This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2022.3185068

IEEE Access

Muktidisciplinary : Rapid Review : Open Access Journal

Date of publication xxxx 00, 0000, date of current version xxxx 00, 0000.

Digital Object Identifier 10.1109/ACCESS.2017.Doi Number

Fitness Distance Balance based LSHADE
algorithm for energy hub economic dispatch
problem

BURCIN OZKAYA!, UGUR GUVENC?, and OKAN BINGOL 1,

1 Department of Electrical and Electronics Engineering, Faculty of Technology, Isparta University of Applied Sciences, 32100 Isparta, Turkey
2 Department of Electrical and Electronics Engineering, Faculty of Engineering, Duzce University, 81620 Duzce, Turkey

Corresponding author: Burcin OZKAYA (e-mail: burcinozkaya@isparta.edu.tr).

ABSTRACT This paper presents an improve version of Linear Population Size Reduction Success History
Based Adaptive Differential Evolution (LSHADE) algorithm for solving global optimization problems. The
aim of this study was diversify the search process and to improve the convergence performance of the
LSHADE algorithm. In the proposed algorithm called FDB-LSHADE, Fitness Distance Balance (FDB)
selection method was used to redesign the mutation operator of the LSHADE algorithms. In order to test
and validate the performance of the proposed FDB-LSHADE algorithms, a comprehensive experimental
study was carried out. For this purpose, it was tested on the CEC14 and CEC17 benchmark problems,
consisting of different problem types and dimensions. The results of the FDB-LSHADE were compared to
the performance of 8 other up-to-date and highly preferred metaheuristic search (MHS) algorithms. In
addition, the proposed algorithm was applied to solve single- and multi-objective Energy Hub Economic
Dispatch (EHED) problems, which were a non-convex, a nonlinear, and high dimensional problems. In
order to evaluate the performance of the proposed algorithm, two non-parametric statistical methods, which
are Wilcoxon and Friedman tests, were used. The simulation results of the developed algorithm were
compared to previously proposed algorithms available in the literature and the results of the MHS
algorithms. The results showed that the FDB-LSHADE was a superior performance compared to other
MHS algorithms for solving both benchmark problems and EHED problems.

INDEX TERMS Optimization, metaheuristic search algorithms, fitness distance balance, LSHADE, energy
hub economic dispatch.

I. INTRODUCTION physics-based algorithms [10], [11], [12]. Differential

Meta-heuristic search (MHS) algorithms have been widely
preferred in order to solve various optimization problems
from past to present. In general, all of MHS algorithms
have the same features from the point of search behavior:
exploration and exploitation. In exploration phase,
algorithms perform a random expansion search in the
search space to increase the diversity of solutions. On the
contrary, exploitation performs local searches in the
neighborhood of a reference location in the search space in
order to improve solution quality. The balance between
exploration and exploitation is important so that the
optimization algorithms do not get stuck in the local
minimum.

In the literature, hundreds of MHS have been presented in
the literature and they can be classified as four categories [1]:
(i) swarm intelligence [2], [3], [4], [5]. (ii) evolutionary [6],
[7], (iii) human knowledge based algorithms [8], [9], and (iv)
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Evolution (DE) presented by Storn and Price [6] is one of the
most used and successful among evolutionary algorithms for
the solving mathematical optimization problems. The DE
algorithm mainly consists of four main steps: initialization,
mutation, crossover, and selection. All three steps, mutation,
crossover, and selection, play a vital role in the DE
algorithm; however, the DE guides the population evolution
through mutation operations based on difference vectors.
Researchers have improved the performance of the DE
algorithm redesigning the mutation strategies. Various
variants of the DE algorithms have been proposed until now.
Among these variations, the Linear Population Size
Reduction Success History Based Adaptive DE (LSHADE),
which is the winner of the CEC14 Competition on Real-
Parameter Single Objective optimization [13]. As a result of
our research, the performances of the LSHADE algorithm
and its variants were tested on CEC benchmark functions.
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However, we noticed that there are no studies on constrained
engineering optimization problems with the LSHADE
algorithm. The aim of the study was to diversify the search
process and to improve the convergence performance of the
LSHADE algorithm. For this purpose, a comprehensive
study was carried out to redesign the mutation operator that
guides the search process. Our motivation to achieve this was
Fitness Distance Balance method (FDB) proposed by
Kahraman et al in 2020 [14]. As a result, we tried to improve
the exploration capability of the LSHADE algorithm using
the FDB. Consequently, this redesigned algorithm called
FDB-LSHADE, which is an improved version of the
LSHADE algorithm, has been developed. In the study, six
variants of the FDB-LSHADE were proposed.

In order to test and verify the performance of the proposed
FDB-LSHADE variants, a comprehensive experimental
study was carried out. For this purpose, CEC14 [15] and
CEC17 [16] benchmark suites were used, where the
benchmark test suites includes different types of optimization
problems from simple to complex. In order to show the
performance of the proposed algorithm in this study, 8
recently up-to-date and often preferred MHS algorithms for
optimization problems were used, consisting of moth-flame
optimization algorithm (MFO) [17], salp swarm algorithm
(SSA) [18], adaptive guided differential evolution algorithm
(AGDE) [19], supply-demand-based optimization (SDO)
[20], artificial electric field algorithm (AEFA) [21], artificial
ecosystem-based optimization (AEO) [22], equilibrium
optimizer (EO) [23], and marine predators algorithm (MPA)
[24]. To analyzed data obtained from experimental studies,
two non-parametric test methods, which are Wilcoxon and
Friedman test, were used. The results of the analyses showed
that FDB-LSHADE algorithm developed in this study is the
most effective MHS algorithms compared to its competitors
in two different benchmark suites.

In order to test and verify the performance of the proposed
FDB-LSHADE on unconstrained optimization problems, the
studies are explained above. Furthermore, an comprehensive
experimental study has been conducted to test and validate
the performance of FDB-LSHADE on constrained real-world
problems. Therefore, we chose the Energy Hub Economic
Dispatch (EHED) problems for this. The following paragraph
provides the information about the studies for this topic.

Energy Hub Economic Dispatch problem is based on the
Economic Dispatch (ED) problem and Energy Hub (EH)
concept. ED is one of the most important and popular
optimization problems in modern power systems. The goal of
ED problem is to optimal planning of power generation
inputs in order to meet the load demand subject to equality
and inequality constraints. For this reason, ED problem is a
non-convex and nonlinear constrained optimization problem.
The most used ED problem is the minimization of the total
generation cost of electric power generation. In the past
decade, heuristic optimization techniques have been used for
solving ED problems [25], [26], [27].

Energy hub is defined as an integrated energy systems
which includes the energy generation, conversion, and
storage systems. That is, energy hub receives the input
energies (i.e. electricity, natural gas, heat, and so on) at the
input port and generates or converts them into another energy
form by using technologies such as transformers, inverters,
converters, heater exchangers, gas furnace, combined heat
and power (CHP) unit, combined heat, cooling, and power
unit (CHCP) unit, and etc. [28], [29], [30]. Many studies
have been carried out about energy hub such as modelling,
optimal planning and operation, optimal power flow, and
economic dispatch. Geidl and Andersson presented an EH
model for the optimal power dispatch (OPD) problem
involving electricity, heat, and natural gas energy sources.
They created an optimization strategy for the optimal power
flow (OPF) problem [31]. The same authors, in order to solve
the OPF problem, proposed an EH model that includes
multiple energy carriers (MECs) such as electricity, natural
gas, and heat. The aim of the OPF was to minimize the total
generation cost [32]. Moeini-Aghtaie et al. focused on a
method for decomposing combined power flow studies with
MECs into the classic OPF problem while retaining the
significant benefits of simultaneous MEC analysis via the
multi-agent genetic algorithm (MAGA). The goal was to
keep the system’s total energy cost as low as possible. The
total cost of the system with and without energy hubs was
calculated using the multi-agent genetic algorithm (MAGA)
[33]. In another study, Moeini et al. used MAGA method in
order to solve a bi-level ED problem in energy hub in the
presence of wind uncertainty. The inputs of the energy hub
were electricity, natural gas, and wind energy. The presented
model applied to 11-hub test system in a 24-h period. The
results of MAGA showed that it has a better convergence
behavior compared algorithm PSO and GA [34].
Shabanpour-Haghighi and Seifi proposed modified teaching-
learning-based optimization algorithm (MTLBO) in order to
solve the OPF problem in MECs system. The problem was
solved by GA, PSO, and original TLBO and their results
were compared to MTLBO. The results showed that
MTLBO provided better solutions than the other competing
algorithms used in the study [35]. The same authors studied
optimal operation of MEC system using MTLBO. The aim
of the study was to minimize the total operation cost total
emission of the system. The results obtained from the
MTLBO algorithm were compared to the results of other
techniques in the literature [36]. In another study, the same
authors used the MTLBO algorithm in order to solve the
OPF problem for MEC system with an electrical, a natural
gas, and a district heating sub-network [37]. Shabanpour-
Haghighi et al. used MTLBO algorithm in order to solve 24-
h optimal power flow problem of multi-career energy
networks. The energy hubs used in the study have three
inputs (i.e., electricity, natural gas, and district heating) and
two outputs (i.e., electricity and heat). In order to show the
superiority of the proposed algorithm, the results are
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compared with the other MHS algorithms [38]. Beigvand et
al. proposed time varying acceleration coefficient particle
swarm optimization (TVAC-PSO) algorithm in order to
solve Multiple Energy Carriers Economic Dispatch
(MECED) problems. The results showed that the suggested
TVAC-PSO algorithm reached a better convergence
performance than the other presented algorithms such as GA,
PSO, and DE [39]. The same authors introduced time
varying acceleration coefficient gravitational search
algorithm (TVAC-GSA) in order to solve Multiple Energy
Carriers Optimal Power Flow (MECOPF) problems. The aim
of the study was to minimize the energy cost and electrical
transmission loss of electricity-gas network. In order to test
and verify the TVAC-GSA algorithm, the results of the
presented method were compared to the results obtained by
GSA, PSO, GA, and DE. It showed that the proposed
algorithm had better performance and fast convergence to
solve the presented problems [40]. By developing TVAC-
GSA algorithm, Beigvand et al. proposed self-adoptive
learning with time wvarying acceleration coefficient-
gravitational search algorithm (SAL-TVAC-GSA) in order to
solve to solve single- and multi-objective Energy Hub
Economic Dispatch (EHED) problems. They modelled the
EHED problems. They tried to determine the optimal
operation strategy that minimizes energy cost and losses. For
this motivation, a high-complex, large-scale energy hub
system consisting of 29 hub structures where electricity, gas,
and heat were consumed and electricity, heat, cooling, and
compressed air were produced. The results obtained by SAL-
TVAC-GSA were compared to TVAC-GSA, enhanced GSA
(EGSA), GSA, PSO, and GA in terms of quality solution and
computational performance. It was seen that the performance
of presented algorithm found better optimum solution than its
competitors [41].

In this study, we aimed to solve the EHED problems using
LSHADE and FDB-LSHADE algorithms. Three objective
function including total energy cost, total energy hub losses,
and combination of energy cost and energy hub losses as a
multi-objective problem were to be minimized within the
equality and inequality constraints. The simulation results of
obtained from FDB-LSHADE for these problems were
compared to the results of the algorithms, which were GA,
PSO, GSA, EGSA, TVAC-GSA, and SAL-TVAC-GSA,
given in [41]. Moreover, the results of developed algorithm
were compared to competing MHS algorithms consisting of
LSHADE, MFO, SSA, AGDE, SDO, AEO, EO, and MPA.
According to the simulation results, FDB-LSHADE
algorithm showed superior performance compared to the
competing algorithms for the solving EHED problems.

The main contributions of the present study to the
literature are as follows:

+ A powerful MHS algorithm called FDB-LSHADE was
developed. The FDB selection method was to redesign
the mutation operator used in LSHADE algorithm in

order to strengthen the exploration ability and balance

search capabilities of the base LSHADE algorithm.

+ The proposed FDB-LSHADE algorithm is potentially
presented to the literature as one of the most powerful
MHS algorithms. This paper contribute to the literature as
one of the most comprehensive studies carried out to test
and validate the performance of the proposed FDB-
LSHADE algorithm using two benchmark suites CEC14
and CECL17. The results of the FDB-LSHADE algorithm
were compared to 8 competing algorithms, which are up-
to-date and most preferred MHS algorithms. In order to
evaluate the results obtained from the experimental
studies, statistical analysis methods were used. The
results of statistical analysis methods showed that the
proposed algorithm was proved a superior performance
among its competitors.

