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Abstract: In order to resolve the issue of economic load dispatch (ELD), this research presents a novel metaheuristic optimization
approach called mountaineering team based optimization (MTBO). The MTBO approach, which prioritizes human connection and
teamwork, takes into account regular incidents on a mountain peak route. These kinds of techniques assess the leader's expertise, the
complexity of the climb, and the potential for the team as a whole to become stuck in a suboptimal state of performance. The
organization and social support of the organization are also thought to protect members against widespread calamities. The effectiveness
of the proposed strategy was evaluated using six ELD instances by including various practical limitations like valve-point effect (VPE),
prohibited operating zone (POZs) and ramp rate limit (RRL). The ELD problem are solved using the MTBO in conjunction with other
optimization techniques, such as the ant lion optimization (ALO), grey wolf optimization (GWO) and flower pollination algorithm
(FPA), and. The MTBO method is superior to other approaches in terms of its efficacy in optimising global solutions, as well as its
robustness and ease of application.

Keywords: ant lion optimization, economic load dispatch, flower pollination algorithm, grey wolf optimization, mountaineering team
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1. Introduction

The disparity between electricity consumption and
production has widened in recent years. It would be more
expensive to build and store new power plants than to
make greater use of the existing power plants. Economic
load dispatch (ELD) [1] issues are solved by using
optimization techniques in order to determine the optimal
allocation of power for generating units in order to reduce
generation costs. An ELD problem is described as a
quadratic function in the literature [2]. In a more practical
context, transmission losses, ramp rate restrictions (RRLS),
prohibited operating zones (POZs), and the valve point
effect (VPE) are all taken into consideration as prospective
elucidations to the ELD problem [3-5]. The ELD problem
is non-convex and nonsmooth as a result of these practical
constraints [6, 7].

The issues with ELD have been addressed using
conventional methods such the lambda-iteration and
Newton technique [8], gradient method [9], and base-point
method [10]. The preferred method for resolving ELD
problems in recent years has been metaheuristic
optimization algorithms [11-13]. Taking into account the
practical restrictions, the genetic algorithm (GA) [14],
particles swarm optimization (PSO) [15], artificial bee
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colony (ABC) algorithm [16], and differential evolution
(DE) [17] were used to solve the multi-objective ELD. The
Butterflies and Bat Algorithms are combined in the Hybrid
Approach (HYB) [18], and GA and PSO are combined
[19]: The modified frog-leaping method (MSFLA) and the
MOSHEPO [20, 21] are two variations of the frog-leaping
approach that are often employed to tackle ELD problems.

It has been proposed that the metaheuristic optimization
techniqgue known as mountaineering team based
optimization (MTBO) [22] method used to solve the ELD
problem. This exploration examines six distinct test cases
for the ELD issue in order to estimate the efficacy of the
suggested method in a variety of actual contexts. The
MTBO is contrasted with a wide range of optimizer
algorithms, including ant lion optimizer (ALO) [23],
flower pollination algorithm (FPA) [24], and grey wolf
optimization (GWO) [25], in order to address the ELD
problem.

2. Problem Formulation
2.1. Economic Load Dispatch (ELD)

The traditional method for solving the ELD Problem
ignores any practical limitations and works to decrease the
fuel costs of the generators that must supply the whole load
demand at a specific power output. In the majority of
formulations of the traditional ELD problem, the valve-
point effect is neglected, resulting in a quadratic fuel cost
function. The cost function associated with each generating
unit i can be expressed as a quadratic function in its
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simplest form.

Minimize
H:minf:iH(Pi) $/h)
i=1
1)
N
Fi(Pi)=Y (ajxP2+bjxP;+c)) (2

i=1
2.1.1 Equality Constraints

The addition of power consumed, transmission losses, and
electricity generated by generators must always equal zero.
The power equality equation is

N
z P= IDDem + I:>Los (3)
i=1

Losses must be accounted for if economical dispatch is to
be attained. The relationship between power output and
transmission loss is direct. Use equation (4) to
approximate your economic losses.

N N N
PL :z Z PiXBinPj+z BOiXPi+BOO
i=1 j=1 i=1

(4)
2.1.2 Inequality Constraints

The actual power output of each generator is limited by its
utmost and minimum power limitations, respectively. In
Equation (5), an inequality restricts the producing power to
a particular range.

IDimin < PI < leax (5)
2.2. ELD with Valve-point effect (ELDVPE)

The generator-produced heat rate curve is not linear in
higher order due to the sequential valve opening
mechanism used in multivalve steam turbines. The cost
function is non-convex and has a lot of minima due to the
action of the valve point. The accuracy of mathematical
equations (ELDVPE) is increased by modifying the impact
of the valve points using the sine function. Commonly, the
cost objective function of the ELD problem is expressed as
the addition of a sinusoidal function and a quadratic cost
function when the effects of valve-point impacts are
considered (ELDVPE).

