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Efficient optimization of static economic load dispatch in electrical power systems
using the teaching—learning based optimization algorithm

Introduction. Power grids are considered one of the most critical energy infrastructures in modern societies, and their economic
exploitation plays an important role in reducing the costs of generating electrical energy and increasing the efficiency of generation systems.

In the meantime, power generation plants are responsible for providing the required power to the grid, and the optimal distribution of power
among them has a direct impact on the final cost of energy generation. For this reason, the economic load dispatch (ELD) problem has been

raised as one of the fundamental issues in the optimal operation of power systems. Problem. The static economic load dispatch problem is
defined with the aim of determining the amount of power generated by each generator unit in such a way that the total cost of energy
generation is minimized, while all operational constraints of the power system, including power balance constraints, transmission network
losses, generator production constraints, power rate of change constraints, and prohibited areas, are met. The presence of features such as
nonlinear cost function, valve-point effect and nonconvex search space makes solving this problem with classical mathematical methods face
serious challenges. Goal. To develop an efficient method for solving the ELD problem and to achieve an optimal production schedule for
power system generators with minimum production cost. Methodology. In this study, the metaheuristic algorithm teaching—learning based
optimization (TLBO) has been used to solve the ELD problem. The performance evaluation of the algorithm has been carried out on a
standard 6-unit power system. Results. The optimization results show that the TLBO algorithm is able to provide an optimal production
schedule by observing all system constraints, in which the total production cost reaches $15452.06. To evaluate the performance quality, the
results of TLBO were compared with seven well-known metaheuristic algorithms, and the simulation results showed that TLBO provided the
best performance by achieving first rank in terms of objective function value, average cost, and performance stability. Scientific novelty. The
innovation of this research lies in the effective application of the TLBO algorithm to solve the ELD problem by considering a complete set of
operational constraints and providing a comprehensive comparative analysis with several metaheuristic algorithms. Practical value. The
findings of this study indicate that the TLBO algorithm can be used as an efficient, stable, and reliable method for solving operation

optimization problems in power systems and help reduce the cost of energy generation and increase the economic efficiency of power grids.

References 29, tables 4, figures 2.
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Bcemyn. Enepeemuuni mepesici 68axcaiombcst OOHIEI0 3 HAUBANCTIUBIUIUX THOHPACMPYKINYD eHepeOnOCAUaHHSA 8 CYYACHOMY CYCRIbCMEI, 1 iXHs
EKOHOMIYHA eKCHILyamayis 6i0iepae 8adNCIUBY POib V 3HUMCEHHI GUMPAM HA 6UPOOHUYMBO eNeKMPOeHEP2ii ma NiOsULeHHi eekmueHocmi
cucmem eenepayii. Y moii dce uac enexmpocmanyii 8ionosioarome 3a 3a0e3nedeHts Mepedci HeoOXiOHOI NOMYIICHICMIO, | ONMUMATbHE
PO3NOOUICHHST NOMYICHOCE MIXC HUMU 0e3n0cepeOHb0 6NIUBAE HA KIHYey eapmicmb supobHuymea ewepeii. 3 yiel npuuunu 3a60amHs
EKOHOMIYHO20 pOo3n00iny Hasawmagicennsi (ELD) 6yno nocmaeneno sk 00Hy 3 (DYHOAMEHMAIbHUX HpOOIeM ONMUMIbHOL pobomu
enepeocucmem. Ilpoonema. Cmamuune 3a60anHs eKOHOMIUHO20 PO3NOOITY HABAHMAIICEHHS BUSHAYAEMBCA 3 MEMOIO BUSHAYEHHS KibKOCTi
eneKmpoenepzii, Wo GUPOONAEMbCS KOJICHUM 2CHEPAMOPHUM ONIOKOM, MAKUM YUHOM, W00 MIHIMIZY68amu 3a2anbHy 6apmicib UpPOOHUYMEa
eHepeii, npu yoomy OOMPUMYBATUCS BCI eKCHIyamayiiiHi oOMediceHHsl eHepaoCcucmeMuy, BKII0UAIONY O0OMeNCeHHS Oanancy ROMyNCHOCHI,
empamu 6 nepedasanbHoi mepedici, obMedicents Ha GuUpoOHUYMBo enexmpoenepeli eenepamopamu. Hasenicms maxux ocobausocmetl, K
HeniHiiHa YHKYIA 6apmocmi, eghekm MOoYKU GKIIOYEHHA MA HeGUNYKIUL NPOCMIp NOWLYKY poOUmb pilenHsl Ybo2o 3a60aHHS KIACUHHUMU
MamemMamudHuMyu memooamu cepiio3noio npobremoro. Mema. Po3pobxa eghexmuernozo memody poss’azanns ELD 3adau ma docsienenms
ONMUMANLHOR0 2paghika 6UPOOHUYMEA OISl 2eHEPAMOPIE eHEP2OCUCIEMU 3 MIHIMATLHUMY 6UPOOHUUUMU eumpamamy. Memoouka. Y yvomy
docniovicenti O po3s sianHs 3a0aui ELD  eukopucmosyeascs memaespucmuuHull aneopumm OonmumMi3ayii Ha OCHO8I HAGUAHHS ma
suxnadanns (TLBO). Oyinka npoOyKmMueHOCHi aneopummy nposoounacs Ha CMAaHoapmuii wecmuonoytitl enepeocucmemi. Pesynomamu
onmumizayii noxkasyroms, wo aneopumm TLBO 30amuuii 3a6e3neuumu onmumanbhuti epagix 6UpoOHUYMSa 3 ypaxyeaHHAM YCix CUCTEMHUX
obMedicendb, NpU YboMy 3a2abHi UpoobHUYT sumpamu cazaioms 815452,06. /lna oyinku axocmi pobomu pesynemamu TLBO nopisniosanucs 3
ciMoma Gi0oMuUMU MEmAespUCIUYHUMU  aN2OpUmMam, i pesyiomamu mooemoanna nokasam, wo TLBO 3abesneuye Haiikpawy
NPOOYKMUBHICIb, 3aUMaloyy nepuie Micye 3a 3HaYeHHAM Yimbogoi (yHKyii, cepeonvoi eapmocmi ma cmabinbhocmi pobomu. Haykoea
Hoeusna. Innosayis Oanoeo OocniodcenHs nonsieae 6 eghexmueHomy sacmocyeanui ancopummy TLBO onsa eupiwenns sadaui ELD 3
VPAXY8anHAM —HOBHO20 HAOOPY —eKCRTyamayiinux oOMedicenb mMA HAOAHHS  BCEOIYHO20  NOPIGHANIbHO20 —AHAN3Y 3 OeKilbKoMd
memaespucnmuynumu arneopummamu. Tlpaxmuuna 3snauumicme. Pezynomamu ybo2o docnioscenis nokazyioms, wo areopumm TLBO mooice
Oymu GUKOPUCMANULL SIK eheKmusHutl, CmadiibHu | HAOIIHUL MemoO OJisl GUPILUEHHs. 3A80aHL ONMUMI3AYIT pOBOMU eHepaocUCmeM, CRPUSIIOHY
SHUIICEHHIO CODIBaPMOCI GUPOOHUYMEA eHePeii Mma NIOGUEHHIO eKOHOMIYHOT eghexmueHocmi enexmpomepedic. biom. 29, Tabu. 4, puc. 2.
Kniouoei crosa: ekOHOMIYHMIA PO3MOAIN HABAHTA:KEeHHS, ONTUMI3aLisl eHeprocucTeMHu, MiHimMizauis codiBapTocTi renepaiii,
eKCILIyaTalis eJJeKTPOeHepreTHYHOI cHcTeMH, edeKT NepeMHKAHHS KJIANaHiB, MeTaeBPUCTHYHI aITOPUTMH, ONITHMI3allist Ha
OCHOBi HABYAHHS Ta BUKJIAJaHHS.