» The proposed FDB-LSHADE algorithm was used for
solving EHED problem, which is a non-convex,
nonlinear, and high-dimensional constrained optimization
problem. Different objective functions were used to
evaluate the performance of the proposed algorithm. The
superiority of the FDB-LSHADE algorithm has been
proven when compared with the results of other
competing MHS algorithms and the results previously
reported in the literature.

» The performance of the FDB-LSHADE algorithm has
been verified both in benchmark functions and in a real-
word constrained engineering problem. Thus, we can say
that the proposed method is a powerful algorithm and it
could be used by in different engineering problems by
researchers.

The remainder of this article is organized as follows.
Section 2 gives the mathematical modelling of energy hubs
and the formulation of the EHED problems. Section 3
consists of three sub-sections introducing the LSHADE
algorithms, the FDB selection method, and the proposed
FDB-LSHADE algorithms.  Section 4 presents the
experimental study settings and the standards taken into
account in conducting the experimental studies. Section 5
presents the performance of the algorithms and the results of
the statistical analysis of the experimental studies. This
section consists of three sub-sections. In the first sub-section,
the performance of the variants of the FDB-LSHADE
algorithms on the CEC14 and CEC17 benchmark problems
was evaluated. The second sub-section presents the
experimental and statistical analysis of the proposed FDB-
LSHADE algorithm and the MHS algorithms on benchmark
problems. In the third sub-section, the EHED problems were
solved by the FDB-LSHADE algorithms and competing
MHS algorithms. In all sub-sections, statistical analysis
methods are used to evaluate the data obtained from
algorithms. Finally, the conclusions are presented in Section
6.
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IIl. FORMULATION OF THE PROBLEM

In this section, the energy hub is explained in detail and the
related equations of energy hub structures given in the
literature are listed. Cost model of the energy sources is
given. Then, the objective functions and constraints are
presented.

A. MATHEMATICAL MODELING OF ENERGY HUB
STRUCTURES

Energy hub is generally defined as an interface between
different energy infrastructures and loads. It can be also
defined as an integrated energy systems which includes
energy generation, conversion, and storage systems. In
other words, different forms of energy (i.e., electricity,
natural gas, heat, etc.) consume at the input ports of the
energy hub and supplies required energy services (i.e.,
electricity, heat, cooling, and compressed air, etc.) at the
output ports for costumers [29], [30], [42], [43]. In the
energy hub, using, i.e., transformers, CHP technology,
heater exchangers, and other equipment, energy carriers are
converted and conditioned. This equipment can be
classified as: direct connections, convertors, and storage
elements. With the direct connections, the energy carriers at
the input ports are transmitted to the output ports without
being converted to another form. By converter elements,
energy is transformed into different forms. Storage devices
are used to store the various types of energy and each type
of energy is stored using a different technology.

The number of energy carriers at the input and output ports
of the energy hub may vary. Based on this, energy
conversions in the energy hub can be categorized as: single
input and single output, single input and multiple outputs,
multiple inputs and single output, and multiple inputs and
multiple outputs. When the energy hub model has more than
one input or output, a coupling matrix is defined. A single
input and single output energy hub model can be described
by Eq. (1). Here, E and EZ" represents the input and
output energy, respectively. c,, describes the coupling
factor that is the efficiency of the conversion element, and the
subscript o and £ describe the input and output of the energy
carrier.

E}" = Copx (1)

A multiple input and multiple output energy hub model
can be expressed as:

ESUt Caa C,Ba o Cwa EL”
B |_|Cs Co v Can | ES @
Egut | Caw Cﬁw wa | E(T
Eout ¢ Bin

where E;, and E,, are the input and output energy vector,
respectively. C is the coupling matrix, the subscripts
{a.pB....,0} represent the energy carriers, and the elements

of coupling matrix are the coupling factors. In the coupling
matrix, each coupling factor is relevant to a specific input
and output. In single input single output systems, the
coupling factor is equal to the conversion element's
efficiency; nevertheless, in multiple inputs and multiple
outputs systems, the coupling factor is unequal to the
conversion element’s efficiency. An energy carrier at the
input port can be split into numerous parts and used as a
converter’s input, or the output of the energy hub can be
used as a conversion element’s input. In this case, a
dispatch factor, describes how much energy will be
distributed to each conversion element, is defined for the
input or output energy.

An special energy hub model created according to the
above information is given in the Fig.1. In Fig. 1., electricity
(e), natural gas (g), and heat (h) are consumed by
transformer, CHP, CHCP, gas furnace, and heater exchanger
in order to produce electricity (e), heat (h), cooling (c), and
compressed air (a). Moreover, two dispatch factor are used,
in which v; is used for input energy and v, is used for
output energy. The conversion elements used in the Fig. 1.
are explained as below:

» Transformer (T): It employs and supplies electricity both
at the input and output port, respectively.

» Combined heat and power (CHP): This device produces
heat by burning natural gas.

+ Combined heat, cool, and power (CHCP): It transforms
the natural gas into electricity, heat, and.

» Gas furnace (GF): This device produces heat by burning
natural gas.

» Compressor (C): This device uses electricity to generate
compressed air.

» Heater exchanger (HE): It consumes and provides heat at
its input and output, respectively.

B .
in :38 = out Transformer
% b— 1\" E"um
'D_ -E, CHCP Combined Heat,
V) i Cooling, and Power
s = ou
By -{CHCP 7 B =
4 —E) [ cp | Combined Heat
s | and Power
[ cup [ !
B m Gas Furnace
m o Heater Exchanger
in
E) A

D Compressor

FIGURE 1. A typical structure for energy hub

In [41], 29 energy hub structures are given. The elements
used in these structures, transformer, CHP, CHCP, gas
furnace, and heater exchanger. Moreover, electricity, natural
gas, and heat are used as input energy carriers. The energy
hub structures used in this study are given in Fig. (2). The
energy conversion expressions of these structures are given
in Egns. (3) - (31).

VOLUME XX, 2017

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2022.3185068

IEEE Access

Author Name: Preparation of Papers for IEEE Access (February 2017)

EH #1: The hub contains only transformer unit and is
modelled as:

[E]=[m][EF] (3)

where 7; is the efficiency of transformer.
EH #2: It includes only CHP unit and is formulated as

follows:
EM TlcHe, .
e — e Eln 4
{Eﬁ”t} LCHPJ[ g} )

where 7cyp, and 75, are the CHP” s efficiencies related to

electricity and heat.
EH #3: Natural gas is converted into electricity, heat, and
compressed air by CHCP unit as follows:

Ee " TIcHCR,
Er?m =1 TlcHen, [Elgq (5)
= " TIcHCR,

where  7epen, s fcuen, s @nd  mepcp,  are the CHCP’s

efficiencies related to electricity, heat, and cooling.
EH #4: Only heat is generated by gas furnace employing
natural gas as:

[E2) = [ree J[EF] (6)

where 74 is the efficiency of gas furnace.

EH #5: This hub consists of only one heater exchanger
and is formulated as:

[E2]~[ne][EN] (7)

where n.e is the efficiency of heater exchanger.

EH #6: Electricity and heat can be provided using
electricity and heat through transformer and CHP as follows:

out Ein
S i ®)
Eq 0 TlcHm, Eg
EH #7: It produces electricity, heat, and compressed air
employing only electricity as below:

E | | (1-v)n
Er?Ut =| Vol [ = :| (9)
Eg" VallrTic,

EH #8: Transformer and CHCP construct this hub and the
energy conversion of it as follows:

Egm It Tlcher, gin
} (10)

t e
B |=| 0 TlcHem, gin
g

out
Ec 0 TIcHep,

EH #9: This hub consists of CHP and gas furnace and can
be modeled as:

ViTlcHr, }[qu (11)

EOUt
€ -_—
EC | | icnm, +(1-V1) 76k

EH #10: In this hub, electricity and heat are produced by
employing electricity, and heat as:

{E:“t}rcw’e 0 }rg} (12)
ES" | |Ychm, e || EP
EH #11: Two forms of energy (i.e., electricity and heat)

are consumed by CHCP and heater exchanger in order to
provide electricity, heat, and cooling as follows:

EeDth feer, 0 gin

En" [=|lcmcn, e { ?n} (13)
EOU[ 0 Eh

¢ TlcHer,

EH #12: It includes CHCP and gas furnace, and produces
electricity, heat, and cooling by consuming only electricity
through the following formula:

E ViTlcHe,
Ex" |= VillcHen, +(1-v)7ge [Eem} (14)
E ViflcHer,

EH #13: Transformer and heater exchanger constructs this
hub and can be formulated as:

out in
=) [n 2 e @)

Ep 0 7ne | ED
EH #14: Transformer and gas furnace convert electricity
and natural gas into electricity and heat by the following

expression:
Eeom — |:77T 0 :| Eein (16)
Eﬁ“‘ 0 76e Eén

EH #15: Natural gas and heat is employed by gas furnace
and heater exchanger, respectively and the energy conversion
of this hub can be expressed as below:

in
h

[Eﬁut} =[ner 77HE]|:E?:1 a7

EH #16: This hub supplies the electricity, heat, cooling,
and compressed air for consumers by employing only natural
gas as below:

EM (1*V2)’70Hcpe
ER Ticher, tVallcHer, ey |1 Zin
out = [Eg j| (18)
E; TlcHer,
EM VallcHer, Mca

EH #17: Natural gas is used to produce electricity, heat,
and compressed air through CHCP and compressor as
follows:
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o (1-V,) en EH #24: In this hub, electricity and natural gas are
e - . . . .
E | = | ep, +Vallorm, e [Em} (19) converted into electricity, heat, cooling, and compressed air
e '“h g .
out via transformer, CHCP, compressor, and gas furnace as:
Ea VallcHp, Mca

EH #18: Three elements including transformer, CHCP,
and heater exchanger is used in the structure of the hub in
order to produce electricity, heat, and compressed air. The
mathematical expression of the hub is as follows:

= " It TcHer, 0 Eén
Ex =] 0 lcHem,  THE Egl;n (20)
E" 0 icuer, O ||EP

EH #19: The hub has the same structure as the previous
hub; however, CHCP is replaced with CHP in this hub. For
customers, electricity and heat are generated and the energy
conversion can be stated as:

Ein
x| [m m o=
{H o E (21)
E, 0 7ichm, e Ein

h

EH #20: In this hub, three types of energy are produced
consuming electricity and heat by transformer, CHCP, and

gas furnace as follows:
EXM _ T Vi7lche, E%: 22)
E 0 Virlewm, +(1-vi)7ee || E

g
EH #21: It consists of transformer, CHCP, and gas furnace
in order to provide electricity, heat, and cooling via the
following mathematical expression:

E T ViTlchHen, gin
Ef|=| 0 Villcrcn, +(1-V1)7lee {ETJ (23)
Eém 0 TIcHer, ’

EH #22: The hub structure is formed by transformer,
CHCP, and compressor in order to supply electricity, heat,
cooling, and compressed air as:

EM (1-v,) 7y (1*V2)77CHCPe

E™ | Voll7ley,  Ticen, tV2llcker, TTc, ES (24)
EM 0 TlcHer, Ey
EM ValtrTic, Vallcher, e,

EH #23: 1t is similar to previous hub structure, but CHCP
is replaced with CHP. In this hub, electricity, heat, and
compressed air are provided by the following mathematical
formula:

EM| [(1-vy)mr

(1-V2)7Ichp, gin
t e
B |= VolltTle,  Mlcwm, +Vallchp, Tlcy, {Ei”} (25)
t 9
E" VollrTic, VollcHr, Mca

EM (L-v)m
EM | Velhiic,

E(?Ul 0

Vi (1-v,) TIcHer,
VifTcron, *+ViVallcron, e, + (1 V1) 7ige {Eem }

in
Eg

ViflcHer,
E Vol Tic,
(26)

EH #25: This hub produces electricity, heat, and cooling
from electricity and natural gas as follows:

ViVallcHer, e,

t

EJ (1-vy)mr "1(1*V2)’7CHPE in
t e

B |= Vartrfie,  Vallewm, +VaVollchr, Tic, + (1-v)76e {Ei”} (27)
t g

E. Vallric, ViVallchr, Tlc,

EH #26: Three forms of energy (i.e., electricity, heat,
cooling, and compressed air) can be provided by using
electricity, natural gas, and heat. The mathematical
expression of the hub is as below:

EM | [(X-vo)mr (1Y, ) 7icrice, gin
e

EM | VelltTley, Tlcem, T ValicHer, My TTHE gin (28)
pout N 0 g
C

EM VolirTic,

TIcHer, Ein
Vallcher, e, 0 "

EH #27: In this hub, by employing electricity, natural gas,
and heat, electricity, heat, and compressed air are generated
via transformer, CHP, compressor, and heater exchanger as
follows:

EX | [ (@-va)mr (1=v2) e, o | E
Ex" |= Vollrfic,  Mewm, tVollchr,lc,  "THE Eg (29)
E3" VolirTic, VallcHr, T, 0 | gPr

EH #28: It includes five types of converters which are
transformer, CHCP, compressor, gas furnace, and heater
exchanger and the energy conversion of it is formulated as
follows:

EM Q=vy)m Vi (1_V2)77(:Hcpe

EnN
E | VellrTle,  Vallcen, +ViValicher, Tley, (Q-vi)nee e gin
= g
EM 0 ViTIcHeR, 0 o
out Eh
E, VallrTic, ViVallcher, Tlc, 0
(30)

EH #29: The structure of the hub is similar to previous
hub; however, CHCP is replaced with CHP in this hub. The
mathematical formulation of it can be stated as below:

E" (1-v) 7 Vi (1*V2)’7CHPe o|E"

Ex' |= Volir i, Villcwm, +VaVallcwm, Ticy, t+ (L-vi)6e e Eé”

E3" Vallrfic, ViVoTlcHr, e, 0 ||gn
(31)
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FIGURE 2. The hub structures given in [41].

