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Abstract- This study presents a novel multi-objective optimization framework for the Optimal Power Flow (OPF) 

problem in an IEEE 30-bus system, aiming to simultaneously minimize generation costs, active power losses, and voltage 

deviations. Given the highly nonlinear and heavily constrained nature of OPF, conventional optimization techniques 

often fall short. To overcome these computational challenges, we propose a parameter-less hybrid metaheuristic approach 

that integrates Teaching-Learning-Based Optimization (TLBO) with the JAYA algorithm. This hybridization 

strategically synergizes TLBO’s global exploration capabilities with JAYA’s rapid, convergence-driven exploitation. By 

employing Pareto optimization and rigorously evaluating the outcomes using quantitative performance indicators 

(Spacing, Maximum Spread, and Hypervolume), a well-balanced and statistically robust set of optimal solutions is 

derived. Furthermore, the practical robustness of the framework is explicitly validated under a severe smart -grid stress 

scenario featuring high Electric Vehicle (EV) charging penetration. The comparative results reveal that the proposed 

hybrid TLBO-JAYA algorithm significantly enhances solution quality, convergence reliability, and overall system 

robustness compared to Particle Swarm Optimization (PSO) and standalone baselines. While  the hybrid approach incurs 

a computational-time penalty due to its sequential phases, this research ultimately establishes the method as a highly 

effective tool for complex, multi-objective power system operational problems. 

Keywords: Multi-objective optimization, optimal power flow problem, teaching-learning-based optimization (TLBO) 

algorithm, JAYA algorithm, pareto optimal technique. 

 

1. Introduction 

Optimal power flow (OPF) has been a subject of 

research since the early 1960s [1]. Ensuring the reliable, 

efficient, and economical operation of power systems is 

one of the most significant engineering challenges faced 

by increasingly complex electrical grids. In this context, 

the OPF problem provides a framework for optimizing 

certain objectives under various constraints to maintain 

the balance between power generation and consumption 
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in power systems [2, 3]. These objectives include cost 

minimization, reduction of active power losses, and 

improvement of voltage profiles. Striking a balance 

among these objectives represents a significant challenge, 

particularly in multi-objective optimization studies [4]. 

Consequently, energy companies must adopt an effective 

OPF method to establish secure, economical, and efficient 

production systems [3].  

The OPF problem is an optimization problem that is 

both nonlinear and non-convex [5]. While traditional 

methods such as Newton-Raphson or gradient-based 

approaches have been employed, they struggle with the 

non-convex and multi-modal characteristics of modern 

power systems [6, 7], often converging to local optima or 

requiring precise initial estimates [8]. Furthermore, the 

transition from traditional power networks to modern 

smart grids has fundamentally transformed the OPF 

problem. Today's smart grids are cyber-physical systems 

characterized by the widespread integration of Distributed 

Energy Resources (DERs), which introduce high 

volatility and uncertainty into daily operations. The 

dynamic nature of smart grids demands communication-

aware operation and real-time deployment capabilities 

from modern Energy Management Systems (EMS). 

Traditional OPF solvers, and even highly parameterized 

metaheuristic algorithms, struggle to adapt autonomously 

to these rapid grid fluctuations. Therefore, there is an 

urgent need for robust, parameter-free computational 

methods that can ensure optimized power delivery 

without requiring continuous manual tuning. 

To address these limitations, various metaheuristic 

algorithms (e.g., PSO, DE, TLBO) and hybrid approaches 

(e.g., HMJDE, ESNST, CDMTMO) have been 

extensively applied to OPF problems to achieve a better 

balance between economic and technical objectives [9-

18]. While the existing literature presents a broad array of 

optimization techniques, it is crucial to distinguish 

between incremental hybridizations and genuinely new 

methodological contributions to the OPF problem. Many 

recent studies focus on incremental hybridization—such 

as simply cascading two standard algorithms. Although 

these approaches marginally improve convergence speed, 

they often increase algorithmic complexity and introduce 

new user-defined tuning parameters, making them 

difficult to scale for real-world grid operators. 

Conversely, genuinely new OPF contributions 

address the fundamental challenges of modern power 

systems through innovative, autonomous architectures. 

The proposed TLBO-JAYA hybrid algorithm directly 

addresses this smart-grid requirement by providing a 

highly reliable, autonomous optimization engine capable 

of handling complex, non-linear grid conditions. Rather 

than just combining two random metaheuristics, it 

structurally integrates two fundamentally parameter-free 

algorithms. The TLBO algorithm mimics the teacher-

student interactions in an educational environment, 

operating through teacher and learner phases to ensure 

fast optimization [19]. Similarly, the JAYA algorithm 

converges solely towards the best solution in the current 

search space while moving away from the worst, 

maintaining a simple structure with