demand response techniques become available once the previous prereq-
uisites are met hence paving the way towards information and communication technology
implementation [50].

In the wake of such information is paper by Shi et al. [109] where authors show
operational energy management in microgrid system consisting of dispatchable and non-
dispatchable DG, interruptible and deferrable loads and energy storages. Simplified
overview of the described system is given by Figure 9, and similar models can be used to
validate any other control solution intended for production purposes, as it was the case for
the validation purposes of this paper.

Authors comply their proposed management solution with IEC 61850, a communi-
cation standard for Smart Grids [121] and present output schedules for grid-connected
and islanded modes of operation, respecting bus voltages while minimizing network re-
quirements. Operational energy management in distribution network is identified as the
central problem of future distribution networks, microgrids and Smart Grids. Importance
of this paper is evident in direct application of the scientific method in real-life microgrid
environment. The authors present the results on a daily diagram, divided in 24 intervals,
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and give operating schedules for PV system, Wind power plant, Diesel generator, battery
storage and controllable load.
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The system is controlled by Micro-Grid Central Controller (MGCC) with Exact, Convex
Programming–based algorithm for Nonlinear Systems and Models based on predictor
corrector proximal multiplier algorithm and optimal power flow formulation [109].

Operational microgrid energy management based on mixed-integer linear program-
ming solution considering wind power and PV system generation volatile characteristics,
aided by storage system and grid connection can be found in the paper by Umeozor and
Trifkovic [122]. The authors collected meteorological data to eliminate forecasting errors
and schedule DG production accordingly. Different pricing scenarios were considered, and
the authors concluded that economic circumstances of observed system greatly affect the
output parameters.

The authors of Reference [123] represent the hybrid method emerged by combination
of sorting GA without dominant solutions and Rough Set Theory tests. The method is
used for solving the problem of optimal energy management in a distribution network that
consists of 123 nodes, 7 micro-grid systems and 9 distributed energy sources. The authors
suggest a game theory interactive matrix described by 10 mathematical expressions for
solving the interaction between different sources observed through the point of common
coupling (PCC). Multiple sources are observed during the operative control of one or
multiple micro-grid systems inside of distribution network with L number of nodes.
Interactive matrix is optimized by the minimization of three objective functions, (26)–(28),
using the adapted hierarchically arranged GA, and the proposed method is tested on the
IEEE 33 node test network in which the authors integrate three microgrid systems. In
expressions (22)–(24), Ul,t implies voltage at node l within a network consisting of nodes
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set L; PPCC
l,t stands for PCC power exchange of microgrid at node l; PLOSS

t represents power
loss of ADN and θ is power exchange level of the observed system.

minG1 =
T

∑
t=1

√
∑
l∈L

(Ul,t − 1)2/L (26)

minG2 =
T

∑
t=1

√
∑
l∈L

(PPCC
l,t − θ)

2/T (27)

minG3 =
T

∑
t=1

PLOSS
t (28)

By comparing the results from the soft computing optimization methods with the
results from the classical mathematical approach, the authors conclude that proposed
approach yields betters results during the optimization of more complex systems with
multiple DG units. The authors emphasize the specific achievement of the paper in the
efficient methodology for solving complex optimization problems by using the computer
intelligence, while the additional procedures and other hybrid solutions must be explored.

Automatic generation control (AGC) of distribution network with high share of DG
and electric vehicles based on framework established for transmission systems is presented
in the work by Batisetelli et al. [113]. The authors scaled the known AGC hierarchy to
control DG, local distribution and load subsystems and logically divided active distribu-
tion network to virtual power isles managed by centralized control. Electric vehicles may
contain both generation and load characteristics therefore authors deal with both problems
simultaneously through linear programming model optimized by CPLEX optimizer that
can be implemented in energy management system of active distribution network. The
model described in Reference [113] was tested and confirmed on a realistic four-feeder
system from which the “smart user grid (SUG)” paradigm is developed by integrating
multi-agent system procedures and entities of different functionalities. Extremely revealing
contribution of the authors [113] is evident in “criteria for implementation and coordina-
tion of automatic generation control”, comprising the communication necessary between
observed levels, similar to the one presented in Reference [29]. Discrete 24-segment sim-
ulations representing 24-hour schedule is the methodology of most authors, including
the one in Reference [113]. Although not the typical computational intelligence approach,
paper considered important aspects of ADN management with increased ratio of various
types of DG. The absence of advanced optimization techniques is completely justified by
an excellent principle demonstration that was clearly the goal of Reference [113], while
the practicality and robustness of optimization solution developed on this research basis
should consider more complex methods.

