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 This paper presents a techno-economic assessment of integrating engine 

power plants into a power grid, using the snake optimization (SO) algorithm 

to solve the multi-objective optimal power flow (OPF) problem. The study 

focuses on four key objectives: minimizing fuel costs, reducing voltage 

deviation, enhancing voltage stability, and minimizing active power losses. 

Simulations conducted on the 38-bus of Manokwari grid system demonstrate 

that the SO algorithm significantly improved performance in all areas. Fuel 

costs were reduced to 2.003 million USD/h while maintaining a stable voltage 

profile. Voltage deviation was reduced to 0.5577 p.u., ensuring better voltage 

consistency across the grid. Voltage stability was enhanced with a minimized 

Lmax value of 0.0200 p.u., and active power losses were reduced to 0.3423 

MW, reflecting a notable increase in system efficiency. These findings 

demonstrate the effectiveness of integrating gas engine power plants, which 

led to noticeable improvements in operational efficiency and grid stability. 
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1. INTRODUCTION 

Optimal power flow (OPF) has emerged as a fundamental optimization tool in power engineering, 

aimed at determining the most efficient operational conditions for electrical power systems. Since its inception 

in the 1960s, OPF has undergone significant evolution, addressing various challenges related to power 

generation and distribution [1]. The primary objective of OPF is to minimize operational costs while adhering 

to technical constraints such as power flow equations, voltage limits, and transmission line capacities. Its 

significance lies in its ability to enhance system reliability, reduce costs, and integrate renewable energy 

sources, contributing to the overall stability and efficiency of modern power systems [2], [3]. Various 

techniques, including security-constrained OPF (SCOPF), are widely adopted to maintain system security 

under normal and fault conditions, ensuring stable power supply across grids [4], [5]. 

As the complexity of power systems continues to grow, driven by increasing energy demands and the 

integration of distributed energy resources, advanced OPF methods are indispensable. Traditional OPF 

techniques often face limitations in addressing non-linear, non-convex optimization problems. Therefore, 

meta-heuristic algorithms such as genetic algorithms (GA), particle swarm optimization (PSO), and whale 

optimization algorithm (WOA) have become prominent in OPF applications. These methods are highly 

flexible, capable of efficiently navigating complex search spaces while avoiding local optima, offering superior 

solutions to power flow challenges in systems with high renewable penetration [6]-[8]. 

https://creativecommons.org/licenses/by-sa/4.0/
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The existing literature extensively covers the application of meta-heuristic algorithms in OPF 

optimization, with methods such as particle swarm optimization (PSO) [9], [10], cuckoo search algorithm [11], 

grey wolf algorithm [12], bird swarm algorithm [13], teaching-learning-based optimization [14], [15], fire 

hawk optimizer [16], wolf pack algorithm [17], and elephant swarm water search [18]. These algorithms have 

demonstrated success in reducing power losses, improving voltage stability, and minimizing fuel costs in 

systems with high renewable energy integration.  

Meta-heuristic methods, particularly snake optimization (SO), have shown considerable promise in 

solving complex optimization problems in various fields, including power engineering. Snake optimization, a 

nature-inspired algorithm, leverages the behavioral patterns of snakes to efficiently search for optimal 

solutions, demonstrating superior performance in trajectory optimization and multitask assignments [3], [19]. 

This method has proven effective in overcoming the limitations of traditional optimization techniques, 

particularly in addressing non-linear and non-convex challenges common in OPF problems [20], [21]. 

The SO method is a recently developed approach for addressing the OPF problem. It has demonstrated 

significant effectiveness in optimizing various aspects of power systems. Specifically, the method has been 

shown to reduce fuel costs, minimize voltage deviations, improve line stability, and decrease power losses and 

emissions. These results were validated through application on the standard 30-bus test system, highlighting 

its potential for enhancing the efficiency and reliability of electrical grids [1]. 

