/=# . \NAR Journal of Multidisciplinary Bulletin
ﬁ,c) p y

ISSN (Online): 1595-6709
(WARJMB) ISSN (Print): 1595-6636

Received: 02-04-2026 Revised: 26-04-2026 Accepted: 05-05-2026 Published: 18-05-2026

[ Research Article ]

Comparative Performance Analysis of Sharpbelly Fish and Equilibrium Optimizers for
Green Economic Load Dispatch Considering Prohibited Operating Zones and Multiple
Fuel Constraints

Do Huynh Thanh'Phong and Nguyen Thuy Linh?*

Faculty of electrical & electronics engineering, Ly Tu Trong College, Ho Chi Minh city, Vietnam Email:
nguyenthuylinh@Ittc.edu.vn

. Abstract
opmaAccess This study investigates the Green Economic Load Dispatch (GELD) problem,
focusing on the integration of renewable energy into traditional thermal grids.
Published in We evaluate and compare the performance of two meta-heuristic algorithms:
VOI- 2 Issue: 3 the Sharpbelly Fish Optimizer (SFO) and the Equilibrium Optimizer (EO),
DOI:10.5281/zen0d0.20259560 under realistic non-convex constraints. The methodology is validated on two
PP: 10-23 distinct scenarios: a 6-unit thermal system incorporating prohibited

operational zones, and a 10-unit system considering multi-fuel constraints
alongside 100 MW of wind generation. Comparative results indicate a scale-
. dependent performance divergence. While EO shows high reliability in smaller
Faculty of electrical & ) ) . . .
electronics engineering, Ly Tu configurations, SFO exhibits superior exploration and faster convergence as
Trong College, Ho Chi Minh  System dimensionality increases, resulting in more significant fuel cost
city, Vietnam Email: reductions. These findings offer a practical framework for optimizing hybrid
nguyenthuylinh@ltic.eduvn  energy portfolios and highlight the efficacy of swarm intelligence in achieving
low-carbon power dispatch.

*Correspondence:

Nguyen Thuy Linh

Keywords: Economic Load Dispatch; Sharpbelly Fish Optimizer; Equilibrium
Optimizer; Non-Convex Optimization; Metaheuristic Algorithms; Power
System Optimization.

I ntroduction

The economic load dispatch (ELD) problem has long been regarded as a fundamental and critical task in
the efficient operation of modern power systems [1]. Traditionally, ELD solutions focused on optimally
distributing the generation output among thermal power plants (TPPs) — predominantly fossil-fuel-based
units — to satisfy the system load demand at minimum total generation cost, subject to operational and
system constraints [2]. Nevertheless, growing concerns over greenhouse gas emissions and their adverse
effects on public health and ecological systems have prompted a paradigm shift in power system planning
and operation [3]. As a result, the integration of green energy sources (GESSs), particularly wind and solar
photovoltaic generation, into the existing grid infrastructure has gained substantial momentum. Such
integration not only contributes to a cleaner environment but also yields notable economic benefits by
reducing dependence on costly fossil-fuel-based generation [4]. Consequently, the conventional ELD
framework has been extended to accommodate renewable energy sources (RESS), giving rise to the green
economic load dispatch (GELD) problem [5].
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The GELD problem is inherently nonlinear in nature, rendering it a highly complex optimization
challenge. Conventional gradient-based and deterministic iterative techniques [6—7] are widely recognized
as inadequate for reliably identifying global optimal solutions, particularly in large-scale power systems
comprising numerous TPPs with heterogeneous and non-convex operating characteristics. This limitation
has driven increasing demand for more powerful and flexible optimization frameworks. Meta-heuristic
algorithms, owing to their population-based search mechanisms and strong global exploration capabilities,
have emerged as highly effective tools for addressing such complex problems. Motivated by this, a
substantial body of literature has applied diverse meta-heuristic strategies to solve both ELD and GELD
problems, including the Growth Optimizer Algorithm (GOA) [8], artificial bee colony algorithm (ABC) [9],
turbulent flow of water algorithm (TFW) [10], Krill Herd Algorithm (KHA) [11], memetic Sine cosine
algorithm (MSC) [12], Stochastic Shaking Algorithm (SSA) [13], osprey optimization algorithm (OOA)
[14], clustering cuckoo search (CCS) [15], Jaya Algorithm (JA) [16], multiswarm statistical particle swarm
optimization (MS-PSO) [17], grasshopper optimization algorithm (GrOA) [18], Dandelion Optimizer (DO)
[19], improved mayfly optimization algorithm (IMOA) [20], enhanced emperor penguin optimization
(EEPO) [21], five phases algorithm (FPA) [22], Greylag Goose Optimization (GGO) [23] and the Elk Herd
Optimizer (EHO) [24]. Beyond these, comparative evaluations of emerging algorithms — such as Starfish
Optimization, Sand Cat Swarm Optimization, Weighted Average Algorithm (WAA), and Mirage Search
Optimization — have further enriched the understanding of algorithmic behavior across complex benchmark
landscapes [25]. Recent studies have highlighted the importance of advanced control strategies and system
reliability in modern power systems. Hybrid control methods combining hysteresis current control and
SPWM have shown improved dynamic response and reduced oscillations in electric drive applications [26].
In addition, fault-tolerant control techniques based on observer and reconfiguration strategies have been
developed to maintain stable operation under sensor failures [27]. These developments indicate that effective
ELD and GELD solutions require not only efficient optimization algorithms but also reliable control and
resilient system operation.

