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Abstract

Economic dispatch optimization problems with convex or quasi-convex characteristics, subject to equality and inequality
constraints, are challenging due to their inherent non-linear nature. These complexities arise from factors such as fuel
type, transmission system ramp rate limits, valve point effects, cost fluctuations, and valve point loading (VPL). This
paper presents an electromagnetic vector particle swarm optimization (EVPSO) technique to address a range of complex
and semi-economic load dispatch problems across different power systems. The method incorporates a phasor-based
mechanism to enhance standard particle swarm optimization (PSO) control structures. EVPSO is applied to three system
configurations involving fifteen, forty, and one hundred generating units, considering transmission losses without
imposing ramp rate constraints. Comparative simulations demonstrate that EVPSO performs effectively, emerging as a
reliable approach capable of delivering high-quality solutions for various economic load dispatch (ELD) scenarios. The
technique consistently yields promising results across different system sizes and configurations, surpassing conventional
methods in handling non-linearities and operational constraints. The development of EVPSO represents a significant
advancement in solving complex optimization problems in economic dispatch, highlighting its potential as a robust tool
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for achieving efficient and dependable energy dispatch across diverse power system environments.
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1.Introduction

The growing need for environmentally sustainable
and cost-effective energy management strategies has
accelerated the development of advanced
optimization methods tailored for modern power
systems. Among the critical challenges, the combined
economic and emission dispatch (CEED) problem [1]
stands out due to its dual objective—minimizing both
fuel cost and pollutant emissions. However, CEED is
characterized by its nonlinear, non-convex, and
multimodal nature, which renders conventional
optimization techniques inadequate in achieving
optimal or near-optimal solutions.

To overcome these complexities, researchers have
adopted nature-inspired metaheuristic algorithms
such as differential evolution (DE) [2], evolutionary
programming (EP) [3], genetic algorithms (GA) [4],
and Biogeography-Based Optimization (BBO) [5].
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These algorithms offer flexibility and robustness in
navigating non-convex landscapes. Among them,
particle swarm optimization (PSO) [6] has gained
considerable attention for its balance between
exploration and exploitation. However, conventional
PSO often suffers from early convergence and
stagnation in local optima, limiting its effectiveness
in solving CEED.

To address these limitations, electromagnetic-
inspired particle swarm optimization (EVPSO) has
emerged as a promising solution [7, 8]. EVPSO
extends PSO by introducing mechanisms inspired by
electromagnetic field theory, allowing particles to
attract or repel one another, thus maintaining
diversity in the swarm and improving global search
capabilities. The EVPSO algorithm iteratively refines
particle positions in the multivariate search space,
enhancing both convergence speed and solution
quality compared to classical methods [9, 10].
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The motivation for this study stems from the need for
more adaptive and robust optimization techniques to
tackle CEED, particularly in the context of increasing
global concerns about environmental degradation and
climate change. Minimizing emissions from power
generation has become a regulatory and ethical
necessity. Hence, optimization methods must not
only ensure economic feasibility but also support
environmental sustainability [11].

This research seeks to fill the gaps in existing
methods by introducing an advanced EVPSO
framework that improves the exploration-exploitation
trade-off, mitigates premature convergence, and
performs reliably across complex CEED landscapes.
The algorithm is tested on standard CEED
benchmark problems to demonstrate its effectiveness
relative to other optimization techniques such as DE,
EP, GA, and hybrid PSO approaches [12-14].

Furthermore, the practical significance of EVPSO
lies in its potential for deployment in real-world
systems, where uncertainty, dynamic load demand,
and emission constraints must be accounted for. This
makes EVPSO not only a theoretical contribution but
also a viable candidate for application in sustainable
power system operation [15-20].

This study aims to develop and evaluate the EVPSO
method to address the challenges of CEED. The
primary objective is to simultaneously minimize
power generation costs and pollutant emissions by
improving the exploration and exploitation
capabilities of the optimization process. The
proposed EVPSO framework integrates
electromagnetic principles into the conventional PSO
algorithm to overcome issues such as premature
convergence and limited solution diversity. By
benchmarking the proposed method against
established techniques such as DE, EP, GA, and
hybrid PSO, the study highlights its superior
performance in terms of solution quality and
convergence speed. The research also contributes a
detailed analysis of the trade-offs between economic
and environmental objectives, offering valuable
insights for real-world power system applications and
decision-making processes.

The rest of the paper is organized as follows:
literature review in Section 2, materials and method
in Section 3, results and discussion in Section 4, and
concluded in Section 5.
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2.Literature review

The economic load dispatch (ELD) problem has been
extensively explored, leading to the development of
numerous optimization techniques aimed at
enhancing power system performance. This literature
review examines key methodologies applied to ELD,
with a focus on multi-objective optimization, hybrid
approaches, and recent algorithmic advancements.
Han et al. introduced a multi-objective PSO
technique with adaptive strategies, demonstrating its
effectiveness in  balancing  exploration and
exploitation [21]. Although PSO—modeled on social
behavior—has been effective in handling ELD
problems, it suffers from limitations such as early
convergence and limited exploration capacity.
Niknam et al. modified the teaching-learning-based
optimization algorithm for reserve-constrained
dynamic ELD, mimicking classroom-based teaching-
learning processes to address dynamic constraints
more effectively.

Hybrid approaches have gained prominence for their
ability to integrate the strengths of multiple
algorithms. Kavousi-fard and Akbari-zadeh proposed
a hybrid framework using wavelet transforms,
artificial neural networks (ANNSs), and autoregressive
integrated moving average (ARIMA) models for
short-term  load forecasting, improving both
prediction accuracy and optimization efficiency.
BBO, inspired by species migration patterns, has also
been employed for economic emission dispatch due
to its ability to maintain population diversity and
avoid premature convergence [5]. Yang et al. [6]
applied EP for economic dispatch and Sinha et al. [7]
demonstrated EP’s effectiveness in addressing
complex fuel cost functions.

Recent developments have focused on hybrid
metaheuristic strategies that enhance solution quality
and convergence speed. Mason et al. and Ghasemi et
al. proposed the multi-objective simulated annealing
local search pattern swarm algorithm (MSSA) for
dynamic economic emission dispatch (DEED) [22,
23], which integrates swarm intelligence with local
search to handle dynamic characteristics of economic
dispatch. Kaur et al. [24] developed a hybrid
metaheuristic model combining heuristic
optimization with deep learning-based forecasting for
techno-economic dispatch in combined heat and
power (CHP) systems, significantly improving
microgrid management efficiency.
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Hybrid methodologies have shown great promise by
leveraging complementary algorithmic capabilities.
However, they also introduce challenges such as
increased computational complexity, which can
hinder real-time implementation, particularly in
large-scale systems. The effectiveness of such
methods is highly dependent on the integration
strategy and requires extensive tuning. Furthermore,
hybrid metaheuristics [25, 26], though capable of
producing high-quality  solutions, often lack
interpretability and may be difficult to deploy in
operational contexts without a deep understanding of
their internal mechanisms. Recent research has also
emphasized specific sub-domains, such as CHP
systems and emission-constrained dispatch [27, 28],
providing valuable insights but sometimes lacking
general applicability.

Future efforts should focus on the development of
comprehensive  optimization  frameworks that
simultaneously address multiple objectives and
constraints [29]. Several recent studies have laid the
groundwork for analyzing soft computing techniques,
particularly the electromagnetic vector-based PSO
(EVPSO) [30, 31]. Investigated CEED in CHP
systems using direct solution techniques, while
proposed a hybrid chaotic-based multi-objective DE
model for economic emission dispatch, enhancing
convergence and accuracy. Bhargava and Yadav
introduced a hybrid DE and Crow Search Algorithm
for CEED [32], and Habib et al. [29] applied the
honey bee mating optimization (HBMO) method,
addressing both cost and emission constraints.

Niknam et al. also extended MSSA for DEED [2],
and proposed hybrid algorithms for CEED [33-35],
reporting improved solution quality. Kaur et al. [24]
integrated wind power with hybrid metaheuristic
approaches in CHP dispatch systems [36, 37], further
enhancing precision and operational efficiency. The
literature on ELD optimization [38, 39] highlights
significant  progress in hybrid metaheuristic
development, offering robust tools for enhancing
operational efficiency. Nevertheless, challenges
related to computational burden [40, 41], algorithm
transparency, and real-time deployment remain.
Addressing these limitations is essential to support
the deployment of reliable and sustainable power
systems.

The objective of the EVPSO approach is to minimize
fuel consumption and pollutant emissions in thermal
power plants while adhering to operational
constraints such as inequality limits, ramp rate
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restrictions, and transmission losses. However, this
objective introduces several challenges. The
complexity of the optimization problem—due to
multiple conflicting objectives—requires precise
formulation to ensure the PSO algorithm performs
effectively across system scales. Managing
constraints through techniques like penalty functions
adds to the computational overhead. Moreover, the
algorithm’s robustness under uncertainties and
dynamic load variations must be assured for practical
utility.  Finally, thorough validation through
sensitivity analysis and large-scale simulations is
necessary to confirm the consistency and reliability
of EVPSO in real-world scenarios.