Unlike many previous OPF studies that focus primarily on renewable energy integration or standard 

benchmark systems, this study explicitly investigates the integration of gas engine power plants within a 

practical power grid. Gas engine generators are characterized by fast response, flexible dispatch capability, and 

distinct fuel cost characteristics, which directly influence both economic and voltage-related performance of 

the grid. In this work, gas engine power plants are explicitly modeled in the OPF framework using customized 

fuel cost functions and operational constraints. This modeling approach enables a systematic evaluation of their 

techno-economic impact on grid performance. A techno-economic assessment of a power grid, following the 

integration of gas engine power plants, is performed using SO to solve a case-based single-objective OPF 

problem while considering multiple performance criteria, including fuel cost, voltage deviation, voltage 

stability, and active power loss minimization. The main contributions of this study are threefold: i) modeling a 

practical power grid with gas engine power plant penetration, ii) designing appropriate fuel cost functions for 

gas engine generators, and iii) evaluating grid techno-economic performance using the SO-based OPF 

approach. 

 

 

2. METHOD 

This study employs a systematic methodology to evaluate the techno-economic performance of the 

Manokwari power grid after reconfiguration by solving the OPF problem using SO algorithm. The 

methodology consists of power system modeling, OPF formulation, implementation of the SO algorithm, and 

simulation parameters and setup. 

 

2.1.  Power system modeling and OPF formulation 

The Manokwari grid was chosen for assessment due to the recent integration of two gas engine power 

plants into the power grid. Where the integration has altered the system configuration. The system data, 

including generator limits and line capacities, were obtained from [9] with some modifications due to 

reconfiguration by bypassing bus 1 and bus 9 with a new line having an impedance of 0.840+j1.974 p.u., and 

operating two gas engine power plants connected to bus 9, each rated at 20 MW, as shown in red in Figure 1. 

The system assessment is done in four cases where described in objective function as follows:  

Case 1:  Fuel cost minimization – This case focuses on reducing the total fuel cost while ensuring that all 

technical constraints, such as voltage and generator limits, are respected. 

Case 2:  Voltage deviation improvement – The goal is to improve the voltage profile by minimizing the 

deviation between actual and nominal voltages. 

Case 3:  Voltage stability enhancement – This case aims to improve the voltage stability of the grid by 

minimizing the maximum voltage stability index. 

Case 4:  Active power loss minimization – The objective is to reduce transmission losses in the system, which 

contributes to increased efficiency and reduced operational costs. 

The integration of gas engine power plants into the Manokwari grid is explicitly represented by 

modeling the gas engine units as controllable generation sources within the OPF framework. These generators 

are connected at designated buses and are characterized by specific active and reactive power limits, as well as 

quadratic fuel cost functions reflecting gas engine operational behavior. Their dispatch levels are treated as 

decision variables in the optimization process, allowing the SO algorithm to determine optimal operating points 
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under different objective scenarios. This modeling approach ensures that the impact of gas engine penetration 

on system economics and technical performance is directly captured in the optimization results. 

The OPF problem is formulated as a constrained nonlinear optimization problem, where the objective 

is to determine the optimal operating point of the power system while satisfying all physical and operational 

constraints. The general OPF formulation is expressed as the minimization of an objective function subject to 

equality and inequality constraints. Equality constraints represent the power flow balance equations, ensuring 

that generated power meets load demand and system losses. Inequality constraints enforce generator operating 

limits, bus voltage limits, and transmission line flow limits.  

 

 

 
 

Figure 1. Single line diagram of Manokwari grid 

 

 

2.1.1. Objective function 

The objective function in OPF defines the power system's operational goal, focusing on economic 

efficiency, technical performance, or security. In this study, objectives reflect key economic and operational 

indicators for grids with gas engine power plants. Each objective is evaluated independently to assess its impact 

on system performance. The total objective function J is to minimize or optimize the following components: 

i) Fuel cost minimization: The economic objective to minimize the fuel cost of power generation is expressed 

as (1) [1], [9], [12], [14], [22]. 

 

𝑓1 = ∑ (𝑎𝑖 + 𝑏𝑖𝑃𝐺𝑖 + 𝑐𝑖𝑃𝐺𝑖
2 )𝑁𝐺

𝑖=1  (1) 

 

Where 𝑃𝐺𝑖 is the power generated by the 𝑖-th generator and 𝑎𝑖, 𝑏𝑖, and 𝑐𝑖 are cost coefficients. 

ii) Voltage deviation minimization: To improve the voltage profile, the voltage deviation from the nominal 

value at the load buses is minimized using (2). 