This study evaluates the performance of two recent meta-heuristics— Sharpbelly Fish Optimizer
(SFO) [28] and Equilibrium Optimizer (EO) [29] —in solving the Economic Load Dispatch (ELD) problem.
While EO utilizes a mass balance framework and an ‘equilibrium pool' to stabilize its search trajectory, SFO
simulates collective fish dynamics through adaptive strategies to maintain population diversity. These
algorithms are implemented to optimize power dispatch for 6-unit and 10-unit thermal systems, aiming to
minimize total generation costs. To reflect a realistic modern energy landscape, the model further integrates
100 MW of wind generator (WG), providing a comparative analysis that remains largely unexplored in
existing literature.

The primary contributions of this work are summarized as follows:

- Implementation of EO and SFO for large-scale optimization: The primary goal is to find the
most efficient power dispatch settings for two distinct scenarios: an initial 6-unit thermal system constrained
by prohibited operating zones, and an expanded 10-unit setup that accounts for complex fuel limitations.

- Modeling of Green Economic Load Dispatch (GELD): Integrating wind and solar energy into
the optimization framework and quantifying their impact on reducing total production costs compared to
conventional scenarios.

- Rigorous performance benchmarking: Conducting a comparative analysis based on accuracy,
convergence speed, and stability to identify the most robust algorithm for complex power grids.
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- Practical roadmap for renewable integration: Providing a technical reference and strategic
framework for incorporating volatile renewable sources into modern grid infrastructures.

1. Problem formulation
1.1.  Objective function
The main objective of this study is to minimize the total generation cost (TGC) of all thermal power
plants (TPPs) in the considered power system. The TGC is formulated as [4]:
Ngen
MinTGC = Z ag + by X POy + ¢, X PO?
=1 1)
with g = 1, s Ngen

where, TGC is the total generation cost of all thermal generators in the system; ag, by, and c, are the
cost coefficients of generator g; PO, is the power output of generator g; Ny, is the total number of
generators.

1.2. v Fitness function

As introduced previously, the optimization problem in this study is solved using a metaheuristic
algorithm, where a fitness function is evaluated throughout the search process. The fitness function is
composed of the objective function defined in Eq. (1) and an additional penalty term, expressed as:

FV; =TGCs + A X Peng 2)

whereFV; is the fitness value of solution s, with s =1, 2, ..., Ngo and N denotes the total number of
candidate solutions; TGC, is the total generation cost corresponding to solution s; A is the penalty
coefficient; Pen, represents the penalty value associated with constraint violations.