Scientific work in the wake of the abovementioned paper can be found in paper by
Jun et al. [114] where authors solved the multi-agent optimization problem by means of
integer programming dividing the day planning in 24 segments. EMS has a significant
role in valid operation, optimization, control and balancing of “hybrid renewable energy
generation system”, as stated by the authors, and specific challenges of management
scheme are described in this paper. Complex unified modeling language diagram, solved
in Java Agent Development Framework, of multi-agent system is presented, showing
system classes, attributes and relationships between them. The authors introduce new
parameters computed by individual agent that indicate the attention of observed agent
as load, or as DG. These parameters suggest the economic and power qualities of each
agent integrating the stochastic nature of some RES. Detailed analysis of EMS conclude the
structural requirements of future communication, behavior and optimizations objectives.

Significant papers indicate the importance of considering meteorological dependen-
cies of some RES-based DGs along with independencies of other types of non-RES DG
units. Gu et al. [124] thoroughly defined factors of the future management service consist-
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ing of demand side management, operation objectives, energy pricing, weather forecast,
energy management, maintenance scheduling, physical limitations of equipment involved,
operation scheduling and interaction with main supply grid via PCC. The authors define
the perspective of energy management by achieving higher level of efficiency and lower
emission levels while maintaining power quality and providing ancillary services.

From their work, one can get a clear idea of what a future energy management system
for the distribution network should look like and what should be taken into account, as
illustrated by Figure 10. The authors thus state how to respect consumers, plan according to
meteorological indicators, consider equipment limitations and the situation on the energy
market, all in order to plan the optimal timetable of DG.
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Zhang et al. [125] concluded that operational management can reduce line losses and
improve voltage profiles which will benefit DG developers as well as distribution network
operators. The authors define the traditional distribution network planning and operation
as “fit and forget” methodology and conclude that this principle will need to change
in order to allow higher penetration levels and development of Smart Grid. Mohamed
and Mohammed [126] developed effective mathematical algorithm for distribution grid
management in a Smart Grid form by giving priority to renewable energy resources while
maintaining least possible cost and satisfying load demand. The authors predicted PV
generation by historical data and statistical smoothing techniques, while wind generation
and load data were modeled by non-linear regression modeling. The main objective
achieved by Reference [126] is minimizing the power obtained from parent grid while
retaining additional power for sudden demand changes. A case study of Smart Grid
management in Japan is presented in Reference [127] from a policy perspective, and an
essential requirement for management services in order to achieve maximal benefits is
highlighted in this paper.

Significant achievement towards real-time economic dispatch and operational man-
agement of active distribution network is evident in paper by Kellerer et al. [128] in which
authors propose new method based on statistical inference method—a probabilistic graph-
ical model method. The authors prove algorithm functionality in global optimal search,
irrelevant of network size, and with the assumptions that 70% of consumer nodes have



Electronics 2021, 10, 1247 29 of 38

randomly integrated RES-based DG units. The main subject of their observations is in
solving the economic dispatch problems without having a full knowledge of all compo-
nent models, for which they assume is difficult in competitive market environment. The
proposed algorithm is successfully tested on a network whose topology is based on real
Smart Grid data in Southern Germany.

With the objective of reducing CO2 emissions Lamadrid et al. [129] proposed a novel
optimization solution that favors RES in power dispatch and scheduling, if the technology
permits planning. From the perspective of system operator and in compliance with network
policies, authors present their optimization formulation respecting technical and economic
limitations and prove the usefulness of their method by testing it on 279-bus transmission
network in Texas, USA. The authors have taken into consideration a stochastic nature of
some RES and gave them priority in dispatch schedule. Although modeling is complex, au-
thors managed to perform it correctly by using mathematical correct workaround solutions.
By proposed solution authors managed to simulate a future 24-hour period which is ade-
quate for system schedule and operation in market conditions. For wind power modeling,
authors used combination of historical and calculated data. This paper is very important
due to the complexity of observed problem, and although the authors themselves say that
improvements are needed, this paper presents state-of-the-art in operational management
and DG scheduling.