B. COST MODELS OF ENERGY SOURCES
The energy hub models consist of three input energy carriers
(i.e., electricity, natural gas, and heat). The cost model of
each energy carrier is calculated separately.

(i) Cost model of thermal generating units
In thermal generating units, the classical generation cost
function is defined as a quadratic cost function in Eq. (3)
that depends on the generated output active power [41, 43].
Here, a;, b;, and c; represent the cost coefficients of the j™

thermal generating unit, P; shows the output power of j"

thermal generating unit, and N is the total number of
thermal generating units. In this study, the valve point
effect has been taken into account when calculating the
generation cost of the electrical energy carrier. The cost of
the electrical energy carrier is calculated by Eq. (33). Here,
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d;. and e;. are the cost coefficients of the valve-point effect
for electrical carrier of the j™ source, M and Ein™" are

respectively the energy production of j™ source and the
minimum value of energy production of j™ source, CF,

denotes the total energy cost of the electrical energy carrier,
and N, is the total number of electrical energy carriers.

N 2
CF =Z(aj+bjpj+°J(Pj) ) (32)
j=1
Ne | @0 +0; o Els+Cje (E}ﬁ‘e)z +
CF, = T (33)
=1 ‘dj’e sin (ei'e (E}f‘é’"'” -EJ, ))‘
(ii) Cost model of natural gas and heat energy carriers
9
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The energy production cost of natural gas and heat is
calculated according to the classical generation cost of the
thermal generating units given in Eqg. (32) [41]. The cost
models of the natural gas and heat are given in Eq. (34) and
Eq. (35), respectively. Here, CFyand CF, represent the total

energy cost of the natural gas and heat energy carrier,
respectively, are the energy production of j" natural gas
source and the energy production of j" heat source,
respectively. Ny and N, are the total number of the natural

gas and heat energy sources.

Ng

, L2
CFy ZZ(aj,g +b; 4Eflg +Cjg (E;ng) ) (34)
=1
& in in 2
CF, =Z(aj'h+bj’th'h+ijh(Ejyh) ] (35)

j=1

C. OBJECTIVE FUNCTIONS

Objective  functions evaluated in this study are
minimization of total EH cost, minimization of total EH
loss, and minimization of total EH cost and loss.

1) MINIMIZATION OF TOTAL ENERGY COST

The aim of this problem is to minimize the total energy cost
of energy hub while satisfying various constraints [41]. The
cost of all energy carriers (i.e., electricity, wind energy,
solar energy, natural gas, and heat) used at the input port of
energy hub structures is considered. Their costs are
calculated separately and the total cost is the sum of the
costs of all energy carriers given in Eq. (36-40). The cost
function is:

Nhub
OF, = D (CFyp +CFy +CFypy +CFy +CFy ) (36)

m=1

where OF, represents the objective function and N, is the
total number of energy hub structures.

2) MINIMIZATION OF TOTAL ENERGY HUB LOSS

The loss is defined as the difference between the input and
output energy of a system. The objective is to minimize the
energy losses for whole energy carriers in all energy hubs
and it can be mathematically expressed as [41]:

"o in out
OF, = Z Z (Em,i - Em,n) (37)
iefe,g.hw,;s} m=1
nefehc.a}
where OF, represents the objective function, Egp

represents the output energy of the energy hubs for output
energy carrier n.

3) MINIMIZATION OF TOTAL ENERGY COST AND HUB
LOSS

The objective of this problem is minimizing the total energy
hub cost and loss, simultaneously. It is a multi-objective
problem and is converted into a single-objective problem
given in Eq. (38) [41]. Here, OF; represents the objective

VOLUME XX, 2017

function, EZ™" s the demand value for output energy
carrier n.
OF,
OF, =OF, 1+7Z o (38)
nefehc.a}

D. CONSTRAINTS OF THE PROBLEM

1) EQUALITY CONSTRAINTS

In this study, equality constraints of the objective function
is described as the balance between the generated energy at
the output of energy hubs and the demands. It can be
mathematically explained as [41]:

Nib out demand
E..=E ,
~ m,n n

2) INEQUALITY CONSTRAINTS
The inequality constraints of the problem can be classified
as two sub-sections.

(i) Operating constraints of energy hubs: The minimum and
maximum limits of the all energy carriers are expressed as
follows [41]:

ne{ehc,a} (39)

Eijrfi'mi” < Eifi < Eij’fi'max, ie{e,g,hws}and j=1,..n (40)

(if) Constraint of dispatch factors: All dispatch factors used
for energy hubs should satisfy the following constraint [41]:

O<v,<land 0<v,<1 (41)

ll. METHOD

This section is divided into three sub-sections to increase the
clarity of the proposed FDB-LSHADE algorithm used in this
study. First sub-section presents the explanation of the
LSHADE algorithm. Then, in the second sub-section, the
FDB selection method is explained. In the last sub-section,
the proposed FDB-LSHADE algorithm is explained.

A. OVERVIEW OF LINEAR POPULATION SIZE
REDUCTION SUCCESS HISTORY BASED ADAPTIVE DE
(LSHADE)

LSHADE is the extend version of SHADE [44] with Linear
Population Size Reduction (LPSR) strategy. In LPSR, the
population size is decreased continuously according to a
linear function. Similar to the other evolutionary
algorithms, LSHADE begins with a initial population p°.
Each j™ component (j=1,2,..., D) of the i" individuals
(i=1,2,...,NP) in the P° is defined as [2, 3]:

x%i =x; . +rand (0,1).(xij —xij) (42)

where rand (0,1) is the a uniformly distributed random
number between [0,1)].

In LSHADE, a historical memory with H entries are
maintained with control parameters F, CR, Mg, Mg
F €[0,1] is scaling factor controlling the magnitude of the
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mutation operator and CR [0,1] is the crossover rate. At
the beginning, Mcz and My, (k=1,...,H) aresetto 0.5
and each generation G, F;, and CR; for each x; are
generated by randomly selecting an index r; from [1, H].
Then, F and CR; are determined by Eq. (43) and (44),
respectively. If the generated F, value is out of its
boundary values, Eq. (43) is repeatedly until the value are
produced within the limits. When generated CR; values is
out of [0, 1], it is replaced with the limit value (0 or 1)
which is closest the generated value [13].

F, = randc; (MF,rl , 0.1) (43)

0, if Mgg,, =L

CR, = _ (44)
randn; (MCR,n , 0.1), otherwise

In the process following the setting of the control
parameters, a mutant vector viG is generated according to
Eq. (45) for each target vector x° at generation G. For

mutation process, DE/current-to-pbest/1/bin  mutation
strategy is used, which was proposed in JADE [45]. Here,
I, I, are randomly chosen indices from the population,

xgbest is the best individual vector which has the best

fitness value in the population at generation G. FiG is the

mutation scale factor which controls the magnitude of the
difference vector [13].

V& =X+ F (G X )+ FE (S -5 (45)

For each dimension j, if the mutant vector element vE
is out of the upper and lower boundaries [x'}“”,xmax}, the

correction given in Eq. (46) is performed.

min G £ G min
(xj +xj,i)/2 if Vi <Xj

Vo =
I .
{(xj"ax +iji)/ 2 if v§; > X

(46)

After generating the mutant vector v is crossed with

the target vector x® and the trial vector u® is generated
using the following scheme [13]:
u (47)

. {vfi, if (rand <CF; Of j = jrang)
T

x,., otherwise

where rand is a uniformly distributed number in the
interval (0,1), the crossover rate Cr «[0,1]controls the how

many components are inherited from the mutant vector,
Jrang @ uniformly distributed number in the interval [1, D].

After all of the trial vectors are generated, a selection
process determines the survivors for the next generation. If

and only if fitness function value of u® is equal to or better
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than x° , then u® issetto x°**. On the other hand, the old

vector x° is reserved. The selection scheme is for a
minimization problem as [13]:

XiG+1={uiG'f(uiG)S f(xiG) (48)

xZ, otherwise

In LSHADE, in order to maintain the diversity, external
archive A is used. At generation G, target vectors x°
which is worse than the trial vectors u® are preserved. At
anytime, the size of archive exceeds the predefined
maximum size, randomly selected individuals are removed
in order to make space for newly inserted ones.

The last part of the LSHADE is Linear Population Size
Reduction method. In LPSR, the population size decreases
with a linear function given in Eq. (49). Here, max FEs is
the maximum number of fitness evaluation, FE is the
current number of fitness evaluation, N'™ s the initial
population size, and N™" is the minimum number of
population size. According to Eq. (49), the population size
at generation 1 is N"™ and the population is N™" at the
end of the generation [13].

max FEs

min init
NG+1 = round |:(N_N] *FE+ N init:| (49)

Finally, the pseudo code of LSHADE algorithm is
shown in Algorithm 1 [13].

Algorithm 1. The pseudo code of LSHADE algorithm.
1. G=1Ng=N" Archive A=;

2. Initialize population Py =(X g .- Xy 6 )
3. Setallvaluesin Mg, Mg t00.5;

4. while the termination criteria is not met do
5. Se =0, Ser =9;

6. for i=1to N do

7. r; = Select from [1,H] randomly;
8. if Mer,; =L then

9. CRic =0

10. else

11. CR; g =randn; (Mcg,; , 0.1);
12. end if

13. FCRc =Mecp s

14. Generate trial vector uZ according to Eq. (45).
15. end for

16. fori=1to N do

17. if f(u®)< f(x®) then

18. X =uf;

19. else

20. X2 = x8;

21. end if

22. if f(u®)<f(x?) then

23. xC — A
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Algorithm 1. (continued)

24. CRi¢ = Scrs Fig = Sk
25. end if
26. end for

If necessary, delete randomly selected individuals
27. from the archive such that the archive size is \A\
28. Update memories Mg and Mg

29. Calculate Ng,; according to Eq. (49).

30. if NG < NG+1 then
Sort individuals in P based on their fitness values

31 and delete worst Ng — Ng.; members;

32. Resize archive size |A| according to new |P|
33. end if

34. G++

35. end while

B. OVERVIEW OF FITNESS DISTANCE BALANCE (FDB)
Fitness Distance Balance is a selection method developed
by Kahraman et al. in 2020 [14] in order to improve the
search performance of the MHS algorithms. The selection
method is important for the performance of MHS
algorithms as it enables the selection of the solution
candidates that will guide the search process in the most
effective way and determine the direction of the search
correctly. Selection methods used in the algorithms can be
classified into three different categories: the greedy
selection method, the random selection method, and the
probabilistic  selection method (roulette wheel and
tournament method). The greedy selection method is the
method in which the solution candidate with the highest
fitness value is selected among the solution candidates in
the population. In the random selection method, the
solution candidates are randomly selected from the
population. In the probabilistic selection method, the
probability of selecting individuals in the population
according to their fitness values is determined. For this
reason, the individual with the highest fitness value is likely
to be selected. The most common used probabilistic
selection methods are roulette wheel and tournament
methods [14], [46], [47].

Indeed, FDB is a greedy selection method. The most
important difference of FDB from other selection methods
is that the score values of the solution candidates are
calculated and the selection process is carried out according
to the score values. That is, the FDB scores are taken into
account instead of the fitness values of the solution
candidates. Besides, with this method, the selection of a
solution candidate that is very close to the best solution in
the population is prevented. Thus, it contributes to the
solution of the problem of premature convergence, which is
frequently encountered in the MHS process. In the FDB
score calculation, the distance and fitness value of the
solution candidate to the best solution ( X, ), which has

the best fitness value in the population, are taken into
account. Accordingly, the FDB scores of the solution
candidates in a population are explained below [14]:
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(i) The fitness value of each solution candidate in the
population (P) is calculated. The dimension of the problem
is n, and m is the number of solution candidates in the
population. The it candidate is denoted as

X; :[xl[i],xzm,...,xn[iﬂ. The vector of population P and the
fitness values F of the solution candidates is as follows:

X1 Xin
P=| i (50)
Xmp = Xmn mxn
f1
F=| (51)
m Imx1

(if) The Euclidean distance of each solution candidate X;
fromthe X, Is calculated by Eq. (52).