1.3.  Theinvolved constraints

o Multiple Fuel Constraints of Thermal Power Plants

As mentioned earlier, this research will evaluate the multiple fuel constraint of each TPP, and the
mathematical expression of the constraint is given below:

((ag1+bg1 X POy +cyy X POZ; itPO;Y < PO, < PO;M"

TFC = ! Qg2 + bya X POy + cgp X POZ;  ifPOF'™ < PO, < POF™MO"
2)

lag,,, + by, X POy + ¢y, X POZ;  ifPOY'Y < PO, < PO;™O"

Where a4, by, and ¢y, denote the fuel cost coefficients of TPP g operating with fuel type 1. The

terms POgl'l"Wand PO,i'highrepresent the minimum and maximum power generation limits of unit g under the
first fuel option, respectively. Likewise, a, ,, by, and c, , correspond to the fuel cost coefficients associated
with fuel type 2, while POQZ'“’Wand Pogz'highindicate the corresponding lower and upper operating limits. In
general, for fuel type v, the coefficients a4, by, and c,,, describe the fuel cost characteristics of TPP g,
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whereas PO‘;"lOW and POJ'highdefine the minimum and maximum output power levels achievable when unit
g operates using fuel type v. Here, v denotes the index of the available fuel types.

o The prohibited operational zone constraint
The mathematical model of the prohibited operational zone constraint (POZ) is formulated as
follows:
POi%pg < POrppg < POtrpg,

!
POrrp 4 € { POTppgz—1 < POrppg < POrppgs;z=2,..,n;Vz €0

high

3)
PO%PP,g,ni < POTPP,g =< POTPP,g

Where,PO‘TTP,g,1 is the lower boundary of power output of the 1th prohibited zone; POrpp 4 ,—1is the
upper boundary of power output of the (z-1)th prohibited zone with z=1, 2, ..., n; and n; is the number of
the POZs of the TPPs; PO’TPP,g,Zis the lower boundary of power output of the zth prohibited zone;
POZpp g, 1S the upper boundary of power output of the n;th;

o Power balance constraint:
This constraint ensures that the total generated power from all available sources matches the system
demand, including transmission losses. It can be expressed as [30]:

Ngen Nowu Nosu
Z POg + Z POOWU,W + Z POOSU,S = POD + POL 4)
g=1 =1 r=1

gen
=1

wind units, respectively; PO, denotes the total power output required by the load demand; PO, signifies the
total power output loss due to transmission line characteristics.

where g PO, is the total power produced by thermal generators; POqyyis the power output of

The transmission loss in Eq. (4) is calculated using the following quadratic form [31]:

Ngen Ngen Ngen
PO, = Z Z POy X LPgy, X POy + Z LPyg X POy, + LPy, 5)
g=1 h=1,g#h g=1

where, LPyy, LPgq, and LPy, are the network loss parameters.

J Generator operating limits:
This constraint ensures that the output power of each thermal generator remains within its allowable
operating range [32],[33]:

POJM™ < PO, < POJ™™ N

where, PO&"“‘ and POg*** are the minimum and maximum power output limits of generator g; PO,
the actual power output of generator g.

o Wind generation limits
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As mentioned earlier, this research integrates a 100 MW wind generator in both systems. The power
output of a wind generator is restricted by its technical capabilities [34 - 36]:

PO < POy < POINX 7
wherePOR and PO are the minimum and maximum of power output of the WG ; POy is the
power output by the WG.

2. Applied algorithms

2.1.  Sharpbelly Fish Optimizer (SFO)

2.1.1. Velocity calculation

Ateach iteration, the position of every solution is updated through a composite velocity that
integrates four distinct behavioral components: directional movement, collective aggregation, random
perturbation, and reinitialization. Each component targets a specific challenge in balancing exploration and
exploitation during the search process. Solutions are naturally inclined to drift toward regions of the search
space that have already shown higher quality.

The movement velocity for each solution is computed as follows:

V"o = w, xrand x (Pbest — P )

8)
w, =1-— Fe,
l max(TN: Fp,) + 6 9)

wherelV/*°¥¢ is the displacement vector of the i-th solution at iteration m, and w,, is an adaptive
weight that reflects the solution's relative performance within the current population. P, the global best
solution; P; the current position with i = 1, 2, ..., Npz with Npz is the population size; Fp, is the fitness
value of the current solution; max(XiL, Fp,) is the worst fitness value across all solutions at current
iteration, which serves as a normalization reference for scaling individual movement rates. The small
constant & > 0 is included to prevent any numerical instability caused by division by zero.