A modified self-adaptive PSO algorithm serviceability for multi-objective optimal
operation management of a distribution network containing a fuel-cell power plant was
proven in paper by Niknam et al. [130], and a computational intelligence principle was
described that contained fuzzy-controlled decision-making. The authors developed a
practical 24-segment algorithm, providing Pareto solutions. A similar fuzzy controlled
approach can be found in paper by Elamine et al. [131] where wind speed is deter-
mined by PSO optimized ANN based on small historical set and fuzzy agent for battery
storage management.

Previous scientific works have successfully identified key issues and constraints that
need to be addressed when creating a widely applicable solution for active distribution
network operational management and scheduling. The biggest disadvantage of presented
papers is the need for a complex mathematical model of the observed system which is
usually not sensitive to structural changes in the same system, hence not applicable to
distribution grids. Accordingly, universal applicability of the proposed solutions is not
always achieved, and each observed case is at the same time the only case observed and
researched by a group of scientists. Issues in Smart Grid application can be compartmen-
talized into five categories [132]: concept presentation—advantages and limitations of
renewable energy distributed generation; technology adoption for hybrid energy system;
optimal allocation problems and technical characteristics; forecasting, pricing and policy
issues; Smart Grid–integration challenges.

With the development of active distribution networks, which aspire to become Smart
Grids, the emphasis of scientists in this area will tend to be on the development of widely
applicable and robust solutions for which it will be necessary to consume and respect the
knowledge and achievements displayed in all of the so-far listed scientific works.

6. Conclusions

The initial premise of the presented research was to identify scientific breakthroughs
and papers that can be delivered as a working solution for future power grids.

The research was conceived in five key steps that begin with the selection of papers
and continues with the modeling of the described procedures and testing of the solutions
traceability. Finally, the usefulness and applicability were discussed at the research team
level, and conclusions are given in this paper.

Papers with precise models and comprehensive descriptions of computational
intelligence–based methods proved to be highly usable in the development of real so-
lutions for Smart Grid operational management. Modern systems for monitoring and
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managing an advanced distribution network according to the assumed European Smart
Grid framework will have to integrate scientifically validated and model-tested solutions
that consistently provide accurate data.

Within the space–time possibilities and within the available literature, the authors
of this paper collected, processed, examined and evaluated as many papers as possible,
which with their content promise applicability of computational intelligence in real-world
systems. If any work was missed, it was certainly not intentional, and the knowledge
and information presented in this article were compiled with the idea of serving anyone
involved in optimization and management in the Smart Grid environment. The presented
works systematically and precisely present the advantages of the applicability of meta-
heuristic methods in the optimization of various challenges in the power industry, with
an emphasis on the optimization of operating conditions in the distribution network. Al-
though the emphasis of the paper was placed on metaheuristics—because only with it
does it become possible to solve very complex systems—the paper also presents simpler
analytical methods that can be used to solve the optimization problems of smaller sys-
tems. However, scalability of potential real-world solutions can only be ensured with
computational intelligence and advanced custom-made metaheuristics.

This paper illustrates the problem of planning the optimal operation of an advanced
distribution network with a significant number of distributed generation units and provides
the cognitive process of deciding on the framework for the development of contemporary
management solutions. Metaheuristic proves to be a necessity in large and complex systems,
such as the modern Smart Grid, and modern control solution that integrate metaheuristic
methods will provide good-enough solutions for everyday usage. Operators of the future
grid will need to settle with such “good-enough” solutions as the grid becomes more
complex and variable in nature.

A detailed overview of more than a hundred key papers with important mathematical
indicators provides a unique insight into the application of computer intelligence in power
engineering. According to the authors of this paper, population methods in a limited search
space can yield the best result in terms of repeatability and usability, and with increasing
computing power, such optimization procedures based on computational intelligence can
take place within the market conditions of real systems.

Finally, methods, procedures and paradigms that can provide reliable operational
management in advanced distribution networks were explained, and features of each of
them were discussed with the mark-up of leading algorithms, PSO and GA, which can be,
to a greater or lesser extent, applied in real-world applications.
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Appendix A

For better understanding and reproduction of the findings of this paper, and for easier
catching-up with the mentioned papers, the authors have prepared an abbreviation list.
Since some authors choose similar letters and abbreviations, in the description field of
Table A1, we give the paper to which the abbreviation applies.

Table A1. Nomenclature and abbreviation list.