Introduction.  Electric power networks are
recognized as one of the most important critical
infrastructures in modern societies and play a fundamental
role in providing energy to various industrial, commercial
and domestic sectors. The rapid growth in demand for
electrical energy, the development of industries and the
increasing dependence of societies on electrical systems
have made economical, safe and reliable exploitation of
power networks one of the most important concerns of
engineers and power system planners. In the meantime,

electric power generation plants, as the main production
components in power networks, are responsible for
providing the power needed by consumers. Given the high
costs of electric power generation, the way power is
distributed among generating units has a direct impact on
the final cost of energy production and the economic
efficiency of the power system. Therefore, the development
of efficient methods for optimal allocation of generated
power among power plant units is of particular importance.
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One of the fundamental problems in the economic
operation of power systems is the economic load dispatch
(ELD) problem. The main goal of this problem is to
determine the amount of power generated by each
generator unit in such a way that the total cost of generating
electrical energy is minimized while at the same time
observing all operational constraints of the power system
[1]. These constraints include power balance constraints,
transmission network losses, generator generation
constraints, power rate of change constraints, and also
prohibited areas of operation. The ELD problem is actually
one of the most important optimization problems in the
field of power system operation, and its accurate solution
can lead to significant reduction in energy production costs
and increased power plant efficiency [2].

Among the different variants of this problem, static
economic load dispatch (SELD) refers to a case where the
power system conditions are assumed to be constant over
a short period of time — usually 1 hour — and the goal is to
optimally distribute the generated power among the
power plant units [3]. Although the SELD model seems
simpler than its dynamic version, in practice it is still a
complex, nonlinear and nonconvex optimization problem.
The presence of factors such as the valve point loading
effect on the cost function of generators, the consideration
of transmission network losses, power rate constraints and
prohibited operation areas causes the search space of this
problem to have multi-peaked and discontinuous
characteristics [4]. For this reason, despite the successful
performance of classical mathematical methods in solving
many problems [5, 6], the use of classical gradient-based
optimization methods or mathematical programming in
many cases encounters problems such as poor
convergence or getting stuck in local optima [7].

In recent decades, the use of metaheuristic algorithms
as powerful tools for solving complex optimization
problems has attracted widespread attention from
researchers. These algorithms, which are often inspired by
natural phenomena, biological behaviors, or social
processes, are able to effectively explore the response space
without the need for gradient information and using
population search, and provide high-quality answers to
complex optimization problems [8, 9]. Features such as
global search ability, high flexibility, and the ability to
solve nonlinear and nonconvex problems have led to these
algorithms being widely used in various engineering fields,
including power system optimization [10-13].

Numerous studies have also been conducted in the
field of ELD problem using metaheuristic algorithms. For
example, in one of the early studies in this field, an
adaptive particle swarm optimization method was proposed
to solve the ELD problem, which was able to consider
constraints such as network losses, dynamic constraints,
and prohibited areas of operation, and the results showed
that this method performed well compared to conventional
methods in terms of convergence speed and response
quality [14]. In another study, the ELD problem was
modeled as a dynamic programming problem by
considering the spinning reserve constraint, and an efficient
algorithm was presented to solve the sequence of load
dispatch problems in different time intervals [15].

In recent years, various approaches based on
advanced metaheuristic algorithms have been developed

to solve the ELD problem. For example, a hybrid method
based on slime mould algorithm and genetic algorithm
has been proposed to solve the ELD problem in
microgrids, which has been able to provide better
performance than several known algorithms by increasing
the population diversity in the early stages of the search
and enhancing the exploitation power in the final stages
[16]. Also, newer algorithms such as osprey optimization
algorithm have been used to solve ELD and SELD
problems, and their results have shown that these
algorithms have a good ability to reduce the production
cost and improve the stability of the responses [17].