The aggregation velocity is formulated as:

V99 = B x rand X (Pyes — P; ) 10)
WhereVlfgg denotes the aggregation velocity of the i-th solution, directing it toward the global best

position P,,... The coefficient B € (0,1) governs the intensity of this attraction, allowing the algorithm to
maintain a consistent exploitative pressure across all solutions regardless of their individual fitness levels.

The perturbation velocity for each solution is defined as:

V.perturb _ {0' X RV, if r< Pq
' 0,  otherwise 11)

where VP¢"™"" is the perturbation displacement applied to the i-th solution, RV denotes a standard

Gaussian random vector, and r is a uniformly drawn random number compared against the activation
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threshold P, € [0,1]. The scaling factor ¢ controls how large the perturbation step can be. A larger value of
P, increases the frequency of random disruptions, which benefits exploration, while a smaller value keeps
the search more focused and stable around promising regions.

The reinitialization velocity is formulated as:

preinit _ {A X (2xrand —1) X (bup - blow)» ifkstag = Tp
' 0, otherwise 12)

whereV/¢™™¢ represents the reinitialization step applied to solution m when stagnation is confirmed.
The counter kg, tracks how many consecutive iterations have passed without improvement in the best
objective value. Once k.,  reaches the patience threshold T,,, the affected solution is relocated by a random
vector scaled by A € [0,1], which determines the extent of the repositioning within the search bounds
byp; biow. This mechanism effectively prevents the population from clustering prematurely and helps the
algorithm recover from local optima.

2.1.2. Position Update
At each iteration, the total displacement of every solution is obtained by summing all active velocity
components generated by the mechanisms described in the previous subsections:

V.

turb .
. = Vimove +Viagg _l_VipeT‘ ur +Viremlt

13)

Where V; the total velocity of the solution ith.
Once the composite velocity is determined, the new position of the ith solution is updated using the
following expression:

PreW =p, +V, 14)

Where P/**" is the new position of the ithsolution;
To maintain feasibility throughout the search, every updated position is immediately clipped back
into the allowable search domain using a simple boundary-handling operation:

pl,neW = min(max(PineW; blow)’ bup) 15)

After the new solutions are fully determined and checked for their violation of the search space, the
refining procedure will commence using the following expression:

new . new
Pnew _ {Pl , lf Fpinew < FPBest
g =

Where Fpriew is the fitness value of the new position;

2.2.  Equilibrium Optimizer (EO)
The initial set of equilibrium candidate solutions is constructed by uniformly distributing particles
across the search space as follows:
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Pi — PilOW + Py X (Pl-high _ Pilow)

17)
Where p: is a randome value in the interval of zero and 1.

The equilibrium reservoir P"®° is subsequently constituted from the four highest-ranked candidate
solutions identified within the current population, augmented by their arithmetic mean, as expressed below:
P7e = [Pay; Pay; Py Prays Pawean ]
18)
At each iteration, a new candidate solution P/**" is derived by combining the current candidate P; with
a randomly selected member P"¢ drawn from the equilibrium pool, governed by the following update rule:

new _ pres __ pres _
P; Pt + (P; PR1)><,3+vaVX(1 F) 19)

In this formulation, B is a balancing factor that regulates the trade-off between global exploration and
local exploitation; y denotes the generation rate, which constitutes the most critical component of the proposed
algorithm as it governs the intensification of the exploitation phase to enhance solution accuracy; Sv is a
stochastic vector sampled uniformly from [0, 1]; F is the exponential term; V is the initiail control volume.

The auxiliary parameters are defined as follows:
B = a, x sign(rand — 0.5) x (e™*¢ — 1)

20)
Yy =YoXF
21)
Gy = GCP X (PF$° — A X P;)
22)
_ (0.5 X Rand1. rand2 = GP
Geh = {0 rand2 < GP 23)
where P9 represents the generation probability threshold
£\ @xe )
a=(1-—)
tmax 24)

In EQ. (24), t denotes the current iteration index and tmax is the maximum number of iteration index,
while au and o2 are algorithm-specific control constants.