3.Methodology

The primary objective of multi-objective dispatch is
to minimize energy generation costs while
simultaneously satisfying fairness and inequality
constraints.

3.10bjective function

This formulation meets the criteria for a dual-
constraint optimization problem. Incorporating valve
point loading (VPL) effects into the cost model
makes it more realistic and advantageous, as it
captures the nonlinearity and ripples in fuel cost
characteristics. In this study, both the emission level
and the cost function are represented using cubic
equations to reflect their complex nature more
accurately. The integrated economic and emission
dispatch  optimization problem is formulated
accordingly. The fuel cost function F1i is defined in
Equations 1 and 2 as follows:

Fii = Yo fu(P) €)

Where Fi; is defines as shown in Equation 2.
Fli=Y%, L, + L,P + I3,P° +

abs (Ijh.sin {FSi(Pimin _ Pi))} n I5;P°Rs

hr (2)

In Equation 2, the coefficients 'y, 'z, I'si, ['4i, ['si and
I'si represent the pricing parameters of the fuel cost
function Fy; for thermal generating units. Among
these, ['si specifically accounts for the VPL effect,
capturing the non-smooth ripples in the cost curve
due to valve operation. P; indicate the power output
of unit i. These coefficients collectively define the
fuel purchase cost structure used in modeling the
thermal units' cost of fuel.

By quantifying the reduction in each type of
emission, the specific environmental benefits
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achieved through the implementation of emission
reduction strategies can be identified. This
breakdown emphasizes the contributions made
toward mitigating greenhouse gas emissions, such as
carbon dioxide (CO-), and reducing air pollutants like
nitrous oxide (N20O) and sulfur dioxide (SO2), thereby
demonstrating overall improvements in air quality
and environmental sustainability. Presenting this
detailed information enhances the transparency and
clarity of the environmental impact assessment and
strengthens the effectiveness of communication
regarding the outcomes of emission reduction
initiatives, as formulated in Equation 3.

FZL‘ = Z?:lrh‘ +I;3ipi +I:3L'Pi2 +
abs(n;exp(8;P,))} + L;P;°T/ hr 3)

Where Tz, Tsi, I'ei, mi, 6i and I\ represent the
emission-related coefficients in the emission function
F2i, as defined in Equation 3. Table 1, Table 2, and
Table 3 present the values of the cost coefficients,
emission coefficients, and the minimum and
maximum power generation limits for the 15-unit,
40-unit, and 140-unit test systems, respectively. The
values of I, Tei, mi, 8 and I are adopted in
accordance with the IEEE standard test case system
to ensure consistency and benchmarking validity.

Table 1 Cost and emission co-efficient with real power generation for 15 units

Unit Pimi" Pi Pi"mx rli rZi r3i r4i rSi rﬁi r7i rBi r‘!i ri ni 'Si
450 45 450 405 0.009 0.828 130.5 -1224 0.135 0.013 0.013 0.04 54 -144 0.02 0.01
450 45 450 405 0.009 0.45 130.5 -1224 0.135 0.013 0.013 0.036 54 -144 0.02 0.01
125 125 125 112.5 0.002 0.125 36.25 -340 0.0375 0.003 0.003 0.01 15 -40 0.02 0.01
125 125 125 112.5 0.0025 0.125 36.25 -340 0.0375 0.0037 0.0037 0.01 15 -40 0.02 0.01
226 22.6 226 203.4 0.0045 0.226 65.54 -614.72 0.0678 0.0067 0.0067 0.0180 27.12 -72.32 0.02 0.01
455 45.5 455 409.5 0.0091 0.455 131.95 -1237.6 0.1365 0.0136 0.0136 0.0364 54.6 -145.6 0.02 0.01
460 46 460 414 0.0092 0.46 1334 -1251.2 0.138 0.0138 0.0138 0.0368 55.2 -147.2 0.02 0.01
55 5.5 55 49.5 0.0011 0.055 15.95 -149.6 0.0165 0.0016 0.0016 0.0044 6.6 -17.6 0.02 0.01
20 2 20 18 0.0004 0.02 5.8 -54.4 0.006 0.0006 0.0006 0.0016 2.4 -6.4 0.02 0.01
30.5224 3.052 30.52 27.47 0.0006 0.0305 8.85 -83.01 0.009 0.009 0.009 0.0024 3.66 -9.767 0.02 0.01
69.2958 6.92 69.2 62.3 0.001 0.06 20.09 -188.48 0.02078 0.00207 0.00207 0.00554 8.31 -22.17 0.02 0.01
75 7.5 75 67.5 0.0015 0.075 21.75 -204 0.0225 0.00225 0.00225 0.006 9 -24 0.02 0.01
20 2 20 18 0.0004 0.02 5.8 -54.4 0.006 0.0006 0.0006 0.0016 2.4 -6.4 0.02 0.01
10 1 10 9 0.0002 0.01 2.9 -27.2 0.003 0.0003 0.0003 0.0008 1.2 -3.2 0.02 0.01
10 1 10 9 0.0002 0.01 2.9 -27.2 0.003 0.0003 0.0003 0.0008 1.2 -3.2 0.02 0.01
Table 2 Cost and emission co-efficient with real power generation for 40 units

Unit Pim" P; P Fli Iy I3 Ty Is; T Iy T's; Ty I i 8
105.7 10.57 105.7 95.219 0.00211 0.105 30.68 -287.77 0.0317 0.00317 0.00317 0.008 12.6 -33.8 0.02 0.01
105.7 10.57 105.7 95.21 0.0021 0.10 30.68 -287.7 0.0317 0.00317 0.0031 0.0084 12.6 -33.85 0.02 0.01
92.39 9.239 92.39 83.159 0.0018 0.0923 26.795 -251.32 0.0277 0.0027 0.0027 0.0073 11.0 -29.56 0.02 0.01
1747 17.47 174.7 157.25 0.003 0.174 50.67 -475.27 0.0524 0.00524 0.00524 0.0139 20.9 -55.91 0.02 0.01
82.7 8.27 82.7 74.51 0.0016 0.082 24.011 -225.21 0.0248 0.00248 0.00248 0.0066 9.93 -26.49 0.02 0.01
135 135 135 1215 0.0027 0.135 39.15 -367.2 0.0405 0.00405 0.00405 0.0108 16.2 -43.2 0.02 0.01
2545 25.45 254.5 229.13 0.0050 0.254 73.83 -692.51 0.0763 0.0076 0.00763 0.0203 30.5 -81.47 0.02 0.01
279.5 27.9 279.5 251.63 0.00559 0.2795 81.083 -760.511 0.083 0.0083 0.0083 0.0223 335 -89.47 0.02 0.01
279.5 27.95 279.5 251.63 0.0055 0.279 81.083 -760.511 0.083 0.0083 0.0083 0.0223 335 -89.47 0.02 0.01
125 125 125 1125 0.0025 0.125 36.25 -340 0.0375 0.00375 0.00375 0.01 15 -40 0.02 0.01
89 8.9 89 80.1 0.00178 0.089 25.81 -242.08 0.0267 0.00267 0.00267 0.007 10.6 -28.48 0.02 0.01
89 8.9 89 80.1 0.00178 0.089 25.81 -242.08 0.0267 0.00267 0.00267 0.007 10.6 -28.48 0.02 0.01
209.7 20.97 209.7 188.78 0.0041 0.209 60.83 -570.54 0.0629 0.0062 0.0062 0.0167 25.1 -67.12 0.02 0.01
389.2 38.92 389.2 350.35 0.00778 0.3892 112.891 -1058.8 0.11678 0.0116 0.01167 0.031 46.7 -124.5 0.02 0.01
389.2 38.92 389.2 350.35 0.00778 0.3892 112.89 -1058.8 0.1167 0.0116 0.0116 0.0311 46.7 -124.5 0.02 0.01
389.2 38.92 389.2 350.35 0.00778 0.3892 112.891 -1058. 0.1167 0.01167 0.01167 0.0311 46.7 -124.5 0.02 0.01
484.2 48.72 484.2 435.55 0.00968 0.4842 140.44 -1317.2 0.1452 0.01452 0.01452 0.0387 58.1 -154.9 0.02 0.01
487.2 48.72 487.2 435.55 0.00974 0.4872 141.311 -1325.3 0.1461 0.01461 0.01461 0.0389 58.4 -155.9 0.02 0.01
506.2 50.62 506.2 455.65 0.01012 0.5062 146.82 -1377.0 0.1518 0.01518 0.01518 0.0405 60.7 -162.0 0.02 0.01
506.2 50.62 506.2 455.65 0.01012 0.5062 146.82 -1377.0 0.1518 0.01518 0.01518 0.0405 60.7 -162.0 0.02 0.01
518.2 51.82 518.2 466.45 0.01036 0.5182 150.30 -1409.7 0.1554 0.01554 0.01554 0.0414 62.1 -165.8 0.02 0.01
518.2 51.82 518.2 466.45 0.01036 0.5182 150.30 -1409.7 0.1554 0.01554 0.01554 0.0414 62.1 -165.8 0.02 0.01
518.2 51.82 518.2 466.45 0.01036 0.5182 150.30 -1409.7 0.1554 0.01554 0.01554 0.0414 62.1 -165.8 0.02 0.01
518.2 51.82 518.2 466.45 0.01036 0.518 150.30 -1409.7 0.1554 0.01554 0.01554 0.0414 62.1 -165.8 0.02 0.01
518.2 51.82 518.2 466.45 0.01036 0.5182 150.30 -1409.7 0.1554 0.01554 0.01554 0.0414 62.1 -165.8 0.02 0.01
518.2 51.82 518.2 466.45 0.01036 0.5182 150.30 -1409.7 0.1554 0.01554 0.01554 0.0414 62.1 -165.8 0.02 0.01
5 0.5 5 4.5 0.0001 0.005 1.45 -13.6 0.0015 0.00015 0.00015 0.0004 0.6 -1.6 0.02 0.01
5 0.5 5 4.5 0.0001 0.005 1.45 -13.6 0.0015 0.00015 0.00015 0.0004 0.6 -1.6 0.02 0.01
5 0.5 5 4.5 0.0001 0.005 1.45 -13.6 0.0015 0.00015 0.00015 0.0004 0.6 -1.6 0.02 0.01
82.79 8.279 82.79 74.519 0.00165 0.0827 24.0119 -225.21 0.0248 0.00248 0.00248 0.0066 9.93 -26.49 0.02 0.01
185 18.5 185 166.5 0.0037 0.185 53.65 -503.2 0.0555 0.00555 0.00555 0.0148 222 -59.2 0.02 0.01
185 18.5 185 166.5 0.0037 0.185 53.65 -503.2 0.0555 0.00555 0.00555 0.0148 222 -59.2 0.02 0.01
185 18.5 185 166.5 0.0037 0.185 53.65 -503.2 0.0555 0.00555 0.00555 0.0148 222 -59.2 0.02 0.01
159.7 15.97 159.7 143.81 0.00319 0.1597 46.341 -434.6 0.0479 0.00479 0.00479 0.0127 19.1 -51.13 0.02 0.01
189.3 18.93 189.3 170.45 0.00378 0.1893 54.925 -515.16 0.0568 0.00568 0.00568 0.0151 22.7 -60.60 0.02 0.01
195 195 195 175.5 0.0039 0.195 56.55 -530.4 0.0585 0.00585 0.00585 0.0156 23.4 -62.4 0.02 0.01
105 10.5 105 94.5 0.0021 0.105 30.45 -285.6 0.0315 0.00315 0.00315 0.0084 12.6 -33.6 0.02 0.01
105 10.5 105 94.5 0.0021 0.105 30.45 -285.6 0.0315 0.00315 0.00315 0.0084 12.6 -33.6 0.02 0.01
105 10.5 105 94.5 0.0021 0.105 30.45 -285.6 0.0315 0.00315 0.00315 0.0084 12.6 -33.6 0.02 0.01
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Unit P,-”""I P; P r1, Iy Is; Iy I's; T Iy Tg;i Ty r; i 8
506.2 50.62 506.2 455.65 0.01012 0.5062 146.82 -1377.0 0.1518 0.0151 0.0151 0.0405 60.7 -162.0 0.02 0.01
105.7 10.57 105.7 95.219 0.00211 0.1057 30.681 -287.77 0.031 0.00317 0.00317 0.0084 12.6 -33.85 0.02 0.01