In addition, some research has investigated hybrid
and more advanced approaches. For example, the use of
metaheuristic algorithms in combined economic emission
dispatch planning has been studied considering renewable
energy sources and demand side management [18]. In
another study, a new crowd-learning-based algorithm
called achieving and refining knowledge-based
optimization was introduced to solve the SELD problem,
which uses the crowd-learning process in the population
to improve the search performance [19]. Also, advanced
parameter less algorithms such as self-adaptive multi-
population quadratic approximation guided Jaya have
been used to solve ELD problems in power systems with
different numbers of generating units, which have been
able to significantly reduce the production cost compared
to previous methods [20].

Along with these studies, the use of hybrid
metaheuristic algorithms has also been considered. For
example, a meme version of salp swarm algorithm has
been developed to solve ELD problems with strong
constraints, in which the combination of the global search
of the population algorithm with the local search of the
improver has led to increased accuracy and convergence
speed in finding optimal solutions [21].

Despite significant advances in this area, there are still
several challenges in solving the ELD problem. The high
complexity of the search space, the existence of multiple
operational constraints, the nonlinear and multi-peaked
behavior of the cost function, as well as the need to achieve
stable and reliable responses in limited computational time
are among the factors that necessitate the development of
more efficient optimization methods. In addition, many
metaheuristic algorithms require fine tuning of control
parameters and their performance can be highly dependent
on the choice of these parameters. This issue causes that in
some practical applications, the use of these algorithms is
associated with additional complexities.

In the meantime, the teaching—learning based
optimization (TLBO) algorithm has been proposed as one
of the effective metaheuristic algorithms that are inspired
by the learning process in educational environments. This
algorithm operates based on two main stages teacher phase
and student phase and tries to gradually improve the quality
level of responses by using the interaction between
population members. One of the important features of
TLBO is that, unlike many metaheuristic algorithms, it
does not require complex control parameters and can be
implemented using only the population size and number of
iterations. This feature makes its implementation and use
process relatively simple and has good stability in solving
complex optimization problems.
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The goal of this work is to develop an efficient
method for solving the ELD problem and to achieve an
optimal production schedule for power system generators
with minimum production cost.

In this study, the ELD problem is modeled by
considering a set of operational constraints including
power balance constraint, transmission network losses,
generator generation constraints, power rate of change
constraints, and prohibited operation areas. Then, the
TLBO algorithm is used as an optimization tool to
minimize the total cost of electrical energy generation.

The main innovations and contributions of this
research can be summarized as follows:

e investigating the SELD problem in a power system
considering a complete set of real operating constraints;

e providing an accurate mathematical model of the
ELD problem including the generation cost objective
function and the power system operating constraints;

e using the TLBO algorithm as an efficient
optimization method for solving the ELD problem;

e conducting simulation studies on a standard 6-unit
power system to evaluate the performance of the
algorithm;

e conducting a comprehensive comparative analysis
between the performance of TLBO and seven well-known
metaheuristic algorithms in order to development the
quality of responses, performance stability, and
convergence speed.

The obtained results show that the TLBO algorithm
is able to provide an optimal generation schedule for
generators by observing all power system constraints and
shows very competitive and stable performance compared
to several well-known metaheuristic algorithms.

Problem statement and mathematical modeling.
The ELD problem is one of the fundamental problems in
the optimal operation of power systems. The main
objective in this problem is to determine the amount of
power generated by each generator unit in such a way that
the total cost of generating electrical energy is minimized,
while all operating constraints of the power system are met.

In the static version of this problem, known as
SELD, the operating time period is usually considered to
be a short period such as 1 hour. In this framework, it is
assumed that the system conditions are constant during
this time period and the goal is to distribute the generated
power among the operating units in an optimal manner.
At the same time, it must be ensured that the system load
demand is met and the technical constraints of the
generators such as generation limits, power rate limit and
prohibited operation areas are observed.

In general, the mathematical model of the ELD
problem consists of a production cost objective function
and a set of physical and operational constraints, which
are presented below.

Objective function. In many power system studies,
the fuel cost of the generating units can be approximated
by a quadratic function of the generator output power.
Accordingly, the objective function of the problem is
expressed as the minimization of the total production cost:

Ng
Minimize: F = Zfl(Pl), (1)

i=l
where F is the total production cost of the system; Ng is
the number of generating units in operation; P; is the

actual output power of generator i (MW); fi(P;) is the
production cost function of generator i.

The cost function of each generator is modeled as:

f(P)=aP +bPi+c, ()

where the coefficients a;, b;, ¢; are the cost coefficients
related to the generating unit 7.

In some power plants, due to the valve point loading
effect, the cost function has a nonsmooth and oscillating
behavior. In this case, the cost function is modified as:

fi(B)=aB? B +e slesinlf (£ @)

where ¢;, f; are the coefficients related to the valve point
loading effect and cause discontinuity and multi-peaking
of the cost function. The existence of these features makes
the ELD problem a nonlinear and nonconvex optimization
problem.

Power balance constraint. The most important
constraint in the ELD problem is the power balance
constraint. According to this constraint, the total power
generated by the generators must be equal to the sum of
the system load demand and the power losses in the
network. This relationship is expressed as:

N G
D B=Py+F, 4
i=l1
where Pp is the system load demand power; P, is the
power losses in the transmission network
Power losses are usually calculated using B-factors as:
Ng Ng Ng
PL =) PByP;+) By + By ®)
i=l j=I i=l
where By, By, Boo are the network loss factors.

Generator production limits. Each generating unit
has a minimum and maximum power that can be
produced, which is determined by the technical
limitations of the equipment. Therefore, the output power
of each generator must be within its allowed range:

Pimin SP, SPimax’ (6)
where P™" is the minimum power output of generator i;
P;™™ is the maximum power output of generator i.

Power rate limit. In practical power plant operation
conditions, generators are not able to change their output
power suddenly. For this reason, the rate of increase or
decrease in their power is limited, which is called ramp
rate limit.

If the generated power increases:

P!— P/ < UR. (7)
And if the generated power decreases:
P — P!< DR, 8)

where P/ is the generated power of unit i in the previous
time period; UR; is the upper limit of the power increase
rate; DR; is the lower limit of the power decrease rate.