3. Results and discussions

To evaluate the performance of the proposed methodologies, both the Sharpbelly Fish Optimizer and
the Equilibrium Optimizer were implemented within the MATLAB 2018a environment. The computational
simulations were conducted on a workstation powered by an Intel(R) Core(TM) i7-14700 processor (2.10
GHz) and 32 GB of RAM. This hardware configuration was chosen to ensure high processing speeds and
the consistency of the numerical results. In this study, the practical effectiveness of the algorithms was
validated across two distinct test systems. The first system consists of 6 thermal units incorporating the
prohibited operational zone constraint, while the second is scaled up to 10 units considering multiple fuel
constraints. The inclusion of the 10-unit system serves to assess the algorithms' optimization capabilities
when dealing with increased complexity and higher-dimensional search spaces.
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3.1.  The results obtained on the first system

To test how reliable the proposed methods are, 50 independent runs were carried out, with results
shown in Figure 1. SFO proved unstable — its fitness values varied widely across trials, suggesting it often
gets stuck in local optima. EO, on the other hand, was much more consistent, repeatedly finding good
solutions at a lower average cost. This makes EO the stronger choice for exploring the search space and
finding high-quality solutions. Figure 2 compares how SFO and EO converge over 100 iterations using
minimum, average, and maximum fitness values. SFO drops quickly at first but tends to level off early,
getting trapped in suboptimal areas. EO keeps improving throughout, balancing exploration and exploitation
more effectively and reaching better final solutions. Figure 3 shows the statiticalvalus of TGC achieved by
SFO and EO through the three criteria including the Minimum TGC (Min TGC), Mean TGC (Mean TGC),
and Maximum TGC (Max TGC). The most notable gaps are in Mean and Max fuel costs, where EO saves
$0.23/h and $0.75/h, respectively. Its STD of 0.0033 is also two orders of magnitude smaller than SFO's
(0.2013), meaning EO behaves far more predictably. Over long operating schedules, these savings add up
significantly, making EO a practical and reliable option for large-scale power system optimization.

Figure 4 shows how power is distributed across six thermal units (ThU 1-6) for both SFO and EO.
The two algorithms produce very similar profiles. ThU 1 handles the largest share of the load at around
527.9 MW. Small differences appear in ThU 3 and ThU 6 — where SFO slightly reduces ThU 1's load and
makes up for it with a higher output from ThU 6. Overall, the results are closely matched, showing that both
SFO and EO can find valid, high-quality dispatch solutions within the given constraints.

4
1.41056 (1%,
- — =SFO
1.41054 | | ] - - -0
1
! / n
—_ '| 'l b 1!
= 1.41052 1 1 I
Z l o I
&) ! 4 I y ! i1
= N 1 1 ] 'l - -~
= ratos v Ay |ll I TP P
: / \
| ! 1 N N I 1
ratoas 0 0y \ \ ]
I R Iz _ Y2
1.41046

5 10 15 20 25 30 35 40 45 50
Trial runs

Figure 1. Fuel cost distribution of SFO and EO over 50 independent runs for the 6-unit test system

4 C)
1.4105 1.4125 1.4116 =10
h
1.410495 -z : 1.4114 n
: . 1.412 1
o 1.41049 12 1 1.4112 H
= H 1
s F | i
2 1.410485 % ¢ {1.4115 § {1 1an
o T H rl
=] E
'E HE | By
1410481 § 1.4108 fy
i 1 1.411 §|
1.410475¢ & 1 1.4106 -"__l
H S ECEEEEEEEE e LR
1 ~ o
1.41047 L7227 TIETETETH1.4105 rerzoezpenzanezeasas 1.4104
(0] 50 100 50 100 (0] 50 100
Iteration Iteration Iteration