Table 3 Cost and emission co-efficient with real power generation for 140 units

Unit P P P Iy, T I3 L] I'si T Iz Tgi Ty Iy i &

1 113 1139 102.598 0.00227 0.113 33.05 -310.0 0.034 0.003 0.003 0.009 13.6 -36.47 0.02 0.01
2 15.9 159 1431 0.00318 0.159 46.11 -432.4 0.047 0.0047 0.0047 0.012 19.0 -50.88 0.02 0.01
3 18.5 185 166.5 0.0037 0.185 53.65 -503.2 0.055 0.0055 0.0055 0.014 222 -59.2 0.02 0.01
4 18.5 185.99 167.4 0.00372 0.186 53.94 -505.9 0.055 0.0055 0.0055 0.014 223 -59.52 0.02 0.01
5 18.5 185 166.5 0.0037 0.185 53.65 -503.2 0.055 0.0055 0.0055 0.014 222 -59.2 0.02 0.01
6 18.4 184.99 166.493 0.003699 0.1849 53.647 -503.1 0.055 0.0055 0.0055 0.014 221 -59.19 0.02 0.01
7 48.5 485 436.5 0.0097 0.485 140.65 -1319.2  0.145 0.0145 0.0145 0.038 58.2 -165.2 0.02 0.01
8 48.4 484.99 436.49 0.0097 0.485 140.65 -1319.2  0.145 0.0145 0.0145 0.038 58.2 -165.2 0.02 0.01
9 49.1 491 4419 0.00982 0.491 142.39 -13355  0.147 0.0147 0.0147 0.039 58.9 -157.1 0.02 0.01
10 49.1 491 4419 0.00982 0.491 142.39 -13355  0.147 0.0147 0.0147 0.039 58.9 -157.1 0.02 0.01
11 49.1 491 4419 0.00982 0.491 142.39 -13355  0.147 0.0147 0.0147 0.039 58.9 -157.1 0.02 0.01
12 49.1 491 4419 0.00982 0.491 142.3 -13355  0.147 0.0147 0.0147 0.039 58.9 -167.1 0.02 0.01
13 50.1 501 450.9 0.01002 0.501 145.29 -1362.7  0.150 0.0150 0.0150 0.040 60.1 -160.3 0.02 0.01
14 50.3 503.9 453.599 0.01008 0.504 146.16 -1370.8  0.151 0.0151 0.0151 0.04 60.4 -161.2 0.02 0.01
15 50.1 501 450.9 0.01002 0.501 145.29 -1362.7  0.150 0.0150 0.0150 0.04 60.1 -160.3 0.02 0.01
16 49.9 499.99 450 0.01 0.5 145 -1360 0.15 0.015 0.015 0.04 60 -160 0.02 0.01
17 50 500 450 0.01 0.5 145 -1360 0.15 0.015 0.015 0.04 60 -160 0.02 0.01
18 49.9 499.99 449.99 0.01 0.5 145 -1360 0.15 0.015 0.015 0.04 60 -160 0.02 0.01
19 53.2 532 478.8 0.01064 0.532 154.28 -1447.0  0.159 0.0159 0.0159 0.04 63.8 -170.2 0.02 0.01
20 53.1 531.99 478.7999  0.01064 0.532 154.28 -1447.0  0.159 0.0159 0.0159 0.04 63.8 -170.2 0.02 0.01
21 54.4 544 489.6 0.01088 0.544 157.76 -1479.6  0.163 0.0163 0.0163 0.04 65.2 -174.0 0.02 0.01
22 54.4 544 489.6 0.01088 0.544 157.76 -1479.6  0.163 0.0163 0.0163 0.04 65.2 -174.0 0.02 0.01
23 49.5 495.99 446.4 0.00992 0.496 143.84 -1349.1  0.148 0.0148 0.0148 0.039 59.5 -158.7 0.02 0.01
24 49.4 494 444.6 0.00988 0.494 143.26 -13436  0.148 0.0148 0.0148 0.03 59.2 -158.0 0.02 0.01
25 50.1 501 450.9 0.01002 0.501 145.29 -1362.7  0.150 0.0150 0.0150 0.04 60.1 -160.3 0.02 0.01
26 50.1 501 450.9 0.01002 0.501 145.29 -1362.7  0.150 0.0150 0.0150 0.04 60.1 -160.3 0.02 0.01
27 50.1 501 450.9 0.01002 0.501 145.29 -1362.7  0.150 0.0150 0.0150 0.04 60.1 -160.3 0.02 0.01
28 50.1 501 450.9 0.01002 0.501 145.29 -1362.7  0.150 0.0150 0.0150 0.04 60.1 -160.3 0.02 0.01
29 49.5 495 4455 0.0099 0.495 143.55 -1346.4  0.148 0.0148 0.0148 0.03 59.4 -158.4 0.02 0.01
30 50.1 501 450.9 0.01002 0.501 145.29 -1362.7  0.150 0.0150 0.0150 0.04 60.1 -160.3 0.02 0.01
31 49.5 495 4455 0.0099 0.495 143.55 -1346.4  0.148 0.0148 0.0148 0.03 59.4 -158.4 0.02 0.01
32 23.9 239 215.1 0.00478 0.239 69.31 -650.08  0.071 0.0071 0.0071 0.01 28.6 -76.48 0.02 0.01
33 23.9 239 215.1 0.00478 0.239 69.31 -650.08  0.071 0.0071 0.0071 0.019 28.6 -76.48 0.02 0.01
34 76.8 768.99 692.0996  0.01538 0.769 223.01 -2091.6  0.230 0.0230 0.0230 0.06 92.2 -246.0 0.02 0.01
35 76.4 764 687.6 0.01528 0.764 221.56 -2078.0  0.229 0.0229 0.0229 0.061 91.6 -244.4 0.02 0.01
36 0.30 3.0004 2.70036 0.0000600  0.003 0.8701 -8.161 0.000 9E-05 9E-05 0.002 0.36 -0.960 0.02 0.01
37 0.3 3 2.7 0.00006 0.003 0.87 -8.16 0.000 0.0000 0.0000 0.002 0.36 -0.96 0.02 0.01
38 245 245 220.5 0.0049 0.245 71.05 -666.4 0.073 0.0073 0.0073 0.019 29.4 -78.4 0.02 0.01
39 24.4 244.99 220.498 0.00489 0.244 71.04 -666.39  0.073 0.007 0.0073 0.019 29.3 -78.39 0.02 0.01