As a result, the generator operating range is
modified by considering these limitations as:

max(P™", P/ — DR;) < P/ < min(P™™, P/"" + UR)). (9)

Prohibited operating zones. In some generators, there
are ranges of generated power in which operation is not
allowed due to mechanical limitations or instability
phenomena. These areas, known as prohibited operating
zones, may be caused by factors such as shaft vibrations,
steam valve problems or mechanical limitations of the
equipment. Therefore, the generator output power must be
outside these areas. Symbolically for unit i:
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lower upper
F<Fy or PiZPi,k ,

(10)
where Pl-{zwer , PPP¢" are the lower and upper bounds of

the forbidden region & for generator i, respectively.

If the minimum or maximum generator output limits
fall within a forbidden region, these limits must be
modified to prevent the generator operating point from
falling within the forbidden region.

Problem solving method. Due to the presence of
nonlinear, discontinuous, and multi-peaked cost function
as well as numerous operational constraints, the SELD
problem becomes a complex optimization problem that is
difficult to solve with classical mathematical methods in
many cases. For this reason, in recent years, the use of
metaheuristic algorithms to solve this problem has
received widespread attention.

In this paper, the TLBO algorithm is used to solve
the SELD problem. Inspired by the learning process in
educational environments, this algorithm is able to
provide high-quality answers to complex optimization
problems by creating an appropriate balance between
global search and local search. In the following, the
structure and steps of the TLBO algorithm are introduced
and how it is applied to solve the ELD problem in the
power system will be explained.

The TLBO algorithm is one of the efficient
metaheuristic algorithms in the field of optimization,
which was first introduced by Rao R. V. et al [22]. The
main idea of this algorithm is inspired by the learning
process in educational environments. In an educational
environment, the knowledge and scientific level of
students are improved through two main processes: first
learning from the teacher and then learning from
interaction with other students.

The TLBO algorithm, by modeling these two steps,
gradually guides a population of possible answers towards
the optimal answer. In this algorithm, each member of the
population is considered as a learner and the best member
of the population plays the role of teacher. During the
optimization process, students try to improve their
knowledge level by learning from the teacher and also by
interacting with each other.

One of the important features of TLBO is that,
unlike many metaheuristic algorithms, it does not require
complex control parameters and operates only using the
population size and the number of iterations. This feature
makes it simple to implement and has good stability in
solving complex optimization problems.

In the framework of optimization problems, each
student represents an answer vector and the value of the
objective function will indicate the knowledge level or
quality of the answer of that student. In the following, the
mathematical model of the TLBO algorithm is presented in
two main phases, namely teacher phase and student phase.

Representation of answers and initializing the
population. Suppose that the optimization problem has D
decision variables. In the TLBO algorithm, an initial
population of N students is randomly generated in the
search space. Each student is represented as a vector as:

X; = [Xi1, Xi2 e s Xipl, i=1,2, ..., N, (11)
where X; is the position of student i in the search space. After
generating the initial population, the value of the objective

function is calculated for all individuals and the best
individual in the population is selected as the class teacher.
Teacher phase. In an educational class, the teacher
tries to increase the knowledge level of the entire class. In the
TLBO algorithm, the teacher also tries to bring the average
knowledge of the class closer to his knowledge level.
First, the population mean is calculated as:

1 N
M:lezl:)g.

Then the position of each student is updated using
the following relationship:

)(inew :/Yi + ri‘()(teacher - TFM), (13)
where Xeuener 1S the best individual in the population
(teacher); r; is the random number in the interval [0, 1];
TF is the teaching factor, which is usually randomly set to
lor2,ie., TF € {1,2}.

After calculating the new position, if the objective
function value for X;™" is better than X;, the student’s
position is updated to the new value.

Learner phase. In educational environments,
students learn from interacting and exchanging
information with other students in addition to learning
from the teacher. In the TLBO algorithm, this concept is
modeled in the form of the learner phase.

In this step, for each student X;, another student X; is
randomly selected i # j. Then, based on the comparison of
the objective function values of these 2 students, the new
position is calculated as:

{Xi+ri-(Xl-—Xj), it £(x;)<rlx;)

(12)

new
Xi Xi+ri~(Xj—Xl~l else, » (9
where r is the random number in the interval [0, 1].

After calculating the new position, if the objective
function value is better for the new response, the student’s
position is updated. This process increases the diversity of
the population and improves the search power of the
algorithm.

Application of TLBO in solving the ELD problem.
Given the nonlinear, nonconvex and multiple-constrained
nature of the ELD problem, the use of classical methods in
many cases encounters convergence problems and getting
stuck in local optima. The TLBO algorithm is considered a
suitable option for solving such optimization problems due
to its simple structure, appropriate search ability, and no
need to adjust complex parameters.

In this study, each student in the TLBO algorithm
represents a generator power vector in the ELD problem,
and the objective function will be the total system
production cost as defined in the previous section. During
the optimization process, the TLBO algorithm tries to
minimize the value of the objective function by gradually
updating the power vectors and at the same time satisfy
all the constraints of the power system.

In the next section of the article, the modeling and
implementation of the TLBO algorithm for solving the
SELD problem will be presented in detail and the results
of the optimization will be examined.

Simulation studies and results analysis. In this
section, the performance of the TLBO algorithm in
solving the SELD problem is investigated and evaluated.
The main objective of these simulation studies is to
development the ability of the TLBO algorithm to
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determine the optimal generation schedule of power
plants in order to minimize the total cost of electrical
energy production in a real power system, taking into
account all operational constraints.

Due to the nonlinear, nonconvex, and multi-peaked
nature of the ELD problem — especially in the presence of
the valve point loading effect, power rate limitation, and
forbidden operation zones — solving this problem using
classical optimization methods is very difficult. Hence,
the use of advanced metaheuristic algorithms can be an
effective solution to achieve high-quality answers.