 

𝑓2 = ∑ (𝑎𝑖 + 𝑏𝑖𝑃𝐺𝑖 + 𝑐𝑖𝑃𝐺𝑖
2 )𝑁𝐺

𝑖=1 + 1000 ⥂ ∑ |𝑉𝐿𝑖 − 1|𝑁𝐿
𝑖=1  (2) 

 

Where 𝑉𝐿𝑖 represents the voltage magnitude at load bus 𝑖 and 𝑁𝐿 is the number of load buses. 

iii) Voltage stability enhancement: The voltage stability of the system is improved by minimizing the maximum 

L-index, which serves as an indicator of system stability. 

 

𝑓3 = 6000 (𝑚𝑎𝑥 (1 − ∑ 𝐻𝐿𝐺
𝑉𝑖

𝑉𝑗

𝑁𝐺
𝑖=1 ))  𝑗 = 1,2,⋯ ,𝑁𝐿 (3) 

 

Where 𝐻𝐿𝐺 is the submatrix of the bus admittance matrix and 𝑉𝑖, 𝑉𝑗 are the voltage magnitudes at buses 𝑖 
and 𝑗, respectively. 

iv) Active power loss minimization: The total active power loss in the transmission system is minimized. 

 

𝑓4 = ∑ 𝐺𝑘(𝑉𝑖
2 + 𝑉𝑗

2 − 2𝑉𝑖𝑉𝑗 𝑐𝑜𝑠(𝛿𝑖 − 𝛿𝑗))
𝑁𝐿
𝑘=1  (4) 

 

Where 𝐺𝑘 is the conductance of branch 𝑘 and 𝛿𝑖, 𝛿𝑗 are the voltage angles at buses 𝑖 and 𝑗. 
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2.1.2. Equality and inequality constraints 

The OPF problem must satisfy equality and inequality constraints representing physical and 

operational limits of the power system. These constraints ensure balanced power generation and consumption, 

acceptable system voltages, and safe transmission line operation. Standard power flow equations and operating 

limits are adopted to model real-world system conditions accurately. 

i) Power flow equations (equality constraints): The power balance equations for active and reactive power at 

each bus must be satisfied [1], [9], [12], [14], [22]. 

 

𝑃𝐺𝑖 − 𝑃𝐷𝑖 = ∑ (𝑉𝑖𝑉𝑗𝑌𝑖𝑗 𝑐𝑜𝑠(𝜃𝑖𝑗 + 𝛿𝑖 − 𝛿𝑗))𝑖=1  (5) 

 

𝑄𝐺𝑖 − 𝑄𝐷𝑖 = ∑ (𝑉𝑖𝑉𝑗𝑌𝑖𝑗 𝑠𝑖𝑛(𝜃𝑖𝑗 + 𝛿𝑖 − 𝛿𝑗))𝑖=1  (6) 

 

Where 𝑃𝐺𝑖, 𝑄𝐺𝑖, 𝑃𝐷𝑖, and 𝑄𝐷𝑖 represent the active and reactive power generation and demand at bus 𝑖, and 

𝑌𝑖𝑗 and 𝜃𝑖𝑗 are the magnitude and angle of the admittance matrix between buses 𝑖 and 𝑗. 
ii) System operating constraints (inequality constraints): These include limits on generator output, bus voltage, 

and transmission line capacity [1], [9], [12], [14], [22]. 

 

𝑃
𝐺𝑖

𝑚𝑖𝑛𝐺𝑖𝐺𝑖
𝑚𝑎𝑥𝐺

 (7) 

 

𝑄
𝐺𝑖

𝑚𝑖𝑛𝐺𝑖𝐺𝑖
𝑚𝑎𝑥𝐺

 (8) 

 

𝑉
𝐺𝑖

𝑚𝑖𝑛𝐺𝑖𝐺𝑖
𝑚𝑎𝑥𝐺

 (9) 

 

𝑉
𝑖

𝑚𝑖𝑛𝑖𝑖
𝑚𝑎𝑥

 (10) 

 

𝑆𝑖𝑗 ≤ 𝑆𝑖𝑗
𝑚𝑎𝑥 (11) 

 

Where 𝑃𝐺𝑖min and 𝑃𝐺𝑖max are the minimum and maximum generation limits, 𝑉G𝑖
min and 𝑉G𝑖

max are the voltage 

limits, and 𝑆𝑖𝑗max is the thermal limit of the transmission line between buses 𝑖 and 𝑗. 
 