The time necessary to open the valve is included in the cost
function, which can be expressed as

Fp = R (P) = aix P7 + by x Py + ¢ +[e; xsin(fix ( Pryn—P1))| (6)
2.3. ELD with Ramps rate limit (ELDRRL)

In reality, the ramp rate limitation diminishes the
operational period in which online units may change the

operation of the generator throughout each of two
operating periods. Consequently, the range depicted below
is the utmost range within which the power output of a
practical generator can be rapidly adjusted.

™

(P, — Pi)< UR; when generation increases
(Pgj — P;) <DR; when generation decreases

The following equation provides a mathematical
expression for the operational ramp-rate limitations of
units:

I:’i mini,r < Pi < I:’i maxi,r
®)

Pimin,r = Max(Pimin, Poi — DR;)

Where 9

Pimax,r = MiN(P; max, Poi + UR;)
2.4.ELD including Prohibited Operating Zone
(ELDPOZ)

The generators might not be able to operate within a
limited range due to mechanical limitations like a damaged
condensation valve or extremely loud pulsation in the shaft
bearings. As a result, the cost curvatures have gaps that
symbolize the small working domains. The unit must be at
or above the zone's verge to function properly inside a
restricted region. A non-convex set consists of at least two
convex regions separated by prohibited regions. However,
near the limited zone, disturbance in real-world
performance testing or operational data could obscure the
input-output curve's contour. In actuality, it is more
economical not to dispatch any employees there.

P iminimum < P < P:J

| -
L <Pi<Piji=20n;
P Eni < P < P jmaximum

(10)
3. Mountaineering Team Based Optimization

The MTBO method takes into consideration natural
phenomena as well as human conduct and collaboration,
thanks to input from mountaineers. The authors report a
dearth of previous work on this unconventional approach
to optimization studies. The main goal of this study is to
conclude the MTBO algorithm performs for typical
problems and tasks in engineering design. The competence
of the MTBO algorithm is evaluated in association to other
popular modern algorithms.

3.1 Inspiration

A new metaheuristic approach that considers natural events
and is motivated by collaboration and social behaviour. In
a wide variety of practical applications, its MTBO
optimization performance is preferable to that of other

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(1s), 201208 | 202



well-known techniques. It has an advantage over more
contemporary methods because it converges to a globally
optimal solution rapidly and adequately. Below are the
logical steps of the MTBO algorithm, which originated in
order to make it easier for the team to climb the mountain
carefully and in unity despite the natural calamities.

3.2 Mathematical model
3.2.1  Cooperative mountaineering is the first phase

Typically, the climber with the most experience is in
command, similar to how optimization researchers select
the optimal algorithmic option at any given time. This
position is filled by the algorithm's top performer or the
ascending team. To reach the pinnacle or obtain the best
solution overall, the finest, or the entire group, follows this
individual's direction. As a result, group members progress
in the methods outlined below.

Xinew =Xj+ l"”"m‘i(xleader - Xi)
(11)

A mountaineering team's leader is in charge of overseeing
all activities, and members are typically evaluated from
best to worst. In addition to serving as the group's
commander, the individual in front of them also acts as a
guide and director. Follow the individual who is in front of
themselves until everyone is evaluated from best to worst
is an analogous MTBO method.

X;’]eW = Xi + rand(X|eader - XI) + rand(Xii - X,) (12)

In the context of optimization, it is believed that
each action will occur at random with a probability of Li.
This is the resulting pseudo-code:

if random < Li
X =X+ random (X jgager— X i ) + random ( X ;i —X;) (13)
end

3.2.2  Natural disaster effects at the second stage

If natural calamities occur while hikers are on the trail,
they risk injury or death, thereby securing the residents'
optimal environment. The MTBO algorithm significantly
depends on the occurrences of avalanches and clifffalls.
Avalanches have a significant impact on the MTBO's
optimization strategy. Therefore, it is more probable that
an avalanche will begin at this time than at any other.
Avalanches have a significant impact on the MTBO's
optimization strategy. Permitting the individual to depart
on foot discourages them from remaining at the optimal
solution's local maximum.

X = X; —rand(X avatanche — %) (14)

Given the assumption that the avalanche probability is
equal to Ai, the pseudocode as follows:

if rand <A,
X?ew =X; —rand(X yajanche ~X;) (15)
end

3.2.3 The third stage is an integrated and coordinated
response to natural disasters

The highly effective and well-informed manner in which
members assist and guide one another distinguishes human
communities from other phenomena and species. For a
climbing expedition to be successful, the group's ability to
collaborate is crucial. If a climbing team member falls or
becomes entangled, the others will strive to extricate them.
The ith team member is assumed to be in the same position
as the remainder of the team, which is either Xmean or
XTeam, depending on the measure employed.