40 245 245.99 221.397 0.00491 0.2459 7133 -669.1 0.073 0.0073 0.0073 0.019 29.5 -78.7 0.02 0.01
41 245 245.99 221.3967  0.004919 0.245 71.33 -669.11  0.073 0.007 0.0073 0.019 29.5 -78.71 0.02 0.01
42 245 245.99 221.399 0.0049 0.246 71.34 -669.12  0.073 0.0073 0.0073 0.019 29.5 -78.72 0.02 0.01
43 245 245 220.5 0.0049 0.245 71.05 -666.4 0.073 0.0073 0.0073 0.019 29.4 -78.4 0.02 0.01
44 244 244.99 220.199 0.00489 0.2449 71.049 -666.39  0.073 0.0073 0.0073 0.019 29.3 -78.3 0.02 0.01
45 24.4 245.99 2215372 0.00491 0.2459 71.339 -669.11  0.073 0.0073 0.0073 0.019 29.5 -78.7 0.02 0.01
46 245 245.99 221.399 0.00492 0.246 7134 -669.12  0.073 0.0073 0.0073 0.019 29.5 -78.72 0.02 0.01
47 245 245 220.5 0.0049 0.245 71.05 -666.4 0.073 0.0073 0.0073 0.019 29.4 -78.4 0.02 0.01
48 245 245 220.5 0.0049 0.245 71.05 -666.4 0.073 0.0073 0.0073 0.019 29.4 -78.4 0.02 0.01
49 245 245 220.5 0.0049 0.245 71.05 -666.4 0.073 0.0073 0.0073 0.019 29.4 -78.4 0.02 0.01
50 16 160 144 0.0032 0.16 46.4 -435.2 0.048 0.0048 0.0048 0.012 19.2 -51.2 0.02 0.01
51 16.0 160.00 144.0085  0.0032002  0.1600 46.402 -435.22  0.048 0.0048 0.0048 0.012 19.2 -51.20 0.02 0.01
52 16 160 144 0.0032 0.16 46.4 -435.2 0.048 0.0048 0.0048 0.012 19.2 -51.2 0.02 0.01
53 16.0 160.00 144.008 0.0032002  0.1600 46.402 -435.22  0.048 0.0048 0.0048 0.012 19.2 -51.20 0.02 0.01
54 175 175 1575 0.0035 0.175 50.75 -476 0.052 0.0052 0.0052 0.014 21 -56 0.02 0.01
55 175 175 1575 0.0035 0.175 50.75 -476 0.052 0.0052 0.0052 0.014 21 -56 0.02 0.01
56 9.80 98.000 88.200 0.0019600  0.0980 28.420 -266.56  0.029 0.0029 0.0029 0.007 117 -31.36 0.02 0.01
57 19.3 193 173.7 0.00386 0.193 55.97 -524.96  0.057 0.0057 0.0057 0.015 23.1 -61.76 0.02 0.01
58 29.6 296.99 267.299 0.0059399  0.2969 86.129 -807.83  0.089 0.0089 0.0089 0.023 35.6 -95.03 0.02 0.01
59 30.3 303.19 272.876 0.006063 0.3031 87.927 -824.69  0.090 0.0090 0.0090 0.024 36.3 -97.02 0.02 0.01
60 15.8 158 1422 0.00316 0.158 45.82 -429.76  0.047 0.0047 0.0047 0.012 18.9 -50.56 0.02 0.01
61 9.3 93.000 83.70009  0.0018600  0.093 26.970 -252.96  0.027 0.0027 0.0027 0.007 1.1 -29.76 0.02 0.01
62 50.5 505.99 455.3993  0.0101199  0.5059 146.73 -1376.3  0.151 0.0151 0.0151 0.04 60.7 -161.9 0.02 0.01
63 50.6 506 455.4 0.01012 0.506 146.74 -1376.3  0.151 0.0151 0.0151 0.04 60.7 -161.9 0.02 0.01
64 48.4 484.99 436.498 0.00969 0.4849 140.64 -1319.1  0.145 0.014 0.0145 0.038 58.1 -155.1 0.02 0.01
65 252 252.06 226.8621  0.005041 0.252 73.100 -685.6 0.075 0.0075 0.0075 0.02 30.2 -80.6 0.02 0.01
66 48.5 485 436.5 0.0097 0.485 140.65 -1319.2  0.145 0.0145 0.0145 0.03 58.2 -155.2 0.02 0.01
67 48.4 484.99 436.5087  0.0096999  0.4849 140.64 -1319.2  0.145 0.0145 0.0145 0.03 58.1 -155.2 0.02 0.01
68 125 125 1125 0.0025 0.125 36.25 -340 0.037 0.0037 0.0037 0.01 15 -40 0.02 0.01
69 28.9 289.78 260.8039  0.0057956  0.2897 84.036 -788.20  0.086 0.0086 0.0086 0.023 34.7 -92.73 0.02 0.01
70 13.9 139.16 125.249 0.00278 0.1391 40.358 -378.53  0.041 0.0041 0.0041 0.011 16.6 -44.53 0.02 0.01
71 36.1 361.93 325.738 0.007238 0.361 104.96 -984.4 0.108 0.0108 0.010 0.0289 434 -115.8 0.02 0.01
72 19.1 191.02 171.926 0.00382 0.191 55.398 -519.59  0.057 0.0057 0.0057 0.0152 229 -61.12 0.02 0.01
73 25.7 257.13 231.424 0.005142 0.257 74.570 -699.4 0.077 0.0077 0.0077 0.0205 30.8 -82.28 0.02 0.01
74 17.1 171.68 154.51 0.003433 0.1716 49.78 -466.9 0.051 0.0051 0.005 0.013 20.6 -54.93 0.02 0.01
75 25.2 252.06 226.8621  0.0050413  0.2520 73.100 -685.62  0.075 0.0075 0.0075 0.0201 30.2 -80.66 0.02 0.01
76 48.5 485 436.5 0.0097 0.485 140.65 -1319.2  0.145 0.0145 0.0145 0.0388 58.2 -155.2 0.02 0.01
7 48.4 484.99 436.498 0.009699 0.4849 140.64 -1319.2  0.145 0.0145 0.014 0.0388 58.1 -155.2 0.02 0.01
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Unit Pl-mm P; P rl, Iy Iy Iy I's; T'e; Iy Ty Ty r; i [