Copyright © 2026, Authors retain copyright. Licensed under the Creative Commons Attribution 4.0 International Page 17
License (CC BY 4.0), which permits unrestricted use, distribution, and reproduction in any medium, provided the

original work is properly cited. https://creativecommons.org/licenses/by/4.0/ (CC BY 4.0 deed)




e WAR Journal of Multidisciplinary Bulletin

ISSN (Online): 1595-6709
(WARJMB) ISSN (Print): 1595-6636

Received: 02-04-2026 Revised: 26-04-2026 Accepted: 05-05-2026 Published: 18-05-2026

Figure 2. Convergence profiles of SFO and EO for (a) min, (b) mean, and (c) max fitness values on the
6-unit test system.
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Figure 4.0Optimal power dispatch of thermal units obtained by SFO and EO for the 6-unit test system.

1.1.The results obtained on the second system

Figure 5 shows the stochastic performance of SFO and EO over 50 independent trials. SFO proved to
be highly consistent, staying close to the global optimum with very little variance across all runs. EO,
however, was more sensitive to initial conditions, leading to larger fluctuations and a standard deviation of
0.1833. This instability makes EO less reliable for complex power dispatch problems. SFO's steady results
and lower average costs show it handles the randomness of metaheuristic search much better. The
convergence curves in Figure 6 tell a similar story. SFO descended much faster in the early stages and
reached a stable plateau well before EO, showing it has a strong exploitation mechanism that finds better
solutions in fewer iterations. Both methods eventually approach the global minimum, but SFO consistently
maintains a lower fitness level throughout. This confirms SFO as the more efficient and dependable option
for this problem. Figure 7 compares both algorithms across four key metrics. Both achieve the same
Minimum Fuel Cost ($574.381/h), but SFO pulls ahead in everything else — a lower Mean Fuel Cost of
$574.453/h, a reduction in Maximum Fuel Cost by $0.036/h, and a Standard Deviation of 0.1457 compared
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to EO's 0.1833, a difference of 0.0376. SFO not only delivers better economics but also more consistent,
predictable results. Figure 8 shows the power output across ten thermal units (ThU 1-10) in MW. ThU 9
and ThU 10 carry the heaviest loads, while ThU 2 contributes the least. SFO's power distributions and fuel
costs closely match those of EO, which shows that SFO can handle complex engineering constraints just as

effectively.
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Figure 5. Fuel cost distribution of SFO and EO over 50 independent runs for the 10-unit test system
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Figure 8.0Optimal power dispatch of thermal units obtained by SFO and EO for the 10-unit test
system.

4. Conclusion

This study has successfully developed and implemented a robust optimization framework for the
Green Economic Load Dispatch (GELD) problem, integrating renewable energy sources with traditional
thermal power plants. Through the application of two advanced meta-heuristic algorithms—the Equilibrium
Optimizer (EO) and the Sharpbelly Fish Optimizer (SFO)—this research provides a detailed benchmark of
their performance in handling non-convex constraints such as valve-point effects and prohibited operational
zones. The experimental results demonstrate that both algorithms offer high-quality solutions; however, their
efficacy varies with system complexity. EO proved to be highly reliable in smaller-scale configurations,
maintaining remarkable statistical stability and minimal standard deviation across multiple trials. In contrast,
SFO demonstrated a superior ability to navigate high-dimensional search spaces as the system expanded to
include more thermal units and significant renewable penetration. The integration of 100 MW wind sources
not only reduced total generation costs but also highlighted the potential for substantial carbon footprint
reduction in modern grid operations. The primary contribution of this work lies in the direct comparative
validation of these two state-of-the-art algorithms, providing empirical evidence for their selection in large-
scale power system planning. Despite the positive outcomes, this study faces certain limitations. The current
model assumes static load demands and does not fully account for the inherent intermittency of solar and
wind generation in real-time scenarios. Furthermore, the optimization focuses primarily on economic cost,
without a detailed multi-objective analysis of emission levels. Future research will focus on expanding this
framework to include dynamic environmental economic dispatch (DEED) and considering the stochastic
nature of renewable energy through probabilistic modeling. Additionally, hybridizing EO and SFO to
leverage their respective strengths in stability and exploration could potentially yield even more efficient
tools for the next generation of smart grid management.
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