X{ =X + rand(Xeam — ) (16)

In this phase, the pseudo-code assumes that Mi equals the
probability of locating the optimal local response or the
prospect of rescuing someone from a landslip.

if rand < M,
XY =X, +rand(X o, —X;) 7
end

3.2.4 Potential Member Loss in the Fourth Stage

The MTBO technique takes this into attention by randomly
selecting a new member to replace the departing one using
the equation below.

Xinew = X(Xmax - Xmin O)min (18)

3.3 Mathematical Complexity of MTBO

The MTBO method calculations are done in three steps:
initialization, fitness assessment, and updation of
population. O ( NPP) intricate computation is required to

initiate the procedure with NPP entities. The evaluation
difficulty of the enhancement method is evaluated as
O (itera max x NPP) + O (itera max xNPP x Diff) .The
practice comprises adjusting the position vector for all
populations and looking for the best site, where Iteramax is
the maximum no. of allowed iterations and Diff is the
difficulty of the problem.

O(MTBO) = O (NPP* (itera max +itera max * D +1) (19)
4. Results and Discussion
4.1 Introduction

The suggested MTBO has successfully included six test
cases to solve ELD problem. Consideration is given to

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(1s), 201208 | 203



transmission losses, ramp rates, ramp amplitudes, VPE,
and POZ. Table 1 contains a listing of the characteristics
utilised in these six evaluations. MTBO's effectiveness in
comparison to other optimization techniques like ALO,
FPA, and GWO should be evaluated.

Table 1. Six Case Studies Characteristic

;222 PL | VPE | RRL | POZ (l\:\?v) Uniits
Casel | 800 | 6 [40]
Case2 | N 283.4 | 6[42]
Case3 | N 1263 | 6[48]
Cased | N N 1263 | 6 [48]
Case5 | N 1263 | 6 [48]
Case6 | N N N 1263 | 6 [48]

Table 2 provides the optimal results obtained by various
methods. Among all the methods MTBO provides better
results interms of power losses and operating cost. Figure 1
indicates the characteristics of convergence to proposed
methods like FPA, ALO, GWO, and MTBO. The MTBO
converge faster as compare with remaining three methods
even though all methods provide better cost as
41890.5076 $/hr.
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Fig. 1. Characteristics of Convergence in Case 1
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Fig. 2. Characteristics of Convergence in Case 2

Case 2 calculates and compares the optimal fuel
expenditure and power distribution for generators using a
variety of methodologies. NSO-GA [29], MSG-HP [30],
TLBO [32], ALO, GWO, and FPA are among these
methods. This investigation was prompted by the proposed
MTBO. Listed below are the collated results. MTBO's
hourly rate is the lowest, at 924.8776 dollars. Figure 2
depicts the cost convergence curve for FPA, ALO, GWO
and MTBO, which reveals that MTBO has a better
convergence rate than the other three methods.

Table 2. Optimal results of Test System (Case 1)

PSO (26) | CSA(27) |FFA(28) | ALO GWO FPA MTBO

PL(MW) | 32.67 50.6613 32.5861 33.9086 33.9061 33.9125 33.9122

P2 (MW) | 14.45 32.5863 14.4843 14.4444 14.4940 14.4023 14.4027
P3(MW) | 141.73 14.4843 141.548 141.2628 141.2544 141.2750 141.2749
P4 (MW) | 136.56 136.0450 | 136.045 135.6417 135.6336 135.6481 135.6478
P5 (MW) | 257.37 2430090 | 257.664 257.3038 257.2812 257.3120 257.3118
P6 (MW) | 242.54 2533120 | 243.009 242.6118 242.6020 242.6245 242.6251
PL (MW) | 25.3200 25.3300 25.3309 25.1731 25.1714 25.1744 25.1744

PT (MW) | 825.32 825.3300 | 825.3309 | 825.1731 825.1714 825.1744 825.1744
FC($/hr) | 41896.66 | 41896.90 | 41896.7 41890.5076 | 41890.5076 | 41890.5076 | 41890.5076
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Table 3. Optimal results of Test System (Case 2)