2.2.  Snake optimization algorithm for OPF 

To solve the formulated OPF problem, the SO algorithm is employed. SO is a population-based 

metaheuristic inspired by the natural behaviors of snakes, such as food searching, competition, and mating. 

These behaviors are mathematically modeled to balance exploration and exploitation during the search process, 

making SO suitable for solving nonlinear and non-convex optimization problems such as OPF. 

In the SO-based OPF implementation, each candidate solution (snake) represents a complete set of 

OPF control variables, including generator active power outputs, generator voltage magnitudes, transformer 

tap settings, and shunt reactive power compensations. The optimization process begins by randomly initializing 

a population of snakes within the feasible bounds of the control variables. The population is then divided into 

male and female groups, and the fitness of each snake is evaluated using the selected OPF objective function. 

The procedure of SO-based OPF is done under some steps as follows [23]-[27]. 

i) Step 1: Initialization 

The optimization process starts by randomly generating an initial population of snakes within the 

allowable bounds of the OPF control variables using (12), under upper (Ub) and lower bound (Lb). The total 

population is then equally divided into male and female groups. Each snake is evaluated using the OPF 

objective function to determine its fitness. 

 

𝑥𝑖 = 𝐿𝑏 + 𝑟(𝑈𝑏 − 𝐿𝑏) (12) 

 

ii) Step 2: Fitness evaluation 

The best-performing snakes in the male (fbest,m) and female (fbest,f) are identified. Two key parameters—

food quantity (QF) and temperature (TA)—are computed using (13) and (14). These parameters govern the 

behavioral state of the snake population and determine the subsequent search strategy. 
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𝑇𝐴 = 𝑒𝑥𝑝 (−𝑡 𝑡𝑚𝑎𝑥
⁄ ()) (13)

 
 

𝑄𝐹 = 0.5  𝑒𝑥𝑝 (
𝑡 − 𝑡𝑚𝑎𝑥

𝑡𝑚𝑎𝑥
⁄ ) (14)

   

iii) Step 3: Exploration mode (QF < 0.25) 

When the food quantity is low, the algorithm enters the exploration phase. In this phase, snake 

positions are updated using (15) and (16) to encourage wide exploration of the search space. This step enhances 

global search capability and helps avoid local optima. The food acquisition abilities of male and female (Am 

and Af), snakes, defined in (17) and (18), regulate the exploration process. 

 

𝑋𝑖,𝑚(𝑡 + 1) = 𝑋𝑟,𝑚(𝑡) ± 0.05𝐴𝑚((𝑈𝑏 − 𝐿𝑏)𝑟𝑎𝑛𝑑(𝐿𝑏)) (15)

   

𝑋𝑖,𝑓(𝑡 + 1) = 𝑋𝑟,𝑓(𝑡) ± 0.05𝐴𝑓((𝑈𝑏 − 𝐿𝑏)𝑟𝑎𝑛𝑑(𝐿𝑏)) (16) 

 

𝐴𝑚 = 𝑒𝑥𝑝 (
−𝑓𝑟,𝑚

𝑓𝑖,𝑚
⁄ ) (17) 

 

𝐴𝑓 = 𝑒𝑥𝑝 (
−𝑓𝑟,𝑓

𝑓𝑖,𝑓
⁄ ) (18) 

 

iv) Step 4: Exploitation mode (QF ≥ 0.25 and TA > 0.6) 

If sufficient food is available and the temperature is high, the algorithm switches to exploitation mode. 

In this mode, snakes update their positions using (19), focusing on refining solutions around the current best 

candidates to improve convergence accuracy. 

 

𝑋𝑖,𝑗(𝑡 + 1) = 𝑋𝑓𝑜𝑜𝑑 ± 2𝑇𝐴𝑟𝑎𝑛𝑑(𝑋𝑓𝑜𝑜𝑑 − 𝑋𝑖,𝑗(𝑡) (19)

  

v) Step 5: Mating or fighting mode (QF ≥ 0.25 and TA ≤ 0.6) 

When the temperature is low, the algorithm probabilistically selects either mating or fighting behavior. 