(Xl[i] - Xl[best] )2 + (XZ[i] - X2[best])2 NI

inllVPi ' DP, = (52)

+ (Xn[i] - Xn[best] )2

(iii) Dp is the distance vector for the population P can be
expressed as:

dl
DP=| : (53)
d

m Imx1

(iv) The other parameter used when calculating the FDB
score is the fitness value. The fitness values of the solution
candidates are represented by the vector F and are given in
the Eq. (51). The distance and fitness values should be
normalized so that they do not dominate each other in the
score calculation. normF and normD, represent the

normalized fitness and distance values of individuals,
respectively. In the score calculation, normalized fitness
and distance vectors are used. FDB score calculation of it"
solution candidate is given in Eq. (54). The w is the weight
coefficient which denotes the effect of fitness and distance
values on FDB score and its value is changed in the range
of [0, 1] . If the value of w is equal to 1, the fitness value
effect is dominant in the score value. In this case,
exploitation effect can be seen in the search process. On the
contrary, if the value of w is equal to O, the score value
depends only on the distance value. Thus, the solution
candidate farthest from R, is chosen in the population.
Thanks to this, exploration capability for MHS algorithms
is provided. As a result, w is a dynamic parameter and has
the important function of balancing between exploration
and exploitation.

i1 VP, Sg =w*normF, +(1-w)*normDg (54)
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(v) The score vector (S ), which represents the FDB score
values of the solution candidates, is given in Eq. (55).

5
Sp=| (55)

Sm mx1

More detailed information about the FDB method can
be obtained from the reference study [14].

C. PROPOSED ALGORITHM: FDB-LSHADESPACMA
In this study, the LSHADE algorithm was examined, which
is a variant of the DE algorithm and is the winner of the
CEC14 Competition on Real-Parameter Single Objective
optimization. FDB is a selection method and provides
efficient selection of reference positions that guide the
algorithms in the MHS process. Therefore, in this study, a
hybrid algorithm called FDB-LSHADE was proposed. The
goal of the study was to improve the search capability and
convergence performance of the LSHADE algorithm. For
this purpose, the solution candidates in the mutation process
were selected by the FDB method.

In Eqg. (45), the mutation strategy of the LSHADE

algorithm was given. In Eq. (45), ngest is the best
individual vector which has the best fitness value in the

G

population at generation G, x’ is the target vector at

generation G, x$ and xS, are the randomly chosen vector,
where r, and r, are randomly chosen indices from the
population. Different combinations were created in
selecting X5, X5, and x5 by using the FDB method.

Among them, the best performance were obtained with

variants when the FDB method was applied to instead of

xS vector and six different FDB-LSHADE variants were

explained in this study. The xSy is the individual with the
highest FDB score among the S, vectors in Eq. (55). The

mathematical models of the FDB-LSHADE variants and
are presented in the Table 1. When the FDB-LSHADE
variants given in the Table 1, there are different values of
the weight coefficient w. In the FDB method, the weight
coefficient w is an important parameter used for the effects
of the candidate’s fitness and distance values on the score
calculation given in Eq. (54) and its value is in the range of
[0, 1]. In FDB-LSHADE variants, there are three different
w value was considered. In Cases 1 and 4, w was taken as a
constant value 0.5. In Case 2 and 5, w was changed with the

function (exp(~FE / maxFEs)) and was changed with the
function (1-exp(~FE / maxFEs)) in Case 3 and 6.

TABLE |
FDB-LSHADE VARIANTS AND THEIR MATHEMATICAL REPRESENTATION

Algorithm  Explanation Mathematical Model of FDB-LSHADE variants

Case-1 In this case, xSpg is used instead of x5 in Eq. (45). w
parameter given in Eq. (54) is selected as 0.5.
In this case, xSpg is used instead of x5 in Eq. (45). w

Case-2 parame.ter given in Eq. (54) is a dynamic parameter and is ViG _ XiG + FiG-(Xg’best _ XIG) + FiG '(XI?DB _ ngz) (56)
determined by the (exp(—FE / max FEs)) .
In this case, xSpg is used instead of x5 in Eq. (45). w

Case-3 parameter given in Eq. (54) is a dynamic parameter and is
determined by the (1—exp(~FE / max FEs)) .

Case-4 In this case, XEDB(rouIenewheel) is used instead of xS in Eq.
(45). w parameter given in Eq. (54) is selected as 0.5.
In this case, XEDB(mu,ene wheel) 18 used instead of xS in Eq.

Case-5 . . . . G_,6_ G (,6 _.,G G (G _ G

ase (45). w parameter given in Eq. (54) is a dynamic parameter ;> =x’ +F .(prest Xi )+ Fi™ | XFoa(routette wheet) — Xr2 (57)

and is determined by the (exp(—FE / max FEs)) .
In this case, XEDB(mu,ene wheel) 18 used instead of x§ in Eq.

Case-6

(45). w parameter given in Eq. (54) is a dynamic parameter
and is determined by the (1-exp(—FE / maxFEs)) .

The pseudo code of the proposed FDB-LSHADE method
is given in Algorithm 2. The FDB method is applied in the
selection of given in line 14 of Algorithm 2. In the FDB-
LSHADE algorithm, the mutation operator is applied using
Eqgns. (56) and (57) which FDB-LSHADE variant is used, as
given in the line 15 of Algorithm 2.
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Algorithm 2. The pseudo code of FDB-LSHADE algorithm.

1 G=1,Ng=N"™ Archive A=;

Initialize population Py = (X .- Xy g );

2
3. Setall values in Mg, Mcg 100.5;
4 while the termination criteria is not met do
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Algorithm 2. (continued)

5. Se =D, Sep = @;

6. for i=1to N do

7. r; = Select from [L,H] randomly;

8. if Mg, =L then

9. CR=0;

10. else

11. .

CR; g =randn; (Mcg,;, 0.1);

12. end if

13. FCRG =Mgcp ;s

14. Select the xS according to FDB-LSHADE for Case-1,
Case-2, Case-3, Case-4, Case-5, and Case-6 given in
Table 1.

15. Generate trial vector uiG by using Eq. (56) for Case-1,
Case-2, Case 3 is used, and Eq. (57) for Case-4, Case-
5, Case-6 is used.

16. end for

17. for i=1to N do

18. if f(u)< f(x®) then

19. G =8,

20. else

21. xC* = xC;

22. end if

23. if f(u®)<f(x%) then

24. X - A

25. CRig = Scr: Fig = Sk

26. end if

27. end for

28. If necessary, delete randomly selected individuals

from the archive such that the archive size is |A|.

29. Update memories Mg and Mg

30. Calculate Ng,; according to Eg. (49).

3L if NG < NG+1 then

32. Sort individuals in P based on their fitness values
and delete worst Ng — Ng,; members;

33. Resize archive size |A| according to new |P|

34. end if

35. G++;

35.  end while

IV. EXPERIMENTAL SETTINGS

A comprehensive experimental study was carried out in order
to test and validate of the proposed FDB-LSHADE
algorithm. The experimental study settings are given below:

e The settings of the MHS algorithms given in their
original articles were taken into account.

e The stopping criterion was used as the maximum
number of fitness evaluations (maxFEs) to evaluate the
all algorithms under equal conditions. Its value was set
to 10000*Dim and Dim is the dimension of a problem.
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e In order to compare the performance of the algorithms,
two mostly used benchmark test suites, CEC14 and
CECL17, were used.

e Performances of the MHS algorithms change with the
different dimension of the problem. CEC14 and CEC17
test functions were tested in 30, 50, and 100 dimensions.

e The MHS algorithms were run 51 times.

e Two mostly used statistical tests methods, Wilcoxon
and Friedman, were applied to examine the performance
of proposed methods. Wilcoxon test was conducted for
a 5% level of significance.

e The experimental studies were implemented in
MATLAB® R2016b and run on Intel® Core™ i5-CPU
@ 2.90 GHz, 8 GB RAM, and x64-based processor.

The information about the CEC14 and CEC17 test
functions given in Table 2. In Table 2, number of test
functions in benchmark suites, types and search range of the
test functions, and dimension of the problems are given.

In order to test and verify the performance of the proposed
FDB-LSHADE algorithm, 8 competing MHS algorithms and
the base LSHADE algorithm were used in the experimental
studies. The parameter settings of the MHS algorithms used
in the study are given in Table 3. In determining the
parameters of the algorithms, the settings given in their
original articles were taken into account.

TABLE 1l
INFORMATION OF BENCHMARK TEST SUITES
Number . .
Title of test Function types Search Dimension
functi range (D)
unctions
CEC14 29 Unimodal
Multimodal
Hybrid [-100, 100] 30, 50, 100
Composition
CEC17 29

V. RESULTS AND ANALYSIS

This section consists of three sub-sections. In the first sub-
section, the performance of the FDB-LSHADE variants was
analyzed. For this purpose, six different FDB-LSHADE
variations and the LSHADE algorithm were compared in
order to determine the most effective variations of the FDB-
LSHADE. In the second sub-section, experimental study was
carried out to compare the performance of the proposed
FDB-LSHADE algorithm and other MHS algorithms.
Therefore, 8 up-to-date and most frequently used MHS
algorithms were chosen. In the last experimental study, the
EHED problems were solved using the FDB-LSHADE
algorithm. The results obtained from the proposed algorithm
were compared to the results of the other optimization
algorithms and competing MHS algorithms.
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TABLE Il
PARAMETER SETTINGS OF THE META-HEURISTIC ALGORITHMS
Algorithm Year Parameter Settings
MPA [24] 2020 number of search agents (n) = 25, the probability of fish aggregating devices (FADs) effects = 0.2
EO [23] 2020 number of particles = 30, a; =2, a, = 1, generation probability (GP) = 0.5
AEFA [21] 2019 population size (N) = 20, initial value of Coulomb’s constant (Ko) = 500, a = 30
AEO [22] 2019 population size = 50
SDO [20] 2019 market size (n) =50
AGDE [19] 2019 population size (NP) =50, p=0.1
SSA[18] 2017 salp population size = 30
MFO [17] 2015 number of moths (n)= 30, r linearly decreases from -1 to -2
LSHADE [13] 2014 minimum population size = 4, maximum population size = 18 * dimension, archive rate = 1.4, memory

size=5,p=0.11

A. DETERMINING THE BEST FDB-LSHADE ALGORITHM
ON BENCHMARK SUITES

This sub-section provides the information about the
experimental studies for determining the best FDB-
LSHADE variant. Statistical analysis were performed
among the LSHADE algorithm and six FDB-LSHADE
variants (Case-1, Case-2, Case-3, Case-4, Case-5, and
Case-6).

1) STATISTICAL ANALYSIS

In this section, firstly, the search performance of the
LSHADE algorithm and the FDB-LSHADE variants were
analyzed using Friedman test on CEC14 and CEC17
benchmark problems and for three dimensions (D=30, 50,
100). Using two benchmark suites and three dimensions, six
experiments were carried out. The results of Friedman test
rankings are given in Table 4. According to Friedman test
rankings given in Table 4, the FDB-LSHADE variants
achieved the better score than the LSHADE algorithm in the
six experiments. The last column of the Table 4 gives the
mean ranking information obtained by the algorithms for the
six experiments. The Case-2 variation performed more
successful performance than the other variants of the FDB-
LSHADE algorithm and the LSHADE algorithm and ranked
first in mean rank value. The best Friedman score obtained
for each experiment in Table 6 is indicated by bold text.

Besides Friedman test, the Wilcoxon test, which allows
pairwise comparison between algorithms, was made between
the LSHADE algorithm and the each variant of the FDB-
LSHADE algorithm. The results of the analysis obtained
from a total of 58 different test functions are given in Table
5. “Case-1 vs. LSHADE” represents for the pairwise
comparison between the LSHADE algorithm and the FDB-
LSHADE variant. The sum of the numbers given in each cell
refers to the total test function of its benchmark. In each cell,
three different scores are given. For instance, in the third cell
given in Table 5, a result of 19/9/1 is given. This experiment
was conducted between the LSHADE and Case-5 in the
CEC14 benchmark suite for D=50. This scores showed that
the LSHADE algorithm lost against Case-5 in 19 of 29 test
functions, obtained similar results to Case-5 in 9 test
functions, and performed better result in 1 problem.