In this regard, in this section, the ELD problem is
investigated using the TLBO algorithm. First, the case study
and data of the power system used are introduced. Then, the
results obtained from implementing the TLBO algorithm on
this problem are presented and analyzed. In the following,
comparative studies between TLBO and several well-known
metaheuristic algorithms are conducted to accurately
evaluate the performance quality of this algorithm.

Introduction to the studied system and its data. In
order to evaluate the performance of the proposed
algorithm, the ELD problem is investigated on a power
system consisting of 6 generating units (generators). This
system is used as a standard case study in many power
system optimization studies and includes a set of realistic
operational constraints including network losses, power
rate of change constraints, and prohibited operation areas.

In this system, the total network load demand is
equal to Pp = 1263 MW. And the goal is to distribute the
generated power among the 6 generators in such a way
that the total cost of production is minimized while at the
same time respecting all system constraints.

The transmission network losses in this system are
modeled using the B coefficient matrix, which is defined as:

(17 12 07 -0.1 -05 —02]

12 14 09 01 -06 -0.1

07 09 3.1 0 -01 -06 s
B= x107" .

-0.1 0.1 0 024 -06 -0.8

-05 -0.6 -0.1 —-0.6 129 -02

|-02 -0.1 -06 -08 -02 15 |

Also, the coefficient vector and the loss constant are
defined as:

By =[-0.3908, -0.1297, 0.7047, 0.0591, 0.2161, —0.6635]x10">;
By =0.0056-107.

The technical characteristics of the generating units,
including minimum and maximum generation power, cost
function coefficients, and valve-point effect coefficients,
are presented in Table 1. These data model the actual
behavior of the power plant units and create a nonlinear
and discontinuous cost function.

Also, information related to initial generation power,
power increase and decrease rate constraints, and forbidden
operation areas is reported in Table 2. The existence of
these constraints complicates the search space of the
problem and turns it into an optimization problem with
multiple constraints and discrete response space.

Consequently, finding an optimal generation
schedule for this system requires the use of a powerful
optimization algorithm with the ability to search
efficiently in the response space.

Table 1
Generators data

Unit| Poyin, MW|Prrue MW @, 'MW [b, $/MW]c, $] e | f
1 100 500 0.007 7 1240[300]0.035
2 50 200 0.0095 10 ]200[200]0.042
3 80 300 0.009 8.5 [220]150[0.042
4 50 150 0.009 11 [200[120[0.063
5 50 200 0.008 10.5 [220[1500.063
6 50 120 0.0075 12 ]190[100]0.063

Table 2
Initial generations P, ramp rate and operating zone constraints

Unit Py, UR, DR, Zonp 1|Zone 1 Zonp 2| Zone 2

MW | MW/h | MW/h | min max min max
1 | 440 80 120 210 240 350 380
2 | 170 50 90 90 110 140 160
3 | 200 65 100 150 170 210 240
4 | 150 50 90 80 90 110 120
5 | 190 50 90 90 110 140 150
6 | 150 50 90 75 85 100 105

Optimization of the ELD problem using TLBO.
In this section, the TLBO algorithm is implemented to
solve the ELD problem of the studied system. In the
framework of this algorithm, each student represents a
vector containing the generation power of 6 generators:
X =[Py, Py, P3, Py, Ps, Pg]. And the value of the objective
function is equal to the total production cost of the
system, which must be minimized.

The results obtained from the implementation of the
TLBO algorithm are presented in Table 3, which shows
the optimal generation schedule for each of the power
plant units.

Table 3
Generation schedule of generators

Gen. 1 452.7068 MW
Gen. 2 171.6543 MW
Gen. 3 254.0167 MW
Gen. 4 135.0149 MW
Gen. 5 155.2349 MW
Gen. 6 106.9519 MW
Generation 1275.58 MW

Demand 1263 MW

Loss 12.58 MW

Objective function $15452.06

Based on these results:

o total power generated: 1275.58 MW;
e system demand load:1263 MW;

e network losses: 12.58 MW;

e total production cost: $15452.06.

It is observed that the total power generated by the
generators is equal to the sum of demand load and
network losses, which indicates exact implementation of
the power balance constraint in the optimal response.

In order to examine the convergence behavior of the
algorithm, the TLBO convergence curve is shown in Fig. 1.

Analysis of this curve shows that the TLBO
algorithm experiences a very rapid decrease in the value
of the objective function in the initial stages of the search.
This indicates the high ability of the algorithm in
Exploration of the search space. After the first few
iterations, the objective function decreases gradually and
the algorithm enters the Exploitation phase, during which
the answers gradually converge around the best answer.
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Fig. 1. TLBO convergence curve in solving the ELD problem

Around the middle iterations, the objective function
value approaches a nearly constant value and very small
fluctuations are observed. This behavior indicates that the
algorithm has been able to achieve a stable optimal region
in the search space.

Overall, the convergence curve shows that the
TLBO algorithm has a suitable convergence speed and
high stability in solving the ELD problem.

Comparative studies with competing algorithms. In
order to accurately evaluate the performance quality of the
TLBO algorithm, the results obtained have been compared
with the performance of seven well-known metaheuristic
algorithms: genetic algorithm (GA) [23], particle swarm
optimization (PSO) [24], gravitational search algorithm
(GSA) [25], whale optimization algorithm (WOA) [26],
multi-verse optimizer (MVO) [27], tunicate swarm
algorithm (TSA) [28] and grey wolf optimizer (GWO) [29].
The statistical results obtained from the implementation of
these algorithms are presented in Table 4. Examining the
mean objective function value shows that TLBO, with a
value of 15467.22, has the lowest average production cost
among all the algorithms. This indicates the high stability
of the TLBO algorithm in multiple implementations.