Abbreviation Description Unit

αij
Sensitivity factor of real power loss with respect to Real power injection from DG
(Acharya et al., 2006) MW

αij The transmission coefficient of the real part of the complex power by Kansal et al. (2013) n

Aij
Quotient of product of voltage angle difference cosine and line resistance with voltage level
(Biswas et al., 2012)

βij
Sensitivity factor of reactive power loss with respect to reactive power injection from DG
(Acharya et al., 2006) MVAr

βij The transmission coefficient of the reactive part of the complex power by Kansal et al. (2013) n

Bij
Quotient of product of voltage angle difference sinus and line resistance with voltage level
(Biswas et al., 2012)

β1 Penalty coefficient (β1 = 0.32) (Moradi and Abedini, 2012) β1 = 0.32

β2 Penalty coefficient (β2 = 0.3) (Moradi and Abedini, 2012) β2 = 0.3

Ca
i Active power prices with DG (Singh and Goswami, 2010) US$/MWh

Cr
i Reactive power prices with DG (Singh and Goswami, 2010) US$/MWh

CDG Total cost associated with the DGs (Biswas et al., 2012) US$ mil.

C f c Cost of power generation from fuel cell (Niknam et al., 2011) US$

Cwind Cost of power generation from wind power (Niknam et al., 2011) US$

Cpv Cost of power generation from photovoltaic system (Niknam et al., 2011) US$

Costsub Cost of substation (Niknam et al., 2011) US$

δij Voltage angle difference between bus i and bus j (Alrashidi and Alhajri, 2011) rad

Et f c Emission of atmospheric pollutants from fuel-cell power generation (Niknam et al., 2011) kg/h

Etwind Emission of atmospheric pollutants from wind power generation (Niknam et al., 2011) kg/h

Etpv Emission of atmospheric pollutants from photovoltaic power generation (Niknam et al., 2011) kg/h

Ii Actual current of the i-th branch (Niknam et al., 2011) A

ILP Real power losses after DG integration by El-Zonkoly (2014.) %

ILQ Reactive power losses after DG integration by El-Zonkoly (2014.) %

IC MVA capacity index regarding the power flows through conductors in paper by
El-Zonkoly (2014.) %

IVD Voltage profile index, observed as voltage deviation from the nominal value by El-Zonkoly (2014.) %

ISC Short circuit level index, observed as DG impact on short circuit current increase in paper by
El-Zonkoly (2014.) %

k1 Penalty coefficient (Moradi and Abedini, 2012) k1 = 0.6
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Table A1. Cont.

Abbreviation Description Unit

k2 Penalty coefficient (Moradi and Abedini, 2012) k2 = 0.35

KC Is the cost of DG per KW (Biswas et al., 2012) US$

λ Electricity price at power supply point (Singh and Goswami, 2010) US$/MWh

L Set of nodes in ADN by Lv and Ai (2016) n

LLR Total line-loss reduction (Abou El-Ela et al., 2010) %

LLwo/DG Line-loss without the DG (Abou El-Ela et al., 2010) MW

LLw/DG Line-loss with the DG (Abou El-Ela et al., 2010) MW

LDISTi Load distributed for the i-th fault (Biswas et al., 2012) MW

MBDG Maximal composite benefits of DG (Abou El-Ela et al., 2010)

MOF PSO-based multi-objective function by El-Zonkoly (2014.)

N Number of buses in distribution system by Kansal et al. N

NB Number of radial distribution system buses (Alrashidi and Alhajri, 2011) n

Nbr Number of the branches (Niknam et al., 2011) n

Nbus Total number of the buses (Niknam et al., 2011) n

Nd Number of years (Niknam et al., 2011) n

NF Total number of faults within a specified time duration (Biswas et al., 2012)

Nfc Number of fuel-cell units (Niknam et al., 2011) n

Npv Number of photovoltaic units (Niknam et al., 2011) n

Nwind Number of wind units (Niknam et al., 2011) n

θ Power exchange level by Lv and Ai (2016) kW/t

Pt
ω Inertial probability (Gomez-Gonzalez et al., 2012) Q ∈ [0, 1]

pω,max Maximal inertia per population (Gomez-Gonzalez et al., 2012) Q ∈ [0, 1]

pω,min Minimal inertia per population (Gomez-Gonzalez et al., 2012) Q ∈ [0, 1]