According to the Wilcoxon pairwise test results given in
Table 5, the performance of the FDB-LSHADE variants was
superior to the LSHADE algorithm in the CEC14 and
CEC17 benchmark suites. For example, the pairwise
comparison results for D=100 between the LSHADE and
Case-5, the results of Case-5 and the LSHADE were 17/11/1
and 23/6/0, respectively. That is, Case-5 was showed better
results in 40 of 58 problems. The pairwise comparison results
clearly showed that the FDB based LSHADE variants were
stronger than the LSHADE algorithm.

TABLE IV
FRIEDMAN TEST RANKING OF THE FDB-LSHADE VARIATIONS (CASES 1, 2, 3, 4,5, AND 6) AND LSHADE.

Algorithms D=30 D=50 D=100 Mean

CEC14 CEC17 CEC14 CEC17 CEC14 CEC17 Rank
Case-5 3.8053 3.5166 3.4675 3.2975 3.6102 3.5865 3.5473
Case-6 3.8161 3.5696 3.6988 3.5554 3.7025 3.5974 3.6566
Case-4 3.7539 3.6264 3.5294 3.5734 4.1021 3.4304 3.6693
Case-1 3.8377 3.9371 4.0409 4.0270 3.8844 3.9111 3.9397
Case-3 3.8002 4.2143 4.1981 4.1352 3.6521 4.3012 4.0502
Case-2 4.4287 4.5149 4.4858 4.6339 45822 4.3026 4.4913
LSHADE 45581 4.6210 45794 47776 4.4665 4.8709 4.6456

2) CONVERGENCE ANALYSIS

The convergence curves of the LSHADE algorithm and
FDB-LSHADE variants are given in this sub-section. In
order to show the convergence performance of the
algorithms, four different types of problems were selected
from the test functions in CEC14 benchmark suite, which
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are the F1 (unimodal), F6 (multimodal), F11 (hybrid) and
F21 (composite) types. Convergence graphs of the
LSHADE and the FDB-LSHADE variants are given in Fig.
3.

In Fig. 3 (a), (b), (c), the convergence curves of the
unimodal-type F1 problem for D=30, 50, 100 dimensions
are given. When the convergence curves were examined,
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TABLE V
WILCOXON TEST COMPARISON RESULTS FOR FDB-LSHADE VARIATIONS AND LSHADE

vs. LSHADE D=30 D=50 D=100

+/=/- CEC14 CEC17 CEC14 CEC17 CEC14 CEC17
Case-5 15/14/0 16/13/0 19/9/1 23/6/0 17/11/1 23/6/0
Case-6 16/13/0 15/14/0 18/10/1 19/10/0 16/12/1 23/6/0
Case-4 18/11/0 15/14/0 19/9/1 20/9/0 16/12/1 23/6/0
Case-1 16/13/0 14/15/0 15/13/1 15/14/0 16/11/2 18/11/0
Case-3 15/14/0 12/17/0 17/11/1 19/10/0 18/10/1 18/11/0
Case-2 10/19/0 11/18/0 13/14/2 13/16/0 10/15/4 17/10/2

the convergence rate of the LSHADE was better than its
competitors in  low-dimensional problems (D=30).
Moreover, among the FBD-LSHADE variants, the
performance of the Case-6 is better than the others in D=30
dimensions. However, the performance of the LSHADE
algorithm  deteriorated as the problem dimensions
increased. For D=50, 100 dimensions, Case-5 had the best
convergence rate among the variants.

In Fig. 3 (d), (e), (f), the convergence curves of the
multimodal type F6 problem or D=30, 50, 100 dimensions
are given. For D=30 dimensions, the convergence rate of
the LSHADE was worse than the variants of the FDB-
LSHADE. Moreover, the convergence rate of the FDB-
LSHADE variants close to each other; however, Case-2 and
Case-5 were more successful in terms of amount of
convergences. For large dimensional problems (D=50,
100), Case-5 had the best convergence performance against
the LSHADE and the FDB-LSHADE variants. When the
performances of all dimensions were evaluated, it was seen
that Case-5 was the most suitable algorithm for solving
multimodal problems compared to its competitors.

In Fig. 3 (9), (h), (i), the convergence curves of the
hybrid-type F11 problem or D=30, 50, 100 dimensions are
given. For all dimensions, Case-5 had a good convergence
rate against the variants of the FDB-LSHADE and the base
LSHADE algorithms. Furhermore, according to the amount
of convergence, it was clearly seen that Case-5 were more
successful among them.

In Fig. 3 (j), (k), (I), the convergence curves of the
composite-type F21 problem or D=30, 50, 100 dimensions
are given. In the composite-type problems, Case-5 had a
superior performance to their competitors in terms of
convergence rate and amount for all dimensions.

Consequently, the effect of FDB method on the
LSHADE for different types of the problems were
evaluated. According to experimental studies, with the
application of the FDB method, the exploitation,
exploration, and balanced search capabilities of the
LSHADE had improved. Case-5 was the most successful
among the FDB-LSHADE variations and will be referred to
as FDB-LSHADE in the following sections.
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FIGURE 3. Convergence curves of algorithms for unimodal / multimodal / hybrid / composition problem types in CEC14 (D = 30, 50, 100)
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FIGURE 3. (continued)

B. COMPARISON OF FDB-LSHADE AND MHS
ALGORITHMS

In this section, the performance of the FDB-LSHADE
algorithm was tested, validated, and compared to competing
MHS algorithms. Using CEC14 and CEC17 benchmark
suites, the performance of the proposed FDB-LSHADE
algorithm were compared to the base LSHADE algorithms
and 8 of the powerful and up-to-date MHS algorithms. The
parameter settings of the competing algorithms were same
as the its original paper and datailed information was given
in Section 4. In the following two sub-sections, the
statistical analysis and convergence analysis of the
algorithms are given.

1) STATISTICAL ANALYSIS

Number of fu

k) F21 (Compos

In order to evaluate the data obtained from the propsosed
FDB-LSHADE algorithm and competing MHS algorithms,
Friedman test was used. Using three dimensions (D =30,
50, 100) and two benchmark suites, six experiments were
conducted for 58 problems. The Friedman rankings of the
competing algorihthms and proposed algorithm are given in
Table 6. The best Friedman score obtained for each
experiment in Table 6 is marked in bold. In the last column
of the Table 6, the mean rank score value obtained by the
algorithms for the six experiments are given. When the
Table 6 was examined, the FDB-LSHADE algorithm gave
the best score value than the competing algorithms.
Consequently, the FDB-LSHADE algorithm outperformed
its competitors in all experiments and had the best mean
rank value.

TABLE VI.
FRIEDMAN TEST RANKS OF THE FDB-LSHADE AND THE COMPARED ALGORITHMS

Algonthms D=30 D=50 D=100 Mean

CEC14 CEC17 CEC14 CEC17 CEC14 CEC17 Rank
FDB-LSHADE  2.5433 1.9104 25859  1.7928 2.8367 1.7542 2.2372
LSHADE 2.7948 2.1913 28813  2.1910 3.0497 2.1163 2.5374
AGDE 4.8685 3.8168 5.2863  4.2911 6.0247 4.7326 4.8367
MPA 49919 4.9983 55578  5.4980 5.6031 6.1748 5.4706
AEFA 6.3222 5.8624 5.8435 5.1971 5.4912 4.7870 5.5839
SDO 5.1271 6.0368 5.1427 6.1856 5.1271 6.2985 5.6530
AEO 5.2657 7.1193 5.1028  7.0957 4.9080 6.9821 6.0789
EO 6.1217 6.1761 6.2123  6.1457 6.0690 5.8171 6.0903
SSA 7.6934 7.5122 7.1748  7.1051 6.6359 6.7874 7.1515
MFO 9.2715 9.3763 9.2126  9.4980 9.2546 9.5500 9.3605
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The Wilcoxon signed-rank test was used to conduct a
pairwise comparison between the FDB-LSHADE and the
competing algorithms. The pairwise comparison results
between the FDB-LSHADE and its competitors are given
in Table 7. The sum of the scores given in each cell in
Table 7 show the number of test problems, where the FDB-
LSHADE lost against its competitor, it performed similar
performance  with  competing algorithm, and it
outperformed the its competitor, respectively. When the
pairwise results between the FDB-LSHADE and the
LSHADE algorithms, in the first cell of the first row, the
FDB-LSHADE performed similar result in 14 problems,
and was superior in 15 problems. AGDE algorithm was
ranked third in the Friedman test in terms of mean rank

value. The pairwise comparison results between FDB-
LSHADE and AGDE algorithms show that the FDB-
LSHADE failed the 2 of the 58 problem for D=30
dimensions, 1 of the 58 problems for D=50 dimensions, and
2 of the 58 problems for D=100 dimensions.

Consequently, the Friedman and Wilcoxon test results
showed that the FDB-LSHADE algorithm was superior to
its competing algorithms. According to experimental
results, it was clearly shown that the performance of the
MHS algorithm changed with the problem types and
problem dimensions. With this motivation, in this study, it
is aimed to propose a competitive algorithm to the
literature.

TABLE VII
WILCOXON TEST COMPARISON RESULTS FOR COMPARED ALGORITHMS AND FDB-LSHADE

vs. FDB-LSHADE D=30 D=50 D=100
+=I- CEC14 CEC17 CEC14 CEC17 CEC14 CEC17
LSHADE 0/14/15 0/13/16 1/9/19 0/6/23 1/11/17 0/6/23
AGDE 1/4/24 1/4/24 0/4/25 1/2/26 1/2/26 1/2/26
MPA 4/1/24 1/1/27 3/3/23 0/2/27 4/3/22 0/1/28
AEFA 3/4/22 1/1/27 3/3/23 2/1/26 5/4/20 4/2/23
SDO 6/1/22 0/1/28 6/2/21 0/1/28 6/4/19 0/1/28
AEO 6/1/22 0/1/28 6/2/21 0/1/28 6/3/20 0/1/28
EO 2/2/25 0/2/127 2/2/25 0/1/28 2/4/23 0/1/28
SSA 1/1/27 0/1/28 1/1/27 0/1/28 2/2/25 0/1/28
MFO 0/1/28 0/1/28 0/1/28 0/1/28 1/1/27 0/1/28

2) CONVERGENCE ANALYSIS

In this sub-section, the convergence curves of the
competing MHS algorithms and the proposed FDB-
LSHADE algorithm are given. Four different types of
problems were selected from test funcitons in CEC17
benchmark suite, which were the F3 (unimodal), F5
(multimodal), F12 (hybrid) and F21 (composite) types, to
show the performance of the algorithms. The convergence
curves were drawn for D=30, 50, and 100 dimensions and
are given in Fig. 4.

The convergence curves of unimodal-type F3 problem
are shown in Fig. 4 (a), (b), (c). According to graphs for
low dimensional problems (D=30), the error values of the
FDB-LSHADE, the base LSHADE, and AGDE algorithms
decreased to 10°%%. For D=50, while the error values of the
competing algortihms except the LSHADE were
approximately 10° the FDB-LSHADE algorithm had the
best minimum error value with 10'® compared to
competing algorithms. However, for D=100, the only
algorithm with the error value less than 10 was the FDB-
LSHADE algorihm. These results indicated that the
exploitation ability of the FDB-LSHADE algorithm was
superior to competing algorithms.

For multimodal-type F5 problem, the convergences
curves of the algoritgms are given in Fig. 4 (d), (e), (f).
Multimodal-type problems have many local solution traps.
Therefore, the elimination of these traps depends on the
exploration ability of the algorithms. When the Fig. 4 were
examined, depending on the size of the problem, all
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algorithms except the FDB-LSHADE searched successfully
until they reached a certain error value. For low-
dimensional problem, the error values of the both LSHADE
and the FDB-LSHADE wwere lower than the 10
However, the error values of the algorithms were greater
than the 10* for D=30, 50 and 102 for D=100. That is, these
competing MHS algorithms  performed premature
convergence in the multimodal problem space. On the
contrary, the error value of the FDB-LSHADE algorithm
were less than the 10! for D=50 and 10? for D=100. This
results demonstated that the exploration capability of the
FDB-TLABC was stronger than its competitors.

In Fig. 4 (g), (h), (i), the convergence curves of the
algorithms are given for the hybrid-type F12 problem.
Hybrid-type problems are used to test the balanced search
capabilities of the algorithms. When the convergence
curves of the algotihms were analyzed, The FDB-LSHADE
exhibited a performance relatively superior to its
competitors.

In Fig. 4 (j), (k), (I), the convergence curves of the
algorithms are shown for the composite-type F21 problem.
Composite type problems are the highly complexity
problem types and are more difficult to optimize than
others. When the graphs were analyzed, the error values of
the FDB-LSHADE algorithm were less than the its
competitors.