In the mating mode (Fm and Ff), new offspring solutions are generated using (20) and (21), with fighting 

abilities (Mm and Mf) defined in (22) and (23). If fighting mode is selected, snake positions are updated using 

(24) and (25), while mating abilities are calculated using (26) and (27). These behaviors maintain population 

diversity and balance exploration and exploitation. 

 

𝑋𝑖,𝑚(𝑡 + 1) = 𝑋𝑖,𝑚(𝑡) + 2𝐹𝑀𝑟𝑎𝑛𝑑(𝑄𝐹(𝑋𝑏𝑒𝑠𝑡,𝑓 − 𝑋𝑖,𝑚(𝑡) (20) 

 

𝑋𝑖,𝑓(𝑡 + 1) = 𝑋𝑖,𝑓(𝑡) + 2𝐹𝐹𝑟𝑎𝑛𝑑(𝑄𝐹(𝑋𝑏𝑒𝑠𝑡,𝑚 − 𝑋𝑖,𝑓(𝑡) (21) 

 

𝐹𝑚 = 𝑒𝑥𝑝 (
−𝑓𝑏𝑒𝑠𝑡,𝑚

𝑓𝑖
⁄ ) (22) 

 

𝐹𝑓 = 𝑒𝑥𝑝 (
−𝑓𝑏𝑒𝑠𝑡,𝑓

𝑓𝑖
⁄ ) (23) 

 

𝑋𝑖,𝑚(𝑡 + 1) = 𝑋𝑖,𝑚(𝑡) + 2𝑀𝑚𝑟𝑎𝑛𝑑(𝑄𝐹(𝑋𝑖,𝑓(𝑡) − 𝑋𝑖,𝑚(𝑡)) (24) 

 

𝑋𝑖,𝑓(𝑡 + 1) = 𝑋𝑖,𝑓(𝑡) + 2𝑀𝑓𝑟𝑎𝑛𝑑(𝑄𝐹(𝑋𝑖,𝑚(𝑡) − 𝑋𝑖,𝑓(𝑡)) (25) 

 

𝑀𝑚 = 𝑒𝑥𝑝 (
−𝑓𝑖,𝑓

𝑓𝑖,𝑚
⁄ ) (26) 

 

𝑀𝑓 = 𝑒𝑥𝑝 (
−𝑓𝑖,𝑚

𝑓𝑖,𝑓
⁄ ) (27) 
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vi) Step 6: Replacement (egg-hatching mechanism) 

After the behavioral updates, weak snakes are identified and replaced with newly generated offspring 

using (28) and (29). This replacement mechanism prevents premature convergence and ensures sustained 

diversity within the population. 

 

𝑋𝑤𝑜𝑟𝑠𝑡,𝑚 = 𝐿𝑏 + 𝑟𝑎𝑛𝑑(𝑈𝑏 − 𝐿𝑏) (28) 

 

𝑋𝑤𝑜𝑟𝑠𝑡,𝑓 = 𝐿𝑏 + 𝑟𝑎𝑛𝑑(𝑈𝑏 − 𝐿𝑏) (29) 

 

 

vii) Step 7: Termination and output 

Steps 2–6 are repeated until the termination criterion is satisfied, such as reaching the maximum 

number of iterations or achieving convergence. The overall procedure of the snake optimization algorithm 

applied to the OPF problem summarizes the sequence of initialization, fitness evaluation, behavioral mode 

selection, solution updating, replacement, and termination. The best solution obtained at the end of the process 

represents the optimal OPF solution for the selected objective. 

 

2.3.  Simulation parameters and setup 

The simulations for this study were conducted using the Matpower 7.0 software package, speeding 

the OPF computation. The software was run on an Intel Core i7-2677M CPU with 10 GB of RAM, under a 

Windows 10 operating system. This environment was sufficient to handle the computational demands of the 

simulation, providing timely results while ensuring data integrity.  

A population size of 50 was selected for the algorithm, balancing computational efficiency with 

solution accuracy. A maximum of 100 iterations was used to ensure that the algorithm had enough time to 

converge to an optimal solution while avoiding unnecessary computational overhead. This combination of 

parameters was designed to strike a balance between the exploration and exploitation phases of the SO 

algorithm, ensuring that the solutions found were both globally optimal and computationally efficient. 