NSO-GA[29] | MSG-HP[30] | TLBO[32] [|GWO ALO FPA MTBO
P1(MW) 182.4784 199.6331 197.8648 199.5996 | 199.5997 | 199.5996 | 199.5996
P2(MW) 48.3525 20.0000 50.3374 20.0117 20.0000 20.0000 20.0002
Ps(MW) 19.8553 23.7624 15.0000 23.8450 23.9611 23.8091 239.9650
Ps(MW) 17.1370 18.3934 10.0000 19.1505 19.2833 19.1764 19.4335
Ps(MW) 13.6677 17.1018 10.0000 18.1232 17.5607 18.0782 18.3433
Ps(MW) 12.3487 15.6922 12.0000 13.6590 14.0130 13.7322 13.0357
PLoss(MW) 10.4395 11.1830 11.8022 11.0140 11.0428 11.0208 11.0125
PT(MW) 293.8395 294.5829 295.2022 294.4140 294.4428 294.4208 294.4125
FC($/hr) 984.9365 925.6406 925.7581 924.9248 924.8993 924.8883 924.8776

Table 4. Optimal Costs Comparison of case 3, 4, 5 and 6 Studies to 6-unit system
MTBO FPA ALO GWO
CASE 3 (ELD) 15433.2734 15433.2734 15433.2734 15433.2734
CASE 4 (ELDRRL) 15452.6753 15452.6754 15452.6753 15452.6873
CASE 5 (ELDPOZ) 15433.1343 15433.1344 15433.1343 15433.1343
CASE 6 (ELDRPOZ) 15442.6753 15442.6754 15442.6753 15442.6753
Table 5. Optimal results of Test System (Case 6)
BSA[34] | EMA[35] MCS[36] ALO GWO FPA MTBO

P1(MW) 447.4902 447.3872 447.3997 447.0456 447.0748 447.0442 447.0448
P.(MW) 173.3308 173.2524 173.2392 173.1781 173.2096 173.1765 173.1765
Ps(MW) 263.4559 263.3721 263.3163 263.9637 264.0014 263.9632 263.9628
P4(MW) 139.0602 138.9894 138.0006 139.0554 139.0073 139.0645 139.0569
Ps(MW) 165.4804 165.3650 165.4104 165.5877 165.5685 165.5863 165.5902
Ps(MW) 87.1409 87.0781 87.0798 86.5854 86.5551 86.5810 86.5847
PLs(MW) 12.9583 12.4430 12.4460 12.4156 12.4164 12.4155 12.4154
PT(MW) 1275.958 1275.4430 1275.4460 1275.4156 1275.4164 1275.4155 1275.4154
FC($/hr) 15449.89 15443.075 15443.090 15442.675 15442.675 15442.675 15442.675

Case 3 (ELD) examines a 6-unit system devoid of peak
rate limits and POZs. In this scenario, the optimal hourly
cost for the entire MTBO system is 15433.2734 dollars.
Case 4 investigates the ramp rate limitations (ELDRRL) of
the same system without POZs. When ramp rate
constraints are accounted for, the optimal hourly cost
increases to a maximum of 15452.6753 dollars

Case 5 is the result of replacing the transition rate limits in
Case 3's POZs with ELDPOZs. Due to the participation of
the POZs, the greatest rate is 15433.1343 $/h. Case 6

(ELDRPOZ) describes the system from Case 3 with rise
rate limitations and POZs. When escalation rate limitations
and POZs are considered, operational costs increase to
15442.6753 dollars per hour, which is less than case 4 but
greater than case 3. Figure 3 depicts the characteristics of
convergence in case 6. The comparison of cases 3, 4, 5,
and 6 is shown in Table 4. The comparative analysis makes
use of BSA [34], EMA [35], MCS [36], GWO, ALO, and
FPA. Table 5 shows the results of applying these strategies
and the suggested MTBO to the generation units.
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Fig. 3. Characteristics of Convergence in Case 6

5. Conclusions

This work introduces a unique mountaineering team-based
optimization (MTBO) method for addressing economic
load dispatch (ELD) issues in the power system. By using
this method, human conduct is brought into line with
ecological and technological advancement. The proposed
algorithm accounts for the four phases of coordinated
climb, the consequences of natural disasters, the
importance of a strong front in the face of chaos, and the
potential for individual avalanche fatalities. The ant lion
optimization (ALO), grey wolf optimization (GWO), and
flower pollination algorithm  (FPA)  optimization
approaches have also been used to address the ELD and
CEED issues in addition to the MTBO method. Limited
acceleration and limited zones also contribute to the ELD
issue, in addition to gearbox losses. The MTBO approach
was shown to be the most efficient based on data from six
instances of the ELD problem. Real-time simulator
software can be used to evaluate the method under
consideration. Using this method, it is possible to analyse
in real time an extensive and complex power system
network using actual parameters. The analysis of the
results reveals that the proposed method can be used to
address an extensive range of single and multi-objective
problems in numerous fields of study. In the upcoming, the
MTBO algorithm and prominent evolutionary algorithms
may function better together.
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