In summary, the results of the examination of the
convergence curves indicated that the FDB-LSHADE had
powerful  exploitation and exploration capabilities.
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FIGURE 4. Convergence curves of algorithms for unimodal / multimodal / hybrid / composition problem types in CEC17 (D = 30, 50, 100)

C. DETERMINING THE BEST METHOD FOR SOLVING
THE EHED PROBLEMS

In this study, the proposed FDB-LSHADE, AGDE, MPA,
AEFA, SDO, EO, AEO, SSA, and MFO algorithms were
applied to the EHED problems. The test system is highly
complex, non-linear and non-convex and high-dimensional
with 103 control variables. In this test system, 76 of the
control variables are belongs to the sources including 27
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electrical sources, 34 gas sources, and 15 heat sources, and
the remaining control variables are the dispatch factors of
the energy hub structures. The demand values including the
electricity, heat, cooling and compressed air from the
system are 12 pu, 9 pu, 0.7 pu and 1.2 pu, respectively. The
system data is given in Appendix.

Three objective functions were optimized in this study:
(i) minimization of total energy cost, (ii) minimization of
total energy hub loss, and (iii) minimization of total energy
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cost and hub loss. Three different cases considered as

objective functions were analyzed and the simulation

studies were identified according to the following test

cases.

e Case 1: Optimizing the a cost function including the
cost model of electricity, natural gas, and heat.

e Case 2: Optimizing the energy hub losses

e Case 3: Optimizing a  multi-objective  problem
including energy cost and hub loss, which is converted
to a single-objective problem

1) CASE 1: MINIMIZATION OF TOTAL ENERGY COST

The minimization of the total cost value using the cost
model of electricity, natural gas, and heat is studied in Case
1. The cost function given in Eq. (36) is considered as
objective function to be minimized by proposed FDB-
LSHADE and other MHS algorithms. The optimal
solutions obtained by FDB-LSHADE are given in Table 8
for all cases. Table 9 presents the minimum, maximum,
mean, and standard deviation values of the FDB-LSHADE,
LSHADE, MPA, EO, AEFA, AEO, SDO, AGDE, SSA,
and MFO algorithms. According to simulation results for
Case 1, the total cost values of the FDB-LSHADE,
LSHADE, MPA, EO, AEFA, AEO, SDO, AGDE, SSA,
and MFO algorithms were 15451.9174 mu, 15502.4706
mu, 16136.2997 mu, 16029.7320 mu, 16068.1563 mu,
17174.2564 mu, 16654.6619 mu, 16200.7135 mu,
16624.3844 mu, and 16693.8318 mu, respectively. That is,
the FDB-LSHADE result was, respectively, 0.3261%,

4.6220%, 7.0527%, and 7.4394% lower than the
simulation results obtained with the other algorithms.

2) CASE 2: MINIMIZATION OF TOTAL ENERGY HUB
LOSS

In this case, minimization of total energy hub loss was
considered. The objective function given in Eq. (37) was
solved by the FDB-LSHADE, LSHADE, MPA, EO,
AEFA, AEO, SDO, AGDE, SSA, and MFO algorithms.
When examined the results of the Case 2 given in Table 9,
the minimum loss value of energy hub was 2.5524 pu,
which was better than LSHADE, MPA, EO, AEFA, AEO,
SDO, AGDE, SSA, and MFO algorithms. Moreover, the
result of the proposed algorithm was, respectively,
1.2157%, 16.8972%, 12.8258%, 3.3680%, 18.3479%,
18.2007%, 16.8920%, 20.4188%, and 7.8569% lower than
the simulation results of the other algorithms.

3) CASE 3: MINIMIZATION OF TOTAL ENERGY COST
AND HUB LOSS

Case 3 represents the minimization of the objective
function, shown in Eq. (38). This objective function is a
multi-objective function converted into a single-objective
function with the Eq. (38). Both minimization of total cost
and hub loss were minimized, simultaneously. The results
obtained by the FDB-LSHADE algorithm was, which was
lower by 0.1481%, 7.6017%, 4.5587%, 5.1479%,
14.3000%, 8.4676%, 6.2594%, 11.8968%, and 10.7170%
than the simulation results of the LSHADE, MPA, EO,
AEFA, AEO, SDO, AGDE, SSA, and MFO algorithms,

0, 0, 0 0, 0,
4.2413%, 3.6046%, 3.8352%, 10.0286%, 7.2217%, respectively.
TABLE VIII
OPTIMAL SOLUTIONS OBTAINED BY THE FDB-LSHADE ALGORITHM FOR ALL CASES

Hub Code Hub Type Entire Energy Case 1 Case 2 Case 3
Al 1 Electricity 0.1000 0.6333 0.1000
A2 1 Electricity 0.4001 0.8774 1.2463
B1 2 Gas 0.5113 0.5000 0.5000
C1 3 Gas 0.3000 0.3271 0.3000
D1 4 Gas 0.3075 0.4393 0.1026
El 5 Heat 0.2100 0.4029 0.2491
F1 6 Electricity 0.9854 0.6433 0.9854
Gas 0.1000 0.1003 0.1000

F2 6 Electricity 1.1267 0.4413 1.1267
Gas 0.9782 0.1000 0.1011

Gl 7 Electricity 0.8666 0.2119 0.1000
H1 8 Electricity 0.2000 0.2000 0.2000
Gas 0.5583 0.2605 0.2000

11 9 Gas 0.2929 0.1591 0.1501
J1 10 Gas 0.2830 0.1001 0.1004
Heat 0.2003 0.2951 0.5000

K1 11 Gas 0.2466 0.2833 0.1021
Heat 0.2000 0.3530 0.4999

L1 12 Gas 0.3415 0.4194 0.3001
M1 13 Electricity 0.1000 0.3516 0.1000
Heat 0.1000 0.4609 0.6275

N1 14 Electricity 0.1000 0.1160 0.1000
Gas 0.5389 0.4592 0.2122

o1 15 Heat 0.2980 0.4052 0.1049
Gas 0.1211 0.1845 0.1002

P1 16 Gas 0.1001 0.2050 0.1000
Q1 17 Gas 0.1001 0.1000 0.1008
Q2 17 Gas 0.2006 0.3876 0.2000
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TABLE VIII
(CONTINUED)
Hub Code Hub Type Entire Energy Case 1 Case 2 Case 3
R1 18 Electricity 0.9543 0.8601 1.6090
Gas 1.3989 0.4500 1.4000
Heat 0.1000 0.4949 0.8982
S1 19 Electricity 0.2000 0.2354 0.2000
Gas 0.2001 0.2271 0.2000
Heat 0.1426 0.4668 0.6998
S2 19 Electricity 0.8852 0.6975 0.8854
Gas 0.1002 0.1000 0.1000
Heat 0.6472 0.2686 0.8998
S3 19 Electricity 0.1000 0.7127 0.1000
Gas 0.1383 0.1052 0.1000
Heat 0.1077 0.4422 0.4617
T1 20 Electricity 0.1000 0.1000 0.1000
Gas 1.1067 0.3000 0.3000
T2 20 Electricity 0.1000 0.4172 0.1000
Gas 1.2847 0.3771 0.3000
U1 21 Electricity 0.1000 0.7202 0.1000
Gas 0.3000 0.4828 0.3000
V1 22 Electricity 0.2000 0.5039 0.2001
Gas 0.8548 0.2777 1.0984
w1 23 Electricity 0.1000 0.5818 0.1003
Gas 0.5589 0.2021 0.2005
W2 23 Electricity 0.3000 0.6613 0.3000
Gas 0.6315 0.1000 0.1002
X1 24 Electricity 0.2000 0.5742 0.2000
Gas 0.2167 0.3749 0.2150
Y1 25 Electricity 1.7953 0.1605 1.7919
Gas 0.7389 0.1005 0.1003
Y2 25 Electricity 0.0000 0.1885 0.0001
Gas 0.1013 0.2725 0.1004
Z1 26 Electricity 0.1000 0.3618 0.1000
Gas 0.1006 0.3638 0.1001
Heat 0.1729 0.1000 0.1000
It 27 Electricity 0.2009 0.4630 0.2000
Gas 0.2174 0.2321 0.2000
Heat 0.1044 0.2055 0.1000
2 27 Electricity 0.1002 0.3454 0.1000
Gas 0.2001 0.2056 0.2000
Heat 0.2097 0.3611 0.2002
yl 28 Electricity 0.0000 0.1487 0.0000
Gas 0.1024 0.3352 0.1001
Heat 0.2000 0.3525 0.2000
1 29 Electricity 0.1213 0.3885 0.7487
Gas 0.1001 0.2043 0.1008
Heat 0.3899 0.2076 0.3680
2 29 Electricity 0.2000 0.2652 0.2000
Gas 0.4046 0.2404 0.1043
Heat 0.1421 0.2988 0.1505
Total cost (mu) 15451.9174 18396.6003 15585.0048
Total loss (pu) 3.1972 2.5524 1.6432
Objective function 15451.9174 2.5524 16679.3993
Computational time (sec) 20.8333 23.7647 24.137

4) LITERATURE COMPARISON, STATISTICAL
ANALYSIS, AND CONVERGENCE ANALYSIS

The results of the proposed FDB-LSHADE algorithm for
the EHED problems and of the TVAC-GSA and SAL-
TVACGSA algorithms lately reported in the literature are
given for Case 1, Case 2, and Case 3 as shown in Table 10.
For Case 1, the minimum cost value obtained by the FDB-
LSHADE algorithm were 15451.9174 mu, which was
1.8758% and 1.7578% lower than the TVAC-GSA and
SAL-TAV-GSA algorithms. The proposed algorithm
obtained a feasible solution with 2.5524 pu for Case 2 was
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lower by 9.8618% and 9.1657% lower than the TVAC-
GSA and SAL-TAV-GSA algorithms. For Case 3, the
minimum objective value of the FDB-LSHADE algorithm
was 16679.3993 mu, which was 8.3522% and 8.2019%
lower than the TVAC-GSA and SAL-TAV-GSA
algorithms.

In this study, three test cases were evaluated by the
FDB-LSHADE, LSHADE, MPA, EO, AEFA, AEOQO, SDO,
AGDE, SSA, and MFO algorithms. In Table 9, the
minimum, mean, maximum, and standard deviation values
of the 30 runs for each test case of all the optimization
algorithms. According to these results, the advantage and

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2022.3185068

IEEE Access

Author Name: Preparation of Papers for IEEE Access (February 2017)

efficiency of the

demonstrated.

FDB-LSHADE

TABLE IX

MINIMUM, MAXIMUM, MEAN, AND STANDARD DEVIATION OF THE
OPTIMIZATION ALGORITHM SIMULATION RESULTS FOR ALL CASES

algorithm  was

Method Case1(mu) Case?2(pu) Case 3 (mu)
FDB- Min.  15451.9174 2.5524 16679.3993
LSHADE Max. 15596.5234 2.7778 16781.9640
Mean 15552.6286 2.7034 16737.2405
Std. 33.6265 0.0601 26.7219
LSHADE Min.  15502.4706  2.5839 16704.1394
Max.  15709.2924  3.0870 16858.1742
Mean 15620.7637 2.8614 16798.1135
Std. 50.3194 0.1138 48.0256
MPA Min.  16136.2997 3.0714 18051.6369
Max. 16874.5086 3.5191 18776.1017
Mean 16571.9775 3.3664 18495.6844
Std. 216.7334 0.1031 223.8660
EO Min.  16029.7320  2.9280 17476.0728
Max. 16623.7445 3.6902 18649.2536
Mean 16390.7493  3.4029 18318.0045
Std. 157.8221 0.2067 281.4384
AEFA Min.  16068.1563 2.6414 17584.6404
Max. 16617.2414 3.6871 18431.7718
Mean 16381.7852  3.2938 18163.9321
Std. 143.5479 0.2494 229.0091
AEO Min.  17174.2564  3.1260 19462.5491
Max. 17825.9834  3.6331 20530.8652
Mean 17595.0326  3.4321 20056.6271
Std. 181.5041 0.1261 338.6445
SDO Min.  16654.6619 3.1204 18222.3973
Max.  17773.2406  3.5567 20476.6467
Mean 17395.0865 3.4223 19768.7873
Std. 301.7858 0.1329 530.4694
AGDE Min.  16200.7135 3.0712 17793.1490
Max. 16686.0392  3.5827 18467.1391
Mean 16502.6359  3.4130 18203.3380
Std. 131.9178 0.1194 180.7200
SSA Min.  16624.3844  3.2073 18931.6512
Max. 17256.7758  3.6962 19701.4896
Mean 17043.9646 3.4784 19421.8350
Std. 174.8428 0.1307 211.3357
MFO Min.  16693.8318 2.7701 18681.4907
Max.  17290.6561 3.6768 19708.0033
Mean 17056.8835 3.3785 19359.5267
Std. 174.7974 0.2271 253.5486

and MFO algorithms, Friedman test was applied on each
test cases and the ranking results of the those algorithms
were given in Table 11. According to Friedman test results,
the FDB-LSHADE was ranked first among the algorithms.
In this sub-section, the convergence curves of nine
different optimization algorithms and the proposed
FDBAGDE algorithm are shown in Figs. 5-7. The
convergence curves given in Figs. 5 -7 clearly showed that
the convergence performance of the FDB-LSHADE
algorithm was better than the others in terms of
convergence accuracy and speed. Consequently, the
convergence curves indicated that the proposed method
outperforms other algorithms in terms of best fitness value,
convergence speed, and robustness for all test models.