78 12.5 125 112.5 0.0025 0.125 36.25 -340 0.037 0.0037 0.0037 0.01 15 -40 0.02 0.01
79 28.9 289.78 260.8039  0.0057956  0.2897 84.036 -788.20 0.086 0.0086 0.0086 0.0231 34.7 -92.73 0.02 0.01
80 13.9 139.16 125.2490  0.0027833  0.1391 40.358 -378.5 0.041 0.0041 0.0041 0.0111 16.6 -44.53 0.02 0.01
81 36.1 361.93 325.7384  0.0072386  0.3619 104.96 -984.45 0.108 0.0108 0.0108 0.0289 434 -115.8 0.02 0.01
82 19.1 191.02 171.9264  0.0038205  0.1910 55.398 -519.59 0.057 0.0057 0.0057 0.0152 22.9 -61.12 0.02 0.01
83 25.7 257.13 2314248  0.0051427  0.2571 74.570 -699.41 0.077 0.0077 0.0077 0.0205 30.8 -82.28 0.02 0.01
84 17.1 171.68 154.513 0.0034 0.1716 49.787 -466.9 0.051 0.005 0.005 0.0137 20.6 -54.9 0.02 0.01
85 25.2 252.71 227.4422  0.0050542  0.2527 73.287 -687.38 0.075 0.0075 0.0075 0.0202 30.3 -80.86 0.02 0.01
86 48.5 485 436.5 0.0097 0.485 140.65 -1319.2 0.145 0.0145 0.0145 0.0388 58.2 -155.2 0.02 0.01
87 48.4 484.99 436.498 0.00969 0.484 140.6 -1319.2 0.145 0.0145 0.0145 0.0388 58.1 -155.2 0.02 0.01
88 125 125 1125 0.0025 0.125 36.25 -340 0.037 0.0037 0.0037 0.01 15 -40 0.02 0.01
89 28.9 289.78 260.8039  0.0057956  0.2897 84.036 -788.20 0.086 0.0086 0.0086 0.0231 34.7 -92.7 0.02 0.01
90 13.7 137.16 123.4490  0.0027433  0.137 39.778 -373.09 0.041 0.004 0.0041 0.0109 16.4 -43.89 0.02 0.01
91 36.1 361.93 325.7420  0.0072387  0.3619 104.96 -984.46 0.108 0.0108 0.0108 0.0289 43.4 -115.8 0.02 0.01
92 19.1 191.02 171.9264  0.003820 0.1910 55.398 -519.5 0.057 0.0057 0.0057 0.0152 22.9 -61.1 0.02 0.01
93 25.7 257.13 231.424 0.005142 0.2571 74.570 -699.41 0.077 0.0077 0.0077 0.0205 30.8 -82.28 0.02 0.01
94 17.1 171.68 154.513 0.0034336  0.1716 49.78 -466.9 0.051 0.005 0.005 0.0137 20.6 -54.93 0.02 0.01
95 25.2 252.7 227.442 0.0050542  0.2527 73.28 -687.3 0.07 0.0075 0.0075 0.0202 30.3 -80.86 0.02 0.01
96 394 394.67 357.204 0.00789 0.39%4 114.4 -1073.5 0.118 0.011 0.011 0.0315 473 -126.2 0.02 0.01
97 325 325.00 292.5042  0.0065001  0.3250 94.251 -884.01 0.097 0.0097 0.0097 0.026 39.0 -104.0 0.02 0.01
98 52.8 528 475.2 0.01056 0.528 153.12 -1436.1 0.158 0.0158 0.0158 0.0422 63.3 -168.9 0.02 0.01
99 52.8 528 475.2 0.01056 0.528 153.12 -1436.1 0.158 0.0158 0.0158 0.0422 63.3 -168.9 0.02 0.01
100 53.6 536.9 483.299 0.01074 0.537 155.73 -1460.6 0.161 0.0161 0.0161 0.0429 64.4 -171.8 0.02 0.01
101 5.1 51 45.9 0.00102 0.051 14.79 -138.72 0.015 0.0015 0.0015 0.0040 6.12 -16.32 0.02 0.01
102 11 110 99 0.0022 0.11 319 -299.2 0.033 0.0033 0.0033 0.0088 132 -35.2 0.02 0.01
103 11 110 99 0.0022 0.11 319 -299.2 0.033 0.0033 0.0033 0.0088 132 -35.2 0.02 0.01
104 11 110 99 0.0022 0.11 319 -299.2 0.033 0.0033 0.0033 0.0088 13.2 -35.2 0.02 0.01
105 20.2 202.00 181.8000  0.00404 0.202 58.58 -549.44 0.060 0.0060 0.0060 0.0161 24.2 -64.64 0.02 0.01
106 20.2 202.00 181.8000  0.00404 0.202 58.58 -549.44 0.060 0.0060 0.0060 0.0161 24.2 -64.64 0.02 0.01
107 17.0 170.00 153.0002  0.0034 0.17 49.3 -462.4 0.051 0.0051 0.0051 0.0136 20.4 -54.4 0.02 0.01
108 17.0 170.00 153.0013  0.0034000  0.1700 49.300 -462.40 0.051 0.0051 0.0051 0.0136 20.4 -54.40 0.02 0.01
109 175 175.51 157.960 0.00351 0.1755 50.898 -477.39 0.052 0.0052 0.0052 0.0140 21.0 -56.16 0.02 0.01
110 17 170 153 0.0034 0.17 49.3 -462.4 0.051 0.0051 0.0051 0.0136 20.4 -54.4 0.02 0.01
111 57.0 570.4 513.36 0.011408 0.5704 165.41 -1551.4 0.171 0.0171 0.0171 0.0456 68.4 -182.5 0.02 0.01
112 54.2 542.5 488.25 0.01085 0.5425 157.32 -1475.6 0.162 0.0162 0.0162 0.0434 65.1 -173.6 0.02 0.01
113 83.2 832.8 749.52 0.016656 0.8328 241.51 -2265.2 0.249 0.0249 0.0249 0.0666 99.9 -266.4 0.02 0.01
114 83.2 832.5 749.25 0.01665 0.8325 241.42 -2264.4 0.249 0.0249 0.0249 0.0666 99.9 -266.4 0.02 0.01
115 67.7 677 609.3 0.01354 0.677 196.33 -1841.4 0.203 0.0203 0.0203 0.0541 81.2 -216.6 0.02 0.01
116 714 714 642.6 0.01428 0.714 207.06 -1942.0 0.214 0.0214 0.0214 0.0571 85.6 -228.4 0.02 0.01
117 714 714 642.6 0.01428 0.714 207.06 -1942.0 0.214 0.0214 0.0214 0.0571 85.6 -228.4 0.02 0.01
118 714 714.99 643.5099  0.0143 0.715 207.35 -1944.8 0.214 0.0214 0.0214 0.0572 85.8 -228.8 0.02 0.01
119 95.8 958.99 863.1099  0.01918 0.959 278.11 -2608.4 0.287 0.0287 0.0287 0.0767 115. -306.8 0.02 0.01
120 95.3 953 857.7 0.01906 0.953 276.37 -2592.1 0.285 0.0285 0.0285 0.0762 114. -304.9 0.02 0.01
121 94.2 942.9 848.61 0.018858 0.9429 273.44 -2564.6 0.282 0.0282 0.0282 0.0754 113. -301.7 0.02 0.01
122 92.9 929 836.1 0.01858 0.929 269.41 -2526.8 0.278 0.0278 0.0278 0.0743 111. -297.2 0.02 0.01
123 93 930 837 0.0186 0.93 269.7 -2529.6 0.279 0.0279 0.0279 0.0744 111. -97.6 0.02 0.01
124 87.1 871 783.9 0.01742 0.871 252.59 -2369.1 0.261 0.0261 0.0261 0.0696 104. -278.7 0.02 0.01
125 87.5 875.9 788.31 0.017518 0.8759 254.01 -2382.4 0.262 0.0262 0.0262 0.0700 105. -280.2 0.02 0.01
126 86.8 868.7 781.83 0.017374 0.8687 251.92 -2362.8 0.26 0.0260 0.0260 0.0694 104. -277.9 0.02 0.01
127 87.2 872.4 785.16 0.017448 0.8724 252.99 -2372.9 0.261 0.0261 0.0261 0.0697 104. -279.1 0.02 0.01
128 86.6 866.7 780.03 0.017334 0.8667 251.34 -2357.4 0.260 0.0260 0.0260 0.0693 104. -277.3 0.02 0.01
129 85.9 859.79 773.8199  0.017196 0.8598 249.34 -2338.6 0.257 0.0257 0.0257 0.0687 103. -275.1 0.02 0.01
130 87.7 877.9 790.11 0.017558 0.8779 254.59 -2387.8 0.263 0.0263 0.0263 0.0702 105. -20.9 0.02 0.01
131 86.8 868.7 781.83 0.017374 0.8687 251.92 -2362.8 0.260 0.0260 0.0260 0.0694 104. -277.9 0.02 0.01
132 87.2 872.4 785.16 0.017448 0.8724 252.99 -2372.9 0.261 0.0261 0.0261 0.0697 104. -279.1 0.02 0.01
133 86.6 866.7 780.03 0.017334 0.8667 251.34 -2357.4 0.260 0.026 0.0260 0.0693 104. -277.3 0.02 0.01
134 85.9 859.79 773.8199  0.01719 0.859 249.34 -2338.6 0.257 0.0257 0.0257 0.068 103. -275.1 0.02 0.01
135 87.7 877 0.177 0.01754 0.877 254.33 -2385.4 0.263 0.0263 0.0263 0.0701 105. -280.6 0.02 0.01
136 8.90 89.001 80.1009 0.00178 0.0890 25.810 -242.08 0.026 0.0026 0.0026 0.0071 10.6 -28.48 0.02 0.01
137 8.9 89 80.1 0.00178 0.089 25.81 -242.08 0.02 0.002 0.0026 0.007 10.6 -28.48 0.02 0.01
138 8.9 89 80.1 0.00178 0.089 25.81 -242.08 0.026 0.0026 0.0026 0.0071 10.6 -28.48 0.02 0.01
139 23.9 239.00 215.100 0.00478 0.239 69.31 -650.08 0.071 0.0071 0.0071 0.0191 28.6 -76.48 0.02 0.01
140 23.9 239.00 215.1008  0.0047800  0.2390 69.310 -650.08 0.071 0.0071 0.0071 0.0191 28.6 -76.48 0.02 0.01

3.2Equality constraint

This group of limits also includes balancing power
levels or consumption limitations [9]. This limitation
specifies that the entire system’s production (372, P;)
as shown in Equation 4 must remain in balance with
the overall total system loads. In other words, it can
be expressed as overall losses (Pp), emphasizing the
system losses (P,), and is alternatively represented
by Equation 4.

S P =Py =P, (@)
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Where P, as shown in Equation 5, is determined by
multiplying the power outputs of the generating units
with the corresponding loss coefficients, as defined
by the following expression.

P, =321 Xj21 PiBijPy + X2y Boi P + Byo (5)

By analyzing how transmission losses influence the
performance of the optimization algorithm, one can
assess the trade-offs between minimizing losses and
achieving the desired objectives, such as cost
reduction or emission mitigation. Understanding the
impact of transmission losses on the efficiency and
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cost-effectiveness of the vector PSO method can
provide valuable insights into the practical feasibility
and effectiveness of the approach in real-world power
system applications.