Table 4
Statistical results of TLBO and competitor algorithms applied to
the ELD problem
SI TLBO GA PSO GSA
Mean 15467.22 | 22037.65 | 15535.48 | 189616.1
Best 15452.06 | 15615.83 | 15486.05 | 145612.4
Worst 15484 40320.06 | 15599.81 234290
Std 14.69466 | 12196.11 | 48.77296 | 36358.59
Median | 15466.4 16107.36 | 15528.04 189281
Rank 1 7 5 8
ST MVO WOA GWO TSA
Mean 15502.55 | 15589.42 | 15504.69 | 15509.38
Best 1547231 | 15457.59 | 15469.45 | 15485.58
Worst 15557.81 | 15725.69 | 15524.75 | 15520.32
Std 38.14957 125.157 25.18478 | 16.01018
Median | 15490.04 15587.2 15512.27 15515.8
Rank 2 6 3 4

In terms of best value, TLBO also performed very
competitively with a value of 15452.06 and in many cases
better than other algorithms.

Also, the standard deviation (std) for TLBO is 14.69,
which is a very small value compared to most other
algorithms. This shows that the TLBO algorithm has very
stable and reliable behavior in different implementations.

In contrast, algorithms such as GA and GSA have
very large standard deviations, which indicate lack of
stability and high sensitivity to initial conditions.

Finally, the ranking presented in Table 4 shows that
TLBO has achieved the 1st rank among all algorithms.

To provide a visual analysis of the results, Boxplot
graphs related to the performance of the algorithms are
displayed in Fig. 2.

x10° Static Economic Load Dispatch (ELD) problem
7
27 B
z E|
S L5k . 4
2
L
o=
5 1T 1
2
2
[=]
0.5 -
1] L L L 1 s ' L L -
2 & 2 3 £ 3 8 &
: &} 2 Z c Z &
= . o = = o

Fig. 2. Boxplot diagram of the performance of the algorithms on
the ELD problem

Analysis of these diagrams shows that:
e TLBO has the lowest dispersion of results;
o the range of changes in the responses in TLBO is
very limited;
e the median value in TLBO is very close to the
optimal value.

These features indicate that TLBO is able to achieve
responses very close to the optimal response in most
implementations.

Discussion. The results of simulation studies show
that the TLBO algorithm exhibits very effective
performance in solving the SELD problem. This
algorithm has been able to provide an optimal generation
schedule for generators, which leads to minimizing the
total cost of energy production, while respecting all power
system constraints.

Comparative studies also show that TLBO has
superior performance compared to known metaheuristic
algorithms. In particular, this algorithm has achieved the
lowest objective function value, lowest standard
deviation, and best performance rank among the
algorithms studied.

One of the most important advantages of TLBO is
the no need for complex control parameters. Unlike many
metaheuristic algorithms such as GA or PSO that require
fine-tuning of parameters such as mutation rate, crossover
rate, or acceleration coefficients, TLBO operates only
using the population size and number of iterations. This
feature makes its implementation and use process much
simpler and more reliable.

In addition, the two-stage structure of TLBO
including teacher phase and student phase creates a good
balance between global search and local search in the
response space. This feature plays an important role in
preventing the algorithm from getting stuck in local optima.

Despite these advantages, the use of TLBO also has
some limitations. For example, in very large-scale
problems, the convergence speed of the algorithm may
decrease. Also, in some problems with very complex
search spaces, there may be a need to combine TLBO
with other improvement techniques.
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However, the results of this study show that TLBO
is an efficient, stable, and reliable method for solving the
ELD problem in power systems.

Finally, the most important finding of this study is that
the TLBO algorithm is able to provide high-quality answers
to the SELD problem with appropriate convergence speed
and high stability and has superior performance compared
to many known metaheuristic algorithms. This indicates that
TLBO can be used as an effective tool in power system
operation optimization problems.

Conclusions. Power systems, as one of the vital
infrastructures of modern societies, play a fundamental role
in providing the electrical energy needed by the industrial,
commercial and domestic sectors. The economic and
reliable operation of these systems largely depends on the
proper operation of power generation plants and the
optimal distribution of generated power among them. In the
meantime, the ELD problem has been raised as one of the
fundamental problems in the operation of power networks,
the main goal of which is to determine the optimal
generation schedule of power plant units in such a way that
the total cost of electrical energy generation is minimized
while all system operating constraints are met.

Due to the nonlinear, nonconvex and multi-peaked
characteristics of the ELD problem — especially in the
presence of valve point loading effect, power rate
constraints and prohibited operation areas — solving this
problem using classical mathematical methods has faced
serious challenges in many cases. For this reason, in recent
years, the use of metaheuristic algorithms as powerful tools
for solving complex optimization problems in power
systems has received widespread attention from
researchers.

In this study, the SELD problem was investigated in
a power system consisting of 6 generating units, and the
TLBO algorithm was used as a problem-solving method.
In this framework, each member of the TLBO algorithm
population was considered to represent a generator power
vector in the power system, and the objective function
was defined as minimizing the total cost of energy
production. Also, all system operating constraints,
including power balance constraints, transmission
network losses, generator generation constraints, power
rate of change constraints, and prohibited operation areas
were included in the optimization model.

Simulation studies were conducted on a 6-unit power
system in which the total network load demand was
considered to be 1263 MW. The optimization results showed
that the TLBO algorithm was able to provide an optimal
generation schedule for the generators such that the total
generated power was 1275.58 MW and after considering
12.58 MW of network losses, the system power balance
constraint was accurately established. The total generation
cost obtained was also reported to be $15452.06, which
indicates the appropriate performance of the algorithm in
achieving quality responses.

In order to accurately evaluate the performance
quality of the TLBO algorithm, the results obtained from
this algorithm were compared with the performance of
seven well-known metaheuristic algorithms GA, PSO,
GSA, WOA, MVO, TSA, and GWO. The results of the
comparative studies showed that the TLBO algorithm was

able to provide the best performance among all the
algorithms studied. Specifically, this algorithm achieved
the lowest objective function value, the lowest average
production cost, and the lowest standard deviation in
different runs. Based on the presented statistical results,
TLBO was introduced as the most efficient method for
solving the ELD problem in this study, ranking first
among the eight algorithms studied.