 

 

3. RESULTS AND DISCUSSION 

3.1.  Design fuel cost function 

In the context of OPF problems, the fuel cost function plays a crucial role as the primary objective to 

be minimized, ensuring that economic efficiency is achieved while satisfying the technical constraints of the 

power grid. The process of designing a fuel cost function for gas engine power plants involves creating a 

mathematical model that accurately represents the operational costs associated with power generation. With 

the operation of the two gas engine power plants in the grid of Manokwari, it is essential to formulate the fuel 

cost function of the power plants. Based on the provided data in [28]. the cost functions can be determined 

using a simple quadratic equation that accounts for the power output and fuel consumption characteristics of 

the plants, as follows:  
 

𝐹37 = 1082.5-0.0627𝑃37 + 1𝑒−5𝑃37
2  

 
𝐹38 = 2059.5-0.3264𝑃38 + 3𝑒−5𝑃38

2  
 

 

3.2.  Fuel cost minimization 

The goal in Case 1 was to minimize fuel costs while maintaining acceptable system performance. 

According to Table 1, the total fuel cost for this case was approximately 2.003 million USD/h. This result 

shows a significant reduction in operating costs, driven by optimal control over active power generation values 

P1 to P38, where minimal adjustments to power outputs were applied. In this case, P1 remained near zero, while 

P37 and P38 were significantly higher, reflecting the efficient use of different generation units to keep costs low. 

This achievement is validated in [9], where the other power plants work at maximum while the rest will be 

handled by P1. 

Regarding the voltage profile in Figure 2, Case 1 resulted in relatively stable voltages across all buses, 

with most buses showing values near or slightly above 1.0 per unit (p.u.). The highest deviation from the 

nominal value was observed at bus 30, with a voltage of 0.9885 p.u., which indicates that while cost 

minimization was achieved, some minor voltage drops occurred, especially at the lower-end buses. However, 

these values remained within acceptable operating limits, ensuring the system's reliability and security. The 

loss of active power in this scenario was relatively high, at 10.333 MW. This loss is a trade-off often 

encountered in cost-minimization strategies, where the system's configuration may prioritize lower costs over 

minimal power losses. However, the focus on fuel cost minimization ensures that the financial benefits 

outweigh the small increase in power losses and the voltage deviation observed in some parts of the system. 
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Table 1. Variables change in each case 
Variable Case 1 Case 2 Case 3 Case 4 

P1 (MW) 0.0001 6.0660 19.2410 22.8740 
P29 (MW) 0.2500 2.3803 2.3549 2.5000 

P36 (MW) 2.0000 19.0420 6.5678 2.0000 

P37 (MW) 20.0000 19.0420 2.0000 2.0000 
P38 (MW) 19.1148 19.0420 2.0000 2.0000 

Q1 (MVar) 41.6950 56.7000 19.2310 16.3340 

Q29 (MVar) 5.8883 1.4309 2.5000 2.4211 

Q36 (MVar) - 0.3454 - 4.8304 - 2.7902 - 0.7413 
Q37 (MVar) - 8.7631 - 3.3273 - 1.0564 - 1.2470 

Q38 (MVar) - 8.2702 - 3.3273 - 1.0564 - 1.2470 

Cost (milion USD/h) 2.0033 2.1497 2.7088 2.9213 
Ploss (MW) 10.3330 22.4080 1.1316 0.3423 

VD (p.u.) 0.9193 0.5577 1.1755 1.1604 

L-max (p.u.) 0.0273 0.0535 0.0200 0.0288 

 

 

 
 

Figure 2. Voltage profile in each case 

 

 

3.3.  Voltage deviation improvement 

In Case 2, the primary focus was on improving the voltage deviation (VD) across the network. 

According to Table 1, this strategy yielded the lowest VD value of 0.5577 p.u., a significant improvement over 

Case 1’s 0.9193 p.u. The optimization in this case resulted in much more uniform voltage profiles across all 

buses, as seen in Figure 2. The largest deviation from 1.0 p.u. occurred at bus 30, where the voltage dropped 

to 0.98156 p.u., but overall, the system maintained a more balanced voltage distribution. 