3.3Inequality limitation

Limitation of generation capacity:

There must be a permissible range between the upper
and lower generation limits, as defined by Equation
6.

p™" < p; < pmax (6)
where i=1,2,..m

Ramp rate limitations

Ramp rate constraints limit how quickly generators
can change their output over time, thereby preventing
abrupt power fluctuations that could destabilize the
power system. For each generator, the actual power
output must remain within the allowable range
defined by its upper and lower ramp rate bounds, as
described in [10-12]. To ensure that solutions
generated by the vector PSO optimization model for
ELD comply with these ramp rate and system loss
constraints, both the objective function and the
particle velocity update equation are appropriately
modified [42, 43].

Ramp rate constraints are enforced by adjusting the
particle velocity update equation in the vector theta
PSO model [44], thereby limiting the change in
generator output between successive iterations. This
ensures that generator output transitions smoothly
and remains within acceptable ramping limits.

Additionally, penalty terms can be introduced into
the objective function to discourage violations of
ramp rate constraints. These penalties increase the
objective function value when the ramp rate is
exceeded, guiding the algorithm to favor feasible
solutions that respect the imposed limitations.
max(P,™™, P,° — DR;) < P; < min(P,"**,P,° +
UR,) (7)

System losses

System losses refer to the power dissipated as heat in
transmission  lines and other  components,
representing inefficiencies in power delivery.
Reducing these losses is crucial for enhancing the
overall efficiency of the power system in ELD
applications.

To incorporate system losses into the optimization
model, an additional term representing total
transmission losses is included in the objective
839

function. This term is typically proportional to the
sum of the squares of power flows, accurately
capturing the loss behavior in the system.

By including this term, the vector PSO algorithm not
only minimizes the generation cost but also considers
the impact of losses. The optimization process thus
aims to balance economic efficiency with
transmission reliability and energy conservation.

Implementation

To incorporate both generation cost and system
losses into the optimization model, these components
are combined within the objective function, with
appropriate weighting factors to reflect the relative
importance of each objective. To ensure that the
algorithm satisfies ramp rate constraints, the particle
velocity update equation is modified to limit
variations in generator output between successive
iterations. This modification helps maintain
compliance with ramp rate limitations and promotes
smoother transitions in power output. The
effectiveness of the modified vector theta PSO
optimization model should be validated through a
series of experiments. These evaluations aim to
assess the algorithm’s capability to generate feasible
solutions that minimize generation costs, reduce
system losses, and comply with ramp rate constraints.
By integrating ramp rate and system loss constraints,
the vector PSO model becomes more robust and
efficient for solving ELD problems, while also
enhancing the stability and operational reliability of
the power system. Accordingly, the generator
constraints initially defined in Equation 6 are
adjusted to incorporate these considerations, as
represented in the modified form shown in Equation
7.

3.4Role and function of vector 0 -PSO
optimization technique
This work presents a vector PSO technique inspired
by electromagnetic principles to reduce fuel
consumption and pollutant emissions in thermal
power generation. The generating units are assumed
to be thermally and permanently online to ensure the
consistent performance of the proposed model, which
addresses multiple constraints including equality and
inequality limits, ramp rate restrictions, VPL effects,
and transmission losses [13-15]. To optimize the
cubic fuel cost and emission functions for 15-unit,
40-unit, and 140-unit systems, an electromagnetic-
based vector optimization approach is employed,
incorporating system losses and other critical
operational parameters. The displacement vector used
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in this study, as illustrated in Figure 1, assumes that
all alternators are spatially distributed in a circular
coordinate system. This configuration proves
effective in determining the angular component of
complex power generation.

To evaluate the long-term reliability and stability of
the proposed method, it is necessary to analyze its
performance under extended time horizons and
varying operational conditions. This includes
assessing the algorithm’s robustness in managing
system uncertainties, dynamic load changes, and
fluctuations in system parameters. Additionally,
comprehensive sensitivity analyses and performance
evaluations are essential to gauge the consistency and
effectiveness of the vector PSO approach in solving
multi-objective ELD problems. Monitoring its
behavior across different operating scenarios
provides valuable insights into the method’s practical
applicability and informs decisions regarding its
suitability and reliability for real-world power system
operations.

Figure 1 Spatial allocation of alternators for the 15-
unit system

The elementary displacement vector in spherical
coordinate system is given by Equation 8;

dl = dra? + rd6af + rsinfdpad (8)

Where, dlis the displacement vector in spherical
coordinate system shown in Equation 8 &r, 6 & ¢ are
the action parameters of spherical coordinate system.
dl = rd6dé

dl

r

pi
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6,; in spherical coordinate system is expressed in
Equation 9 as under;

:>6pi — dr_>+frd9 9+frsm9d¢c ¢ (9)

gpli = —750
9p2i = 750
6 = 90°
¢p1 = —45°

¢p2 = 45° r=1pu

Using the above values in Equation 9, 6,;is expressed
in Equation 10 as under;

Opi=Inr1ar + (6pz; — 0,1:)ab + sinb;(¢ppz —
Pp1)ad (10)

= O = (Bp2i — 011006 + sinbp ¢y, — p1)ad

= 0, = 90 X [/(1.66)2 + (1)?]

= 0, = 174.4°

To adjust the geographic distance of the it
component from the load center of the power plant, a
position vector is utilized. The general procedure for
generating a new position vector—comprising the
phase angle, maximum particle velocity, and the
velocity update term Vigr—is outlined in step 5 of the
vector PSO algorithm. The calculation of Vidn
requires several parameters from the vector PSO
framework, including the acceleration coefficients c;
and ¢z, random numbers r; and r;, and the inertia
weight w, all of which must be appropriately
estimated. Once the new position vector is
determined, the corresponding production cost and
emission level are updated accordingly, and the
results are used for comparative performance
analysis.

3.5Constraint handling technique for handling
accuracy and effectiveness of the PSO
algorithm
Solving the ELD problem becomes challenging in the
presence of multiple constraints. Over the past two
decades, numerous methods have been proposed to
address constrained optimization problems, with
constraint-handling techniques remaining a key area
of focus. Among these, the penalty function method
is one of the most widely adopted approaches. The
core idea behind this method is to transform a
constrained  optimization  problem into an
unconstrained one by adding a penalty term to the
objective function value, which reflects the degree of
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constraint violation in a given solution. This
approach is favored for its simplicity and
effectiveness. Accordingly, the penalty function
technique is employed in this study. Specifically, a
variant of the Lagrangian relaxation-based penalty
method is used to convert the constrained ELD
problem into an unconstrained optimization problem,
as expressed in Equation 11.

F(x) = f(x) +wl X (sum_viol) + w2 X
num_viol (12)

Where f(x) is the objective function of problem, wl
and w2 are penalty factors, sum_viol denotes the sum
of all the amounts by which the constraints are
violated, and num_viol denotes the number of
constraints violation.

In the proposed vector PSO technique, four
benchmark functions are employed to demonstrate
the effectiveness of the improved algorithm. These
functions include Rosenbrock, Rastrigin, Schwefel,
and Ackley, each of which is commonly used in
global optimization studies to evaluate the
performance of metaheuristic algorithms. The
objective is to assess the algorithm’s ability to
converge toward the global minimum, typically set to
zero for these functions. The operational bounds and
optimal values for each of these benchmark functions
are defined and evaluated as presented in Equations
12 to 15.
n-—1

fG) = ) (100(x, — 272

+ (x; — 1)?), Range(0.002
— 135), Optimal value is 0
(12)
n-—1
flx) = Z(xiz — 10cos(2Mx;)
i=1
+ 10), Range(0.0001
— 151), Optimal valueis 0
(13)
fo(x) = 418.98n —
™, (% sin(y/|x;]), Range(0.00006 —
279), Optimal value is 0 (14)

f(x) = —ZOexp(—O.Z\/%Z?=1 cos(2Ix;) + 20 +

e,Range(0.002 — 150), Optimal value is 0
(15)
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3.6Formulation of Electromagnetic based Vector
PSO Algorithm

Step-1:  Utilize a method of creating

6,; electromagnetic gradients.

Step-2: Every Nth random particle, individually,
xgi = |x4i| < 6, (i=1to N) are generated with a D
dimensional vector |X,;| and a corresponding scalar
phase angle 6,,; & likewise limited by initial

speed Vidyqxpare organized as follows for
individual particles;

xgizxmin,d+ r:l(xmax'xmin)

Vidmax(i) — (0to2m)

Step-3: The positions and velocities of each one
throughout each iteration are determined using the
equations

underneath.

idmax,i = xgi,i =1..
xgi = xgi + Vid

Step 4: The Pyese 1.8, Prjp; and Gpege i.8. Gryp; , the
calculation of positions are as follows,

25in8,;
Pbestepi = cosOy; pt

R 2c0s0,;
Gbestgpi = sinby; pi

Step 5: The computed phase angle and greatest
particle velocities are presented below.