PDi Active power demand at any bus i (Singh and Goswami, 2010) MW

PDGi Real power injection at node i (Acharya et al., 2006) MW

PDGi Active power generated by DG (Singh and Goswami, 2010) MW

PDGi Size of the i-th DG (Biswas et al., 2012) MW

PDi Load demand at node i (Acharya et al., 2006) MW

P′2i Real power flows at the receiving end of the forward-update procedure by Injeti el al. MW

Pi, Pj The active power injections at bus i and bus j by Kansal et al. MW

Pf c Power generated from fuel cell (Niknam et al., 2011) kWh

PG Active power of distributed generation (Aman et al., 2012) MW

PPCC
l,t PCC power exchange of MG n by Lv and Ai (2016) kW

PLoss Line losses (Injeti and Prema Kumar, 2013) MW

PT,Loss Total feeder losses (Injeti and Prema Kumar, 2013) MW

PLOSS
t power loss of ADN in paper by Lv and Ai (2016) kW

PDG
eleect The price of electricity (Singh and Goswami, 2010) US$/MWh

PFR Power flow reduction in critical lines (Abou El-Ela et al., 2010) %

PFk,wo/DG Power flow in line k without DG (Abou El-Ela et al., 2010) MW
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Abbreviation Description Unit

PFk,w/DG Power flow in line k with DG (Abou El-Ela et al., 2010) MW

Ppv Power generated from photovoltaic system (Niknam et al., 2011) kWh

Pwind Power generated from wind power (Niknam et al., 2011) kWh

Q′2i Reactive power flows at the receiving end of the forward-update procedure by Injeti el al. MVAr

QDi Reactive power demand at any bus i (Singh and Goswami, 2010) MVAr

QDGi Reactive power generated by DG (Singh and Goswami, 2010) MVAr

Qi, Qj The reactive power injections at bus i and bus j by Kansal et al. MVAr

Ri Resistance of the i-th branch (Niknam et al., 2011) Ω/km

rij Real part of line impedance (Aman et al., 2012) Ω/km

R1i(j) Equivalent resistance between bus 1 and bus i when DG is located at bus j (Wang and Nehrir,
2004) p.u.

RPL Real power loss (Biswas et al., 2012) MW

σ1, σ2, σ3, σ4, σ5 Weights for corresponding importance of each DG impact index by El-Zonkoly (2014.) σp ∈ [0, 1]

SDIST Total load distributed (Biswas et al., 2012)

|Sni| Apparent power at bus ni(Moradi and Abedini, 2012) MVA∣∣Smax
ni
∣∣ Maximum apparent power at bus ni(Moradi and Abedini, 2012) MVA

SRw/DG Spinning reserve with DG [23] (Abou El-Ela et al., 2010) p.u.

SRwo/DG Spinning reserve without DG (Abou El-Ela et al., 2010) p.u.

SRI Spinning reserve increasing (Abou El-Ela et al., 2010) %

T The sum of scheduling period t in paper by Lv and Ai (2016) n

∆t Time step (one year) (Niknam et al., 2011) n

Un
set of types of DGs in Microgrid n; u = 1, 2, 3, 4 and 5 denote fuel cell, microturbine, battery
storage, Photovoltaic System and Wind turbine, respectively, by Lv and Ai (2016) n ∈ [0, 5]

Vi The bus i voltage (Alrashidi and Alhajri, 2011) p.u.

Vi Real voltage of the i-th bus (Niknam et al., 2011) p.u.

|Vi|2 Voltage magnitude at the receiving end of the forward-update procedure Injeti el al. p.u.

Vj The bus j voltage (Alrashidi and Alhajri, 2011) p.u.

Vni Voltage of bus ni(Moradi and Abedini, 2012) p.u.

Vmax
ni Maximum voltage at bus ni(Moradi and Abedini, 2012) p.u.

Vmin
ni Minimum voltage at bus ni [(Moradi and Abedini, 2012) p.u.

VRating, Vrate Nominal voltage of the i-th bus (Niknam et al., 2011) p.u.

VPI Voltage profile improvement (Abou El-Ela et al., 2010) %

VPw/DG Voltage profile index of the system with DG (Abou El-Ela et al., 2010) p.u.

VPwo/DG Voltage profile index without DG (Abou El-Ela et al., 2010) p.u.

w1, w2 Weight factors, w1 + w2 = 1(Yang and Chen, 2011)

w1, w2, w3, w4 Benefit weighting factors (Abou El-Ela et al., 2010)
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