However, the improvements in voltage profiles came at a higher operational cost. The total fuel cost 

increased to 2.1497 million USD/h, which reflects the additional efforts in adjusting generator outputs to 

enhance voltage profiles. In this case, the power outputs P1 to P38 show significant variation, especially in P1, 

which increased from nearly zero in Case 1 to 6.0659 MW. This indicates that the system had to utilize different 

generation sources and operate them at higher outputs to achieve the desired voltage improvement. 

Furthermore, the active power losses in this case increased dramatically to 22.408 MW, indicating that the 

system had to endure higher losses to maintain the voltage profile improvement. This trade-off highlights the 

balance between improving voltage stability and managing system efficiency, where voltage improvements 

often come at the cost of higher active power losses and increased operating expenses. The result is the same 

as in [1], [14], [22], where the VD is lower, the fuel cost is reduced, and the power loss is higher. 
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3.4.  Voltage stability enhancement 

Voltage stability enhancement was the key objective in Case 3, where the system aimed to improve 

long-term voltage stability across all buses. According to Table 1, the Lmax index, which represents the 

maximum loadability limit, was reduced to 0.0200 p.u., the lowest among all cases, indicating a notable 

improvement in voltage stability. This lower Lmax means that the system could handle more load without facing 

instability, a critical factor for preventing voltage collapse under stressed conditions. 

In terms of the voltage profile, given in Figure 2, Case 3 maintained relatively high voltage levels 

across the network, with most buses having voltages close to 1.05 p.u. The only notable dip occurred at bus 

30, where the voltage reached 0.99423 p.u., still within acceptable bounds. This result suggests that voltage 

stability was achieved without causing significant deviations, which is a positive outcome compared to other 

cases. This finding is validated in [1], [9], [12], where voltage deviation is increased when Lmax is lower. 

The focus on voltage stability came at a higher cost of 2.7088 million USD/h and increased power 

losses (1.1316 MW) compared to Case 1 but lower than Case 2. This indicates that while the system prioritized 

long-term voltage stability, it still managed to maintain reasonable power loss levels, balancing stability and 

efficiency effectively. The improvement in stability is crucial for system reliability, especially under varying 

load conditions. 

 

3.5.  Active power loss depreciation 

Reducing losses is crucial for improving the overall efficiency of the power grid and ensuring that 

more of the generated power reaches consumers. In Case 4, the system aimed to minimize active power losses. 

This effort led to the lowest power loss among all cases, with a value of 0.3423 MW, as indicated in Table 1. 

By minimizing these losses, the system improved overall efficiency, reducing waste in energy transmission. 

This achievement reflects the effectiveness of optimized dispatch strategies, particularly in the adjustments 

made to the power outputs P1 to P38, which were kept relatively low, except for P1 at 22.874 MW. Since P1 is 

close to the load bus of bus 31-35, the output of the other power plant behind the reactance might be minimized 

as same in [9]. 

The voltage profile in Case 4, presented in Figure 2, shows a stable system with minimal voltage 

deviation. Most buses maintained a voltage close to 1.04 p.u., except for a slight drop at bus 30 (0.9942 p.u.). 

These results indicate that power loss minimization did not come at the expense of voltage stability, showcasing 

the efficiency of the system in managing both objectives simultaneously. However, this improvement in power 

loss reduction came at the highest operational cost, reaching 2.9213 million USD/h. This reflects the typical 

trade-off where minimizing losses often requires higher investment in resources and control mechanisms. 

While the cost was substantial, the benefit of reducing energy waste can justify the expense, especially in 

systems where power losses represent a significant operational challenge.  

 

3.6.  Assessment summary 

Each of the four cases presented different trade-offs between cost, voltage stability, voltage deviation, 

and power losses. In Case 1, the focus was on minimizing fuel costs, resulting in relatively stable voltage 

profiles but higher power losses. Case 2 aimed to improve voltage deviation, achieving better voltage 

uniformity at the expense of higher costs and power losses. Case 3 emphasized voltage stability, leading to 

improved system reliability, though with a moderate increase in costs and power losses. Case 4, focused on 

minimizing active power losses, achieved the best performance in terms of efficiency but incurred the highest 

operational costs. The voltage profile remained stable and the system was able to minimize losses.  