TABLE XI
FRIEDMAN TEST RANKS FOR FDB-LSHADE AND THE COMPARED
ALGORITHMS

Algorithms Case 1 Case 2 Case 3 Mean Rank
FDB-LSHADE 1.0000 1.0000 1.0000 1.0000
LSHADE 2.0000 2.0000 2.0000 2.0000
AEFA 3.3333 4.0333 3.3667 3.5778
MPA 3.6667 6.6667 4.8333 5.0556
AEO 5.2667 6.3000 3.8000 5.1222
AGDE 5.7333 4.4333 6.0000 5.3889
MFO 7.7667 6.1333 7.1000 7.0000
SSA 7.3333 9.4667 8.0333 8.2778
EO 8.9000 7.2667 8.8667 8.3444
SDO 10.0000 7.7000 10.0000 9.2333

To evaluate the results

LSHADE, MPA, EO,

of the FDB-LSHADE,

AEFA, AEO, SDO, AGDE, SSA,

The boxplot graphs of the algorithms provide easy
understanding and interpretation of search performances.
Boxplots graphs of the nine competing algorithms and the
FDB-LSHADE algorithm for all case studies are given in
Fig. 8. The examination of the graphs demonstrated that the
minimum, maximum, mean and standard deviation margins
of the FDB-LSHADE and LSHADE algorithms were
reasonable; however, in all cases, the FDB-LSHADE was
able to find better results than the LSHADE. When all five
of the boxplots were examined, it was seen that the FDB-
LSHADE demonstrated more stable and robust search than
its competitors in all three cases.

TABLE IX
COMPARISON OF THE FDB-LSHADE WITH RESULTS IN THE LITERATURE
Case 1 Case 2 Case 3
Hub  Hub Entire AL- AL- AL-
cue Twe Ewgy LA e DR TG e DR TG e DR
M Gsafay 41 Gsa a1 411 Gsa a1

Al 1 Electricity 0.1000 0.1003 0.1000 0.7500 0.7498 0.6333 0.1000 0.1005 0.1000
A2 1 Electricity  0.4003 0.4041 0.4001 0.4000 0.4002 0.8774 0.4035 0.4000 1.2463
B1 2 Gas 0.5003 0.5001 0.5113 0.5006 0.5000 0.5000 0.5000 0.5069 0.5000
C1 3 Gas 0.3227 0.3522 0.3000 0.3000 0.3000 0.3271 0.3421 0.3428 0.3000
D1 4 Gas 0.6367 0.5865 0.3075 0.1001 0.1000 0.4393 0.6036 0.5939 0.1026
El 5 Heat 0.2013 0.2007 0.2100 0.5000 0.4999 0.4029 0.2002 0.2000 0.2491
F1 6 Electricity 0.2001 0.2000 0.9854 1.2500 1.2500 0.6433 0.2004 0.2020 0.9854

Gas 0.1040 0.1074 0.1000 0.1000 0.1000 0.1003 0.1082 0.1160 0.1000
F2 6 Electricity 0.3027 0.3036 1.1267 0.3006 0.3000 0.4413 0.3003 0.3000 1.1267

Gas 1.0780 1.1092 0.9782 1.4000 1.4000 0.1000 1.0619 1.0597 0.1011
Gl 7 Electricity 0.8693 0.8744 0.8666 0.1040 0.1087 0.2119 0.8663 0.8639 0.1000
H1 8 Electricity 0.2127 0.2304 0.2000 0.2000 0.2000 0.2000 0.2387 0.2437 0.2000

Gas 0.2009 0.2002 0.5583 0.2336 0.2231 0.2605 0.2000 0.2000 0.2000
11 9 Gas 0.1762 0.1721 0.2929 0.1500 0.1502 0.1591 0.1740 0.1759 0.1501
J1 10 Gas 0.1959 0.2236 0.2830 0.2703 0.1936 0.1001 0.1947 0.2028 0.1004

Heat 0.2030 0.2039 0.2003 0.4995 0.4991 0.2951 0.2000 0.2000 0.5000
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TABLE IX
(CONTINUED)
Case 1 Case 2 Case 3
o e Ewoy  BOC e Rhoe S D0 Bwer S o S
41 Gsaan 41 Gsafan 41 Gsafan
K1 11 Gas 0.1189 0.1303 0.2466 0.1000 0.1000 0.2833 0.1241 0.1256 0.1021
Heat 0.2007 0.2000 0.2000 0.2000 0.2000 0.3530 0.2000 0.2025 0.4999
L1 12 Gas 0.3003 0.3000 0.3415 0.3001 0.3000 0.4194 0.3008 0.3017 0.3001
M1 13 Electricity 0.1106 0.1169 0.1000 0.2761 0.2778 0.3516 0.1094 0.1134 0.1000
Heat 0.4683 0.4646 0.1000 0.1001 0.1001 0.4609 0.4842 0.5010 0.6275
N1 14 Electricity 0.1005 0.1002 0.1000 0.1513 0.1562 0.1160 0.1018 0.1007 0.1000
Gas 1.6168 1.5558 0.5389 0.2004 0.2000 0.4592 1.5857 1.5754 0.2122
o1 15 Heat 0.5230 0.5023 0.2980 0.1000 0.1000 0.4052 0.5502 0.5193 0.1049
Gas 0.1003 0.1002 0.1211 0.1000 0.1000 0.1845 0.1000 0.1001 0.1002
P1 16 Gas 0.3438 0.3315 0.1001 0.1358 0.1311 0.2050 0.3447 0.3567 0.1000
Q1 17 Gas 0.4830 0.4109 0.1001 0.1000 0.1000 0.1000 0.4272 0.4599 0.1008
Q2 17 Gas 0.2086 0.2139 0.2006 0.2000 0.2000 0.3876 0.2088 0.2063 0.2000
R1 18 Electricity 1.6101 1.6092 0.9543 1.7497 1.7500 0.8601 1.6330 1.6095 1.6090
Gas 0.1010 0.1001 1.3989 1.0879 1.0981 0.4500 0.1000 0.1001 1.4000
Heat 0.2086 0.2074 0.1000 0.8996 0.9000 0.4949 0.2220 0.2167 0.8982
S1 19 Electricity  0.2001 0.2010 0.2000 1.1000 1.0995 0.2354 0.2000 0.2000 0.2000
Gas 0.2031 0.2007 0.2001 0.2002 0.2000 0.2271 0.2016 0.2052 0.2000
Heat 0.1999 0.1895 0.1426 0.4525 0.4611 0.4668 0.2008 0.2103 0.6998
S2 19 Electricity 0.8934 0.8859 0.8852 0.1000 0.1000 0.6975 0.8868 0.8854 0.8854
Gas 0.1058 0.1108 0.1002 0.1000 0.1000 0.1000 0.1128 0.1116 0.1000
Heat 0.1121 0.1172 0.6472 0.1001 0.1000 0.2686 0.1005 0.1178 0.8998
S3 19 Electricity  0.1000 0.1000 0.1000 0.1000 0.1000 0.7127 0.1000 0.1000 0.1000
Gas 0.2450 0.2190 0.1383 0.1000 0.1000 0.1052 0.1989 0.2431 0.1000
Heat 0.1001 0.1005 0.1077 0.1000 0.1000 0.4422 0.1000 0.1034 0.4617
T1 20 Electricity 0.1220 0.1175 0.1000 0.7499 0.7499 0.1000 0.1219 0.1249 0.1000
Gas 0.3007 0.3013 1.1067 0.3003 0.3000 0.3000 0.3002 0.3001 0.3000
T2 20 Electricity  0.1002 0.1003 0.1000 0.1000 0.1000 0.4172 0.1001 0.1001 0.1000
Gas 0.3076 0.3065 1.2847 0.3178 0.3325 0.3771 0.3057 0.3095 0.3000
Ul 21 Electricity 0.8834 0.9017 0.1000 0.1000 0.1002 0.7202 0.9027 0.9056 0.1000
Gas 0.3000 0.3000 0.3000 0.3001 0.3000 0.4828 0.3004 0.3000 0.3000
V1 22 Electricity  0.2005 0.2000 0.2000 0.2174 0.2431 0.5039 0.2001 0.2003 0.2001
Gas 0.9623 0.9591 0.8548 0.1000 0.1000 0.2777 0.9575 0.9482 1.0984
w1 23 Electricity  0.1095 0.1050 0.1000 0.7500 0.7500 0.5818 0.1103 0.1000 0.1003
Gas 0.9353 0.9435 0.5589 0.2095 0.2032 0.2021 0.9099 0.9148 0.2005
W2 23 Electricity 0.3026 0.3008 0.3000 0.3000 0.3000 0.6613 0.3000 0.3000 0.3000
Gas 0.9859 0.9834 0.6315 1.4000 1.4000 0.1000 0.9755 0.9619 0.1002
X1 24 Electricity  0.2003 0.2015 0.2000 0.2000 0.2000 0.5742 0.2001 0.2010 0.2000
Gas 0.2015 0.2049 0.2167 0.2000 0.2000 0.3749 0.2040 0.2008 0.2150
Y1 25 Electricity 2.7542 2.7001 1.7953 0.0000 0.0000 0.1605 2.7292 2.6978 1.7919
Gas 0.1001 0.1001 0.7389 0.1000 0.1000 0.1005 0.1002 0.1001 0.1003
Y2 25 Electricity 0.0111 0.0137 0.0000 0.0000 0.0000 0.1885 0.0154 0.0127 0.0001
Gas 0.1214 0.1238 0.1013 0.1002 0.1001 0.2725 0.1189 0.1208 0.1004
Z1 26 Electricity 0.1015 0.1016 0.1000 0.1000 0.1000 0.3618 0.1000 0.1000 0.1000
Gas 0.1238 0.1187 0.1006 0.1000 0.1000 0.3638 0.1129 0.1112 0.1001
Heat 0.4522 0.4735 0.1729 0.1000 0.1000 0.1000 0.4334 0.4009 0.1000
Il 27 Electricity  0.2010 0.2051 0.2009 0.2000 0.2000 0.4630 0.2000 0.2003 0.2000
Gas 0.2000 0.2001 0.2174 0.2000 0.2000 0.2321 0.2002 0.2000 0.2000
Heat 0.1001 0.1023 0.1044 0.4997 0.5000 0.2055 0.1043 0.1097 0.1000
2 27 Electricity 0.1001 0.1002 0.1002 1.1000 1.1000 0.3454 0.1000 0.1009 0.1000
Gas 0.2355 0.3007 0.2001 0.2002 0.2000 0.2056 0.2833 0.2228 0.2000
Heat 0.2007 0.2021 0.2097 0.2000 0.2000 0.3611 0.2001 0.2000 0.2002
vyl 28 Electricity 0.8268 0.8269 0.0000 0.9000 0.8995 0.1487 0.8267 0.8268 0.0000
Gas 0.1428 0.1324 0.1024 0.1000 0.1000 0.3352 0.1414 0.1434 0.1001
Heat 0.2003 0.2003 0.2000 0.2000 0.2000 0.3525 0.2000 0.2000 0.2000
1 29 Electricity 0.1350 0.1313 0.1213 0.1000 0.1000 0.3885 0.1362 0.1635 0.7487
Gas 0.1438 0.1455 0.1001 0.1000 0.1000 0.2043 0.1478 0.1452 0.1008
Heat 0.2124 0.2095 0.3899 0.1263 0.1374 0.2076 0.2117 0.2130 0.3680
32 29 Electricity 0.2018 0.2001 0.2000 0.5512 0.5454 0.2652 0.2000 0.2026 0.2000
Gas 0.1722 0.1764 0.4046 0.1000 0.1000 0.2404 0.1839 0.2156 0.1043
Heat 0.1029 0.1067 0.1421 0.8000 0.8000 0.2988 0.1049 0.1001 0.1505
Total cost (mu) 15747.3098 15728.3913 15451.9174 16811.3114 16824.7134 18396.6003 15751.8705 15730.4677 15585.0048
Total loss (pu) 3.6459 3.6706 3.1972 2.8317 2.8100 2.5524 3.6360 3.6284 1.6432
Objective function (mu) 15747.3098 15728.3913 15451.9174 2.8317 2.8100 2.5524 18199.4468 18169.6515 16679.3993
Computational time (sec) 17.3030 17.2354 20.8333 9.5825 9.2078 23.7647 18.6678 18.5632 24.137
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FIGURE 5. Convergence curves of all algorithms for Case 1: (a) normal version, (b) zoom version.
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FIGURE 6. Convergence curves of all algorithms for Case 2: (a) normal version, (b) zoom version.
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FIGURE 7. Convergence curves of all algorithms for Case 3: (a) normal version, (b) zoom version.
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FIGURE 8. Boxplot characteristics of all algorithms for 30 runs: a) Case 1, b) Case 2, c) Case 3

VI. CONCLUSIONS

In this study, an improved version of the LSHADE
algorithm called the FDB-LSHADE was presented. The use
of the FDB selection method for redesigning of the
mutation operator had enabled the algorithm to effectively
establish the exploration and exploitation balance. The
results of experimental studies carried out on CEC14 and
CEC17 benchmark suites of different types showed that the
proposed FDB-LSHADE algorithm had achieved a superior
performance compared to its competitors.