X — X,
f(gm') =vy = w
Where,d =1,2...D &i =1,2...5

Opin = Op; + |c059id + sinQid|x27'[

Vian = WXg; + €11 (Pbestgpi - xgi) + o1y (Gbestgpi
- xgi)

The update positions are determined as under;

Xgin = Xgi + Vign, Where x4, = ComplexPower

Xgin = p;

Xmax + Xmin

sinf;4 + >

Step 6: Steps 4 and 5, which were selected from a list
of functions included in Equations 11 to 15, and
Provided the empirical formula as under.

Step 7: The target functions and emission
functionality with and without loss are computed
using the values obtained in stages 5 and 6 [17-19].
The Flow chart for electromagnetic based vector PSO
employing steps 1 to 7 above is described in Figure 2
as under.
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Generate the initial population
Vid=0.5(Xmax,d-Xmin,d) Iter >1d=1+D
6;,=0—-> An0; > 0 - Xgi= Xmin,d=1(X,.x g4 Xmin,d)
Set the values CT,,7%,.73....T;,, 10z

v

an-! Xiuawad

7 .
Set value of O=rmax= 0= ..«

Iter = Iter+

a=t
— > Xmin,d
Pbest = = COS O maxx Pbest = sin 6.
Pbestp =Ss iI‘p 6ma.x g sin a2
v
Update the velocity and prticle position
-~ ford=1—-D 1=1— N, Vg Vid
A Vian = Wxiai+ ¢, 1-71 (Ppes—X;)
Xid = Xia—>Via Xida (FXpe—X;q)
i=1->N,d —>D)
— I=1+1

Compute Fi,,Foin , FinL,FinL

Figure 2 Flowchart of electromagnetic-based vector 8-PSO

4.Results and discussion
MATLAB has been used for the implementation. The
system description for testing is provided below.

System description for testing

Integrating renewable energy sources, such as solar
and wind power, into the ELD process presents
significant challenges due to their intermittent and
variable nature [45, 46]. To address these challenges,
the wvector PSO method [47], known for its
effectiveness in optimizing complex systems, has
been incorporated into the ELD framework. This
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integration aims to enhance the overall efficiency and
effectiveness of ELD operations [48].

By leveraging the optimization capabilities of vector
PSO, it is possible to improve the scheduling and
utilization of renewable energy sources alongside
conventional generation units. This approach
facilitates cost savings, improves system reliability,
and reduces environmental impact. Consequently, it
presents a promising strategy for addressing the
integration challenges of renewable energy sources
while maintaining economic viability.



The cost savings achieved using the vector PSO [49,
50] approach in a 15-unit power system are presented
in Table 4. Additionally, fuel cost (in Rs./hr) and
emission levels (in tons/hr) for systems with 15, 40,
and 140 units optimized using the Weight Improved

International Journal of Advanced Technology and Engineering Exploration, Vol 12(126)

Particle

Swarm  Optimization
Bacterial Foraging Optimization (BFO) [52], and
Gray Wolf Optimization (GWO) [53] methods—both
with and without considering transmission losses—
are detailed in Tables 5, 6, and 7, respectively.

(WIPSO)  [51],

Table 4 Fuel cost (Rs./hr) and emission (tons/hr) for 15-Unit, 40-Unit, and 140-Unit Vector 6—PSO Systems with
and without transmission loss

Power demand in Fuel price in rupees per Fuel price in rupees per hour Fuel price in rupees per hour and

MW) hour and emission in tonnes and emission in tonnes per emission in tonnes per hour for
per hour for 15-unit vector hour for 40-unit vector 6 — 140-unit vector 6 —PSO system
0 —PSO system without and PSO system without and with without and with transmission
with transmission loss transmission loss loss

2580/10303/55984 3310000 200x10° 125x107

2580/10303/55984 5100000 5800000 0.4x10°

2580/10303/55984 2205000 325%107 4x10°

2580/10303/55984 3650000 4x10° 0.2x10°

Table 5 Fuel cost (Rs./hr) and emission (tons/hr) for 15-Unit, 40-Unit, and 140-Unit WIPSO systems with and
without transmission loss

Power demand in Fuel price in rupees per Fuel price in rupees per Fuel price in rupees per hour

(MW) hour and emission in hour and emission in tonnes and emission in tonnes per hour
tonnes per hour for 15-unit per hour for 40-unit WIPSO for 140-unit WIPSO system
WIPSO system without system without and with without and with transmission
and with transmission loss  transmission loss loss

2580/10303/55984 3310001 202x10° 126x10

2580/10303/55984 5100002 5800003 0.5x10°

2580/10303/55984 2205003 326.6x107 5x10°

2580/10303/55984 3650004 5%10° 0.3x10°

Table 6 Fuel cost (Rs./hr) and emission (tons/hr) for 15-Unit, 40-Unit, and 140-Unit BFO systems with and without

transmission loss

Power demand in Fuel price in rupees per Fuel price in rupees per Fuel price in rupees per hour
(MW) hour and emission in hour and emission in tonnes and emission in tonnes per hour
tonnes per hour for 15- per hour for 40-unit BFO for 140-unit BFO
unit BFO system without system without and with system without and  with
and with transmission loss  transmission loss transmission loss
2580/10303/55984 3310002 202x10° 127x107
2580/10303/55984 5100003 5800003 0.6x10°
9
2580/10303/55984 2205004 3273107 6x10
6 9
2580/10303/55984 3650005 6x10 0.4x10

Table 7 Fuel cost (Rs./hr) and emission (tons/hr) for 15-Unit, 40-Unit, and 140-Unit gwo systems with and without

transmission loss

Power demand in

Fuel price in rupees per

Fuel price in rupees per hour

Fuel price in rupees per hour and

MW) hour and emission in tonnes and emission in tonnes per emission in tonnes per hour for
per hour for 15-unit GWO hour for 40-unit GWO system 140-unit GWO
system without and with without and with system  without and  with
transmission loss transmission loss transmission loss

2580/10303/55984 3310003 202x10° 128x107

2580/10303/55984 5100004 5800003 0.7x10°

2580/10303/55984 2205005 327.5x107 7x10°

2580/10303/55984 3630006 7100 0.5x10°
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The optimal overall expense achieved using the
proposed vector PSO approach is found to be
substantially lower compared to other heuristic
methods [54, 55]. Implementing the vector PSO
method can lead to significant cost savings,
particularly when considering a typical annual
operational duration of 7,500 hours. If the observed
hourly savings are extrapolated across the year, the
vector-based PSO method yields an estimated annual
cost reduction of approximately 615,000 compared
to the WIPSO approach [56], which exhibited the
highest operational cost among the methods
analyzed.

These substantial cost savings strongly advocate for
the implementation of the vector PSO method in
power generation systems. The findings highlight its
superior economic efficiency in addressing the CEED
problem [57]. The following section presents a
structured discussion encompassing key findings,
interpretation of results, practical implications,
potential limitations, and strategic recommendations
based on the comparative evaluation of the vector
PSO method in the context of CEED.

Scalability analysis of the vector PSO method
across varying grid sizes
Examining the performance of the vector PSO
method across different grid sizes provides valuable
insights into its scalability, adaptability, and
optimization efficiency. The following discussion
presents a detailed analysis of its behavior and
challenges across small to very large grid
configurations.

1. Small Grid Sizes (e.g., 5x5 or 10x10):
In smaller grid configurations, the vector PSO
method tends to exhibit high efficiency and
accuracy due to the relatively limited search space.
With fewer nodes to evaluate, the algorithm
converges quickly, often producing optimal
solutions within  minimal computational time.
However, performance in such cases may be
sensitive to the initialization of the particle swarm
and the choice of key parameters such as inertia
weight and acceleration coefficients. Fine-tuning
these parameters is essential to avoid premature
convergence or suboptimal results.

2. Medium Grid Sizes (e.g., 20x20 or 30x30): As the
grid size increases, the optimization landscape
becomes more complex. While the vector PSO
method generally maintains good performance in
medium-sized grids, achieving convergence may
require more iterations. Careful monitoring of
convergence  behavior and  computational
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efficiency becomes important, as the demand on
memory and processing resources rises. Parameter
tuning and appropriate swarm size adjustments can
help maintain solution quality and stability.

3. Large Grid Sizes (e.g., 50x50 or 100x%100): In
larger grid environments, the scalability of the
algorithm becomes a more prominent concern. The
significantly expanded search space increases the
risk of the swarm being trapped in local optima.
Without adaptive strategies, the algorithm's
performance may degrade in terms of convergence
speed and solution accuracy. To address these
issues, enhancements such as adaptive parameter
control, dynamic swarm resizing, or hybridization
with other metaheuristics may be implemented.
Additionally, leveraging parallelization techniques
can help distribute the computational load and
expedite convergence.

4. Very Large Grid Sizes (e.g., 200x200 or larger):
Extremely large grid sizes pose substantial
challenges to any optimization algorithm. For the
vector PSO method, issues such as slow
convergence, excessive computational burden, and
potential stagnation become critical. In these
scenarios, advanced methods such as distributed or
multi-swarm PSO, decomposition-based
optimization, and hybrid metaheuristic frameworks
should be  considered. Problem-specific
adaptations  or  hierarchical  decomposition
strategies may also be necessary to divide the task
into manageable sub-problems. These approaches
can improve tractability and enhance the
algorithm’s  robustness in  high-dimensional
settings.