Each case demonstrates a unique approach to optimizing different aspects of power system 

performance, highlighting the balance between operational costs, system reliability, and efficiency. However, 

the results show that there is no one-size-fits-all solution, and each optimization goal has its benefits and 

drawbacks. Depending on the priorities of a power system, operators can choose the appropriate strategy to 

minimize costs, improve voltage performance, or reduce losses, keeping in mind the associated trade-offs. 

From a system-level perspective, the results indicate that the inclusion of gas engine power plants plays a 

significant role in enhancing grid flexibility and operational performance. Compared to traditional generation 

dispatch, gas engine units provide effective support for voltage regulation and loss reduction due to their 

proximity to load centers and adjustable output capability. The relative performance improvements observed 

across the four cases highlight that gas engine penetration, when optimally dispatched using the SO-based OPF 

approach, contributes not only to economic benefits but also to improved voltage stability and transmission 

efficiency. 

In addition to absolute performance evaluation, a relative analysis is performed to contextualize the 

effectiveness of the proposed snake optimization (SO)-based OPF approach. Across the four cases, the SO 

algorithm demonstrates a consistent trade-off between economic and technical objectives. Case 2 achieves a 

39.3% reduction in voltage deviation compared to Case 1, at the expense of increased fuel cost and power 
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losses. Case 3 further improves voltage stability by approximately 62.6% relative to Case 2 with moderate cost 

increases. Moreover, Case 4 attains a 96.7% reduction in active power losses compared to Case 1, highlighting 

the strong capability of SO in loss minimization. 

From a methodological perspective, the results are competitive with other meta-heuristic-based OPF 

approaches, such as PSO, grey wolf optimizer, and teaching–learning-based optimization [12], [15], [17], [22]. 

Although direct numerical comparison is constrained by differences in system configurations and objectives, 

the achieved fuel cost, voltage stability, and loss reduction are comparable to or better than those reported in 

the literature. This confirms the robustness and practical applicability of the proposed SO-based OPF 

framework for power systems with gas engine power plant integration. 

 

 

4. CONCLUSION 

This paper presents a comprehensive techno-economic assessment of the Manokwari power grid 

following the integration of gas engine power plants, utilizing the OPF framework. The SO algorithm was 

applied to solve the multi-objective OPF problem, resulting in significant improvements across key 

performance metrics. The assessment focused on four critical objectives: minimizing fuel costs, reducing 

voltage deviation, enhancing voltage stability, and minimizing active power losses. The implementation of the 

SO algorithm demonstrated its effectiveness in optimizing the grid’s operational efficiency while addressing 

both economic and technical challenges posed by the integration of gas engine power plants. 

The results of the assessment clearly demonstrate the significant impact of gas engine power plant 

penetration on the performance of the Manokwari power grid. The integration of these power plants led to 

noticeable improvements in operational efficiency and grid stability. Fuel cost minimization, achieved through 

the SO algorithm, reduced costs to 2.003 million USD/h, indicating that the penetration of gas engine power 

plants contributed to more economical power generation. Furthermore, the voltage deviation across the grid 

was substantially reduced, improving voltage consistency and reducing the overall stress on the grid, a direct 

result of the enhanced system configuration following the plant integration. 

The assessment also revealed that the penetration of gas engine power plants had a positive impact on 

voltage stability, with the maximum Lmax index decreasing to 0.0200 p.u., thereby ensuring stronger grid 

stability under varying load conditions. Additionally, active power losses were minimized to 0.3423 MW, 

reflecting the increased efficiency brought about by the power plant integration. These findings highlight the 

crucial role that the introduction of gas engine power plants plays in optimizing grid performance, 

demonstrating that such integration not only enhances economic outcomes but also significantly improves the 

technical stability and efficiency of the power system. Overall, the study confirms that gas engine power plants, 

when properly integrated and optimized, act as flexible and economically efficient generation resources that 

significantly enhance both the technical and economic performance of practical power grid systems. 

Future research may extend this work by incorporating renewable energy sources, such as solar and 

wind power, alongside gas engine power plants to evaluate system performance under higher levels of 

generation variability. In addition, uncertainty modeling related to load demand, fuel price fluctuations, and 

renewable intermittency could be integrated to better reflect real-world operating conditions. Further 

extensions may consider comparative studies with other advanced meta-heuristic algorithms or the application 

of the proposed approach to dynamic or security-constrained OPF formulations for practical smart grid 

deployment. 
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