The analysis of the simulation results also showed that
the TLBO algorithm has appropriate convergence speed,
high stability in multiple runs, and effective ability to search
the response space. One of the most important advantages
of this algorithm is the lack of need to adjust complex
control parameters, which simplifies its implementation and
increases its reliability in practical applications. In addition,
the two-stage structure of the algorithm, including teacher
phase and student phase, creates an effective balance
between global search and local search and reduces the
possibility of getting stuck in local optima.

Based on the results obtained, the findings of this study
showed that the TLBO algorithm is an efficient, stable and
competitive method for solving the ELD problem in power
systems and can be used as a suitable tool in power grid
operation optimization problems. The use of this algorithm
can lead to reducing the cost of electric energy generation,
increasing the efficiency of power plants and improving the
economic performance of the power system.

Despite the successful results obtained in this study,
there are still several areas for the development and
expansion of this study in future research. Some of the most
important research suggestions for future work include:

1. Developing the proposed model for solving the ELD
problem, in which time variations of the load and
dynamic constraints of the power system are considered.

2. Investigating the performance of the TLBO
algorithm in large-scale power systems with a larger
number of generators and comparing it with other
advanced metaheuristic algorithms.

3. Combining the TLBO algorithm with other
optimization methods or artificial intelligence techniques
to create hybrid algorithms with stronger search
capabilities and higher convergence speed.

4. Extending the ELD problem model by considering
renewable energy sources such as wind and solar power
plants and investigating the impact of the uncertainty of the
production of these sources on the optimization process.

5. Development of multi-objective versions of the
TLBO algorithm to solve power system operation
problems in which, in addition to the production cost,
indicators such as pollutant emissions, system reliability,
and network stability are simultaneously optimized.

Overall, the results of this research showed that using
the TLBO algorithm can be an effective approach to solving
complex optimization problems in power systems and
provide a suitable path for the development of future research
in the field of economic operation of power networks.

Conflict of interest. The authors declare that they
have no conflicts of interest.

REFERENCES
1. Wang Y., Li B., Weise T. Estimation of distribution and differential
evolution cooperation for large scale economic load dispatch optimization
of power systems. Information Sciences, 2010, vol. 180, no. 12, pp. 2405-
2420. doi: https://doi.org/10.1016/}.ins.2010.02.015.

72

Electrical Engineering & Electromechanics, 2026, no. 4



2. Santra D., Mondal A., Mukherjee A. Study of economic load
dispatch by various hybrid optimization techniques. Studies in
Computational  Intelligence, 2016, vol. 611, pp. 37-74. doi:
https://doi.org/10.1007/978-81-322-2544-7 2.

3. LiL., Peil, Shen Q. A Review of Research on Dynamic and Static
Economic Dispatching of Hybrid Wind-Thermal Power Microgrids.
Energies, 2023, wvol. 16, no. 10, art. no. 3985. doi:
https://doi.org/10.3390/en16103985.

4. Barbosa-Ayala O.I, et al. Solution to the economic emission
dispatch problem using numerical polynomial homotopy continuation.
Energies, 2020, vol. 13, no. 17, art. no. 4281. doi:
https:/doi.org/10.3390/en13174281.

5. Abu Judeh D. Applications of Conformable Fractional Pareto
Probability Distribution. International Journal of Advances in Soft
Computing and Its Applications, 2022, vol. 14, no. 2, pp. 116-124. doi:
https:/doi.org/10.15849/1JASCA.220720.08.

6. Elbes M., Kanan T., Alia M., Ziad M. COVD-19 Detection Platform
from X-ray Images using Deep Learning. International Journal of
Advances in Soft Computing and Its Applications, 2022, vol. 14, no. 1,
pp- 197-211. doi: https://doi.org/10.15849/1IJASCA.220328.13.

7. Trojovsky P., Dehghani M. Pelican Optimization Algorithm: A
Novel Nature-Inspired Algorithm for Engineering Applications. Sensors,
2022, vol. 22, no. 3, art. no. 855. doi: https://doi.org/10.3390/s22030855.
8. Al-Oun A, et al. Red-crested Turaco Optimization (RCTO): A
Novel Nature-inspired Metaheuristic for Solving Optimization Problems.
International Journal of Intelligent Engineering and Systems, 2026, vol.
19, no. 3, pp. 173-191. doi: https://doi.org/10.22266/ijies2026.0331.11.

9. Rajabov J., et al. Dance Training-based Optimizer: A Novel Human-
inspired Metaheuristic Algorithm for Optimization Tasks. International
Journal of Intelligent Engineering and Systems, 2026, vol. 19, no. 2, pp.
754-764. doi: https://doi.org/10.22266/ijies2026.0228.47.

10. Alomari S.A., Smerat A., Malik O.P., Dehghani M., Montazeri Z.
Efficient and reliable scheduling of power generating units in the unit
commitment problem using the Tardigrade optimization algorithm.
Electrical Engineering & Electromechanics, 2026, no. 2, pp. 15-21. doi:
https://doi.org/10.20998/2074-272X.2026.2.03.

11. Kamal M., Ullah M.F., Anwar N., Hussein A.l. Optimizing
residential energy usage patterns in smart grids using hybrid
metaheuristic techniques. Electrical Engineering & Electromechanics,
2026, no. 2, pp. 31-39. doi: https:/doi.org/10.20998/2074-

Algorithm for Solving Economic Load Dispatch Problem. Mathematics,
2023, vol. 11, no. 19, art. no. 4107. doi:
https://doi.org/10.3390/math11194107.

18. Misra S., Panigrahi P.K., Ghosh S., Dey B. A metaheuristic approach
to compare different combined economic emission dispatch methods
involving load shifting policy. Environment, Development and
Sustainability, 2024, vol. 28, no. 1, pp. 1589-1611. doi:
https:/doi.org/10.1007/510668-024-05063-w.

19. Kumar P., Ali M. Solving the Economic Load Dispatch Problem by
Attaining and Refining Knowledge-Based Optimization. Mathematics,
2025, vol. 13, no. 7, art. no. 1042. doi:
https:/doi.org/10.3390/math13071042.

20. Patty S., Das R., Mandal D., Roy P.K. Self-adaptive multi-
population quadratic approximation guided Jaya optimization applied to
economic load dispatch problems with or without valve-point effects.
Results in Control and Optimization, 2025, vol. 19, art. no. 100543. doi:
https://doi.org/10.1016/j.rico.2025.100543.

21. Awadallah M.A., Al-Betar M.A., Braik M., Abu Zitar R., Assaleh
K., Alkoffash M., Shambour Q.Y. Memetic Salp Swarm Algorithm for
economic load dispatch problems. Scientific Reports, 2025, vol. 15, no. 1,
art. no. 30539. doi: https:/doi.org/10.1038/s41598-025-16208-w.

22. Rao R.V,, Savsani V.J., Vakharia D.P. Teaching—learning-based
optimization: A novel method for constrained mechanical design
optimization problems. Computer-Aided Design, 2011, vol. 43, no. 3, pp.
303-315. doi: https:/doi.org/10.1016/j.cad.2010.12.015.

23. Holland J.H. Genetic Algorithms. Scientific American, 1992, vol. 267,
no. 1, pp. 66-73. Available at: http://www.jstor.org/stable/24939139.

24. Kennedy J., Eberhart R. Particle swarm optimization. Proceedings
of ICNN"95 - International Conference on Neural Networks, 1995, vol.
4, pp. 1942-1948. doi: https://doi.org/10.1109/ICNN.1995.488968.

25. Rashedi E., Nezamabadi-pour H., Saryazdi S. GSA: A Gravitational
Search Algorithm. Information Sciences, 2009, vol. 179, no. 13, pp.
2232-2248. doi: https://doi.org/10.1016/].ins.2009.03.004.

26. Mirjalili S., Lewis A. The Whale Optimization Algorithm.
Advances in Engineering Sofiware, 2016, vol. 95, pp. 51-67. doi:
https://doi.org/10.1016/j.advengsoft.2016.01.008.

27. Mirjalili S., Mirjalili S.M., Hatamlou A. Multi-Verse Optimizer: a
nature-inspired algorithm for global optimization. Neural Computing
and Applications, 2016, vol. 27, no. 2, pp. 495-513. doi:
https://doi.org/10.1007/s00521-015-1870-7.

272X.2026.2.05.

12. Bouhadouza B., Sadaoui F. Optimal power flow analysis under
photovoltaic and wind power uncertainties using the blood-sucking leech
optimizer. Electrical Engineering & Electromechanics, 2025, no. 6, pp.
15-26. doi: https://doi.org/10.20998/2074-272X.2025.6.03.

13. Naidji M., Toubal Maamar A.E., Boudour M., Garmat A., Aissa-
Bokhtache A. Comparative analysis of numerical, evolutionary and
metaheuristic methods for experimental implementation of selective
harmonic elimination in a five-level emerging inverter. Electrical
Engineering & Electromechanics, 2026, no. 2, pp. 59-66. doi:
https://doi.org/10.20998/2074-272X.2026.2.08.

14. Panigrahi B.K., Ravikumar Pandi V., Das S. Adaptive particle
swarm optimization approach for static and dynamic economic load
dispatch. Energy Conversion and Management, 2008, vol. 49, no. 6, pp.
1407-1415. doi: https://doi.org/10.1016/j.enconman.2007.12.023.

15. Wood W. Spinning Reserve Constrained Static and Dynamic
Economic Dispatch. [EEE Transactions on Power Apparatus and
Systems, 1982, wvol. PAS-101, no. 2, pp. 381-388. doi:
https:/doi.org/10.1109/TPAS.1982.317118.

16. Ba W., Sun W., Zhao C., Li Q. A novel economic load dispatch
method of microgrid based on hybrid slime mould and genetic algorithm.
Journal of Electrical Systems and Information Technology, 2025, vol. 12,
no. 1, art. no. 53. doi: https://doi.org/10.1186/s43067-025-00252-7.

17. Ismaeel A.AK., Houssein E.H., Khafaga D.S., Abdullah Aldakheel
E., AbdElrazek A.S., Said M. Performance of Osprey Optimization

How to cite this article:

28. Kaur S., Awasthi L.K., Sangal A.L., Dhiman G. Tunicate Swarm
Algorithm: A new bio-inspired based metaheuristic paradigm for global
optimization. Engineering Applications of Artificial Intelligence, 2020, vol.
90, art. no. 103541. doi: https:/doi.org/10.1016/j.engappai.2020.103541.
29. Mirjalili S., Mirjalili SM., Lewis A. Grey Wolf Optimizer.
Advances in Engineering Sofiware, 2014, vol. 69, pp. 46-61. doi:
https://doi.org/10.1016/j.advengsoft.2013.12.007.

Received 02.01.2026
Accepted 18.03.2026
Published 02.07.2026

T. Hamadneh ', PhD, Associate Professor,

O. Alsayyed®, PhD, Professor,

M. Al Soudi 3, PhD, Assistant Professor,

! Department of Mathematics,

Al Zaytoonah University of Jordan, Amman 11733, Jordan,
e-mail: t.hamadneh@zuj.edu.jo (Corresponding Author)

2 Department of Mathematics, Faculty of Science,

The Hashemite University, p.o. box 330127, Zarga 13133, Jordan.
3 Department of Basic Scientific Sciences,

Applied Science Private University, Amman 11931, Jordan.

Hamadneh T., Alsayyed O., Al Soudi M. Efficient optimization of static economic load dispatch in electrical power systems using the
teaching—learning based optimization algorithm. Electrical Engineering & Electromechanics, 2026, no. 4, pp. 66-73. doi:

https://doi.org/10.20998/2074-272X.2026.4.09

Electrical Engineering & Electromechanics, 2026, no. 4

73