By systematically evaluating the vector PSO method
across different grid sizes, researchers can better
understand its scalability characteristics and
operational boundaries. Such an analysis not only
informs appropriate algorithmic enhancements but
also supports its effective deployment across diverse
problem domains and scales. The insights gained
from this investigation are instrumental in refining
the vector PSO method for real-world applications
that demand scalable and adaptive optimization
solutions.

The vector PSO method demonstrates favorable
convergence properties in smaller grid systems;
however, its efficiency tends to decline as grid size
increases, particularly in scenarios involving multiple
conflicting objectives. In multi-objective generation
dispatch problems, the vector PSO approach
effectively identifies Pareto-optimal  solutions,
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illustrating trade-offs between objectives such as fuel
cost minimization and emission reduction.

An analysis of fuel cost and emission level variations
with respect to real power—both with and without
transmission losses—has been conducted for three
test systems comprising 15, 40, and 140 units. These
results are presented and discussed under the
subsequent subheadings. As grid size expands, the
algorithm's computational burden intensifies, leading
to diminished optimization performance and slower
convergence rates. This highlights the inherent trade-
off between computational complexity and solution
quality in large-scale systems.

The selection of objective functions significantly
influences the algorithm's behavior, often resulting in
varied Pareto-optimal frontiers. Sensitivity analysis
further reveals that parameter tuning—such as inertia
weight, acceleration coefficients, and swarm size—is
crucial for achieving optimal performance, especially
in large-scale grids.

Despite these challenges, the vector PSO method
offers strong practical utility in solving generation
dispatch problems, particularly in small to medium-
sized networks where it maintains satisfactory
convergence and solution quality. By generating
diverse Pareto-optimal solutions, the method equips
decision-makers with valuable insights into the trade-
offs between economic and environmental objectives,
thereby facilitating informed and balanced decision-
making.

These findings highlight the need for further
technological enhancements, including adaptive
mechanisms and hybrid frameworks, to improve the
scalability and robustness of the vector PSO method
for large-scale grid optimization problems.

Limitations

While the vector PSO method demonstrates strong
performance in small to medium-sized systems, its
scalability is  significantly  constrained by
computational resource demands, limiting its
effectiveness in very large grid environments. As the
grid size increases, the algorithm tends to suffer from
slow convergence or may prematurely settle on
suboptimal  solutions,  reducing the  overall
optimization quality. Furthermore, the presence of
complex, multi-objective  functions introduce
additional challenges, making it difficult to
accurately represent the problem landscape and
potentially hindering the algorithm’s effectiveness.
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To overcome these limitations, several enhancement
strategies have been  proposed.  Parameter
optimization plays a critical role in tailoring the
algorithm to different problem scales and objective
functions, thereby improving convergence behavior
and solution accuracy. Hybridization with other
metaheuristic approaches, such as GA or simulated
annealing, can be explored to enhance scalability and
prevent premature convergence. Additionally, the use
of parallelization techniques enables the distribution
of computational workload, significantly accelerating
convergence, especially in large-scale systems.
Problem decomposition strategies further support
scalability by dividing complex optimization tasks
into smaller, manageable sub-problems, facilitating
more efficient computation and solution generation in
extensive grid systems.

Emission reduction

The vector PSO technique has proven to be highly
effective in reducing emissions while simultaneously
achieving substantial cost savings. In light of
increasing regulatory and environmental constraints,
emission control is becoming an essential component
of electricity generation. The comparative results of
this study indicate that, relative to other heuristic
methods such as WIPSO, BFO, and GWO, the vector
PSO technique results in cost savings of
approximately 3615,000, 123,000, and 3184,500 per
hour, respectively. These findings not only highlight
the method's economic benefits but also reinforce its
environmental significance, demonstrating that the
vector PSO technique can achieve significant
emission reductions at minimal additional cost.

Convergence and Reliability

The vector PSO method further distinguishes itself
through superior convergence behavior and high
reliability. Compared to other algorithms, it exhibits a
notably smaller average deviation across multiple
trials, reflecting stable performance and precise
optimization. The narrow range and lower average
fuel costs obtained consistently during repeated
simulations indicate the robustness and dependability
of the proposed approach. Moreover, the algorithm’s
consistent ability to identify the optimal solution
reinforces its reliability, which is critical for real-
world  power generation  systems. Reliable
optimization ensures continuous, efficient operation
and long-term economic performance, making the
vector PSO method a dependable tool for dispatch
planning.
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Operational performance

The vector PSO approach presents a highly effective
and economically viable solution for enhancing fuel
efficiency and reducing emissions in power
generation systems. The study confirms that this
method outperforms other heuristic techniques such
as WIPSO, BFO, and GWO in terms of both cost
optimization and environmental impact. The
significant cost savings associated with vector PSO
make it an attractive option for power generation
facilities aiming to improve financial efficiency.
Furthermore, its proven ability to minimize emissions
aligns well with environmental regulations and
sustainability goals, thereby promoting greener
energy production practices. The findings of this
investigation clearly demonstrate the dual advantage
of the vector PSO technique in optimizing both
operational and environmental performance. For
power plants, it offers a cost-effective strategy to
enhance overall efficiency. Future research may

contributing to the superior performance of vector
PSO and explore its adaptability across diverse power
generation scenarios under varying operational
constraints.

Performance characteristics

The various performance attributes of the proposed
approach are presented below, reinforcing the
validity of the research findings. The variation in fuel
cost and emission levels with respect to real power,
both with and without transmission loss, has been
illustrated for different system sizes. For the 15-unit
system, the results are depicted in Figures 3, 4, 5, and
6; for the 40-unit system, in Figures 7, 8, 9, and 10;
and for the 140-unit system, in Figures 11, 12, 13,
and 14. These visual representations effectively
demonstrate the behavior and performance of the
vector PSO method across varying system scales
under different operational conditions. A complete
list of abbreviations is listed in Appendix I.

further investigate the underlying mechanisms
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Figure 4 Variation of emission level (tons/hr) vs. real power without transmission loss for IEEE 15-Unit system
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Figure 10 Variation of emission level (ton/hr) versus real power with transmission loss for the IEEE 40-Unit system
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Figure 11 Variation of cost of generation versus real power without transmission loss for the IEEE 140-Unit system
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5.Conclusion

This study presents an advanced optimization
framework based on EVPSO to address the complex
challenges of CEED in modern power systems. By
integrating electromagnetic principles into the
conventional PSO structure, the proposed method
effectively enhances exploration and exploitation
balance, mitigates premature convergence, and
delivers consistent, high-quality solutions across
multiple test systems of varying scales—15, 40, and
140 generating units. The optimization model
incorporates practical constraints such as valve point
effects, ramp rate limits, and transmission losses,
accurately  reflecting  real-world  operational
conditions. Comparative simulations against state-of-
the-art metaheuristic algorithms such as WIPSO,
BFO, and GWO demonstrate the superior
performance of EVPSO in minimizing both fuel cost
and emission levels. Notably, EVPSO achieves
significant economic benefits, yielding an estimated
annual savings of approximately 3615,000 compared
to WIPSO, and simultaneously ensures regulatory
compliance by reducing pollutant emissions. The
technique also shows robust convergence behavior
and reduced deviation across multiple trials,
underscoring its reliability and operational stability.
Moreover, the scalability analysis reveals that
EVPSO maintains high efficiency in small- to
medium-scale systems, with performance gradually
tapering in very large grids due to increased
computational complexity. These findings highlight
the importance of hybridization and adaptive
enhancements for future scalability improvements.
The proposed EVPSO algorithm offers a powerful,
adaptable, and environmentally responsible solution
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for economic dispatch in modern power systems. Its
ability to handle nonlinearities, multiple objectives,
and operational constraints positions it as a
compelling tool for next-generation smart grid
optimization. Future work may focus on real-time
deployment, integration with renewable sources, and
further hybridization to extend its applicability to
broader, more dynamic energy systems.
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Appendix |

S. No. Abbreviation  Description

1 ANN Artificial Neural Network

2 ARIMA Autoregressive  Integrated  Moving
Average

3 BBO Biogeography-Based Optimization

4 BFO Bacterial Foraging Optimization

5 CEED Cc_)mbined Economic and Emission
Dispatch

6 CO, Carbon Dioxide

7 DE Differential Evolution

8 DEED Dynamic Economic Emission Dispatch

9 ELD Economic Load Dispatch

10 EP Evolutionary Programming

1 EVPSO Elegtrqma_gnetic Vector Particle Swarm
Optimization

12 GA Genetic Algorithm

13 GWO Gray Wolf Optimization

14 HBMO Honey Bee Mating Optimization
Multi-Objective Simulated Annealing

15 MSSA Local Search Pattern Swarm Algorithm

16 N,O Nitrous Oxide

17 PSO Particle Swarm Optimization
Simulated Annealing Local Search

18 SALP Pattern

19 SO, Sulfur Dioxide

20 VPL Valve Point Loading

21 VPSO Vector Particle Swarm Optimization
Weight Improved Particle Swarm

22 WIPSO Optimization