The experimental studies in this study were carried out
in three sections. In the first section, the six variants of the
FDB-LSHADE algorithm were compared to the base
LSHADE algorithm. The performance of the these
algorithms were tested on the four different types problem,
which are unimodal, multimodal, hybrid, and composite, in
the CEC14 and CEC17 test suites. The results obtained
from the algorithms were evaluated using statistical test
methods. The strongest FDB-LSHADE variant was
determined according to comparing results. In the second
section, the performances of the proposed FDB-LSHADE
algorithm was compared to up-to-date and the most
preferred MHS algorithms including the base LSHADE
algorithm were compared. According to statistical test
results, while the LSHADE algorithms ranked second, the
proposed FDB-LSHADE ranked first in all dimensions of
the test suites. This results show that the changes in the
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design of the LSHADE algorithm had been successful.
Finally, the proposed FDB-LSHADE algorithm was applied
to the solving EHED problems, which are non-convex,
nonlinear, and high-dimensional. Three different EHED
problems were solved by using the proposed algorithm and
its competitors. According to the simulation results, it was
proven by the statistical analysis methods that the FDB-
LSHADE was superior to the LSHADE, MPA, EO, AEFA,
AEQ, SDO, AGDE, SSA, and MFO algorithms. Besides
that, the FDB-LSHADE algorithm was found better results
for EHED problems than the optimum solutions obtained
from previously conducted studies.

Summing up, the FDB-LSHADE algorithm developed
as a result of the comprehensive experimental study can to
the literature as one of the most robust MHS methods
which can be used to solve unconstrained and constrained
optimization problems.

APPENDIX A

In this study, the energy hub system consists of 76 sources,
where 27 electrical sources, 34 gas sources, and 15 heat
sources. The cost coefficients and energy production limits
of the these sources are given in Table Al. Besides that, in
the system, The efficiency coefficients of the hubs are
given in Table A2.
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TABLE Al
THE DATA OF ENERGY SOURCES

Energy Production Limits

gg(tj)e ?;Se Entire Energy Cost Coefficients of Entire Energy (bu)
a (mu) b (mu/pu) ¢ (mu/pu?) d (rad/pu) e (mu) Emin Emax
Al 1 Electricity 80 200 25 100 4.20 0.10 0.75
A2 1 Electricity 10 200 120 180 3.70 0.40 2.50
B1 2 Gas 20 150 65 - - 0.50 3.40
C1 3 Gas 25 100 55 - - 0.30 3.00
D1 4 Gas 17 120 60 - - 0.10 1.10
El 5 Heat 10 250 100 - - 0.20 0.50
F1 6 Electricity 30 180 60 140 4.00 0.20 1.25
Gas 20 170 90 - - 0.10 1.00
F2 6 Electricity 12 210 100 160 3.80 0.30 1.75
Gas 25 100 40 - - 0.10 1.40
Gl 7 Electricity 18 190 110 130 4.10 0.10 1.00
H1 8 Electricity 70 160 100 130 3.30 0.20 1.50
Gas 25 100 40 - - 0.20 1.90
11 9 Gas 25 120 50 - - 0.15 1.00
J1 10 Gas 20 150 60 - - 0.10 1.10
Heat 10 200 110 - - 0.20 0.50
K1 11 Gas 20 150 60 - - 0.10 1.10
Heat 10 200 110 - - 0.20 0.50
L1 12 Gas 25 100 55 - - 0.30 3.00
M1 13 Electricity 80 200 25 100 4.20 0.10 0.75
Heat 15 150 200 - - 0.10 0.90
N1 14 Electricity 80 200 25 100 4.20 0.10 0.75
Gas 25 100 40 - - 0.20 1.90
01 15 Heat 15 150 200 - - 0.10 0.90
Gas 20 170 90 - - 0.10 1.00
P1 16 Gas 10 220 60 - - 0.10 3.20
Q1 17 Gas 19 170 150 - - 0.10 3.20
Q2 17 Gas 12 200 70 - - 0.20 2.70
R1 18 Electricity 12 200 110 120 4.80 0.30 1.75
Gas 25 110 70 - - 0.10 1.40
Heat 15 150 200 - - 0.10 0.90
S1 19 Electricity 10 220 160 190 3.60 0.20 1.10
Gas 20 200 100 - - 0.20 1.80
Heat 12 170 210 - - 0.10 0.70
S2 19 Electricity 40 190 220 190 4.00 0.10 2.10
Gas 34 235 185 - - 0.10 1.00
Heat 20 120 410 - - 0.10 0.90
S3 19 Electricity 80 280 420 220 3.30 0.10 1.80
Gas 13 140 185 - - 0.10 3.00
Heat 40 220 110 - - 0.10 1.50
T1 20 Electricity 80 200 25 100 4.20 0.10 0.75
Gas 25 100 55 - - 0.30 3.00
T2 20 Electricity 90 170 230 70 3.90 0.10 1.75
Gas 20 90 65 - - 0.30 3.00
Ul 21 Electricity 90 170 230 70 3.90 0.10 1.75
Gas 20 90 65 - - 0.30 3.00
V1 22 Electricity 40 240 180 130 3.60 0.20 1.20
Gas 30 70 100 - - 0.10 2.30
w1 23 Electricity 80 200 25 100 4.20 0.10 0.75
Gas 25 100 40 - - 0.20 1.90
W2 23 Electricity 12 200 110 120 4.80 0.30 1.75
Gas 25 110 70 - - 0.10 1.40
X1 24 Electricity 50 200 110 150 4.40 0.20 1.10
Gas 35 190 120 - - 0.20 1.80
Y1 25 Electricity 28 80 490 100 3.50 0.00 3.00
Gas 31 100 220 - - 0.10 2.80
Y2 25 Electricity 33 175 360 90 4.40 0.00 2.70
Gas 39 170 160 - - 0.10 2.00
Z1 26 Electricity 70 220 310 130 4.60 0.10 2.10
Gas 27 230 100 - - 0.10 1.80
Heat 10 100 200 - - 0.10 0.70
Il 27 Electricity 95 130 300 90 4.90 0.20 1.90
Gas 29 220 330 - - 0.20 1.00
Heat 32 135 110 - - 0.10 0.50
r2 27 Electricity 60 230 410 130 3.50 0.10 1.10
Gas 50 140 290 - - 0.20 1.80
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TABLE Al
(CONTINUED)

Energy Production Limits

gg(tj)e ?;Se Entire Energy Cost Coefficients of Entire Energy (bu)
a (mu) b (mu/pu) ¢ (mu/pu?) d (rad/pu) e (mu) Enmin Emax
vyl 28 Electricity 20 100 500 310 3.80 0.00 0.90
Gas 60 195 85 - - 0.10 3.80
Heat 48 265 380 - - 0.20 1.40
>1 29 Electricity 100 150 110 60 4.30 0.10 3.00
Gas 20 230 90 - - 0.10 1.00
Heat 70 100 40 - - 0.10 0.40
32 29 Electricity 30 200 160 160 3.20 0.20 1.60
Gas 60 110 160 - - 0.10 4.50
Heat 30 210 40 - - 0.10 0.80

TABLE A2
(THE EFFICIENCY COEFFICIENTS OF THE HUB)

Hub Code Hub Type  Efficiency

Al 1 n, =0.99
A2 1 n; =1.00

B1 2 Nehr, =0.30, Ncyg, =0.40

Cc1 3 Nerce, = 0.25, Nepeg, = 0.35, Nepyep, =0.20

D1 4 ner =0.75

E1 5 Nye = 0.95

F1 6 Ny =1.00, Ncyyp, =0.27, Ny, =0.41

F2 6 Ny =1.00, Ny, =0.27, Neyyp, =0.41

Gl 7 ny =1.00, n;, =0.20, nc, =0.70

H1 8 Ny =0.98, Neycp, =0.27, Nepcp, =0.37, Nepep, =0.20

11 9 Nepp, = 0.31, Nepp, =0.38, nge =0.80

J1 10 Nepp, = 0.30, Nepp, =0.42, nye =0.98

K1 11 Nerce, = 0.25, Nepep, =0.30, Neyep, =0.30, nyg =0.95

L1 12 Nercr, = 0-29, Nepep, = 0.35, Nepep, =0.24, nge =0.70

M1 13 ny =0.98, nye =0.90

N1 14 ny =0.95, nge =0.73

o1 15 Nue = 0.90, nge =0.75

P1 16 Nerce, = 0-30, Nepep, =0.31, Neyep, =0.29, e, =0.20, ne, =0.70

Q1 17 Nep, = 0.30, Ny, =0.40, ng, =0.20, nc, =0.70

Q2 17 Nepp, = 0.35, Nepg, =0.35, ne, =0.23, e, =0.65

R1 18 Ny =1.00, nyg =1.00, neyycp, =0.25, Neycp, =0.36, Neyicp, =0.36

S1 19 Ny =0.97, nyg =1.00, neyyp, =0.32, neyp, =044

S2 19 nr =0.99, nyg =0.95, neyp, =0.26, Neyp, =0.40

S3 19 Ny =1.00 nye =1.00, neyyp, =0.30, neyp, =0.40

T1 20 Ny =1.00, nge =0.65, neyp, =0.35, Ny, =0.45

T2 20 Ny =0.97, nge =0.75, Neyp, =0.30, neyp, =042

Ul 21 Ny =1.00, nge =0.70, Neycp, =0.30, Neycp, =0.31, Nepyep, =0.30

\Val 22 Ny =0.97, neyep, =0.35, Nepe, =0.37, Nopyep, =0.29, ne, =0.30, ne, =0.65
w1 23 Ny =0.99, ngyp, =0.30, Neyp, =0.32, ng, =0.21, nc, =0.59

W2 23 Ny =1.00, neyyp, =0.33, neyp, =0.45, ne, =0.30, ne, =0.50

X1 24 Ny =0.98, neyycp, =0.33, Ny, =0.40, Noyep, =0.31, ngg =0.76, ng, =0.26, nc, =0.60
Y1 25 Ny =1.00, neyp, =0.30, Ngyg, =0.40, nge =0.74, ne, =0.27, ne, =0.57
Y2 25 Ny =0.98, nyp, =0.35, Neyp, =0.47, ngg =0.70, ne, =0.20, ne, =0.62
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TABLE A2
(CONTINUED)
Hub Code  Hub Type  Efficiency

Z1 26 Ny =1.00, Neyicp, =0.30, Neyep, =0.43, Nepyep, =0.26, Ny =0.69, ne, =023, ne, =0.63
Il 27 Ny =1.00, neyyp, =0.32, neyp, =0.41, nye =0.73, ne, =0.20, ne, =0.60
2 27 Ny =0.96, ngyp, =0.26, neyp, =0.36, Nyg =0.77, n, =0.28, n;, =0.55
vl 28 Ny =0.96, Nepcp, =0.26, Nepep, =0.32, Nepcp, =0.27, e =0.90, nge =0.70, ne, =0.28, nc, =0.55
2l 29 Ny =1.00, ncyp, =0.38, ey, =0.46, nye =0.95, nge =0.78, ne, =0.32, n;, =0.53
22 29 Ny =1.00, Ncyp, =0.38, Nepyp, =046, Ny =0.95, nge =0.78, ng, =0.32, nc, =0.53

Constrained Real-Parameter Numerical Optimization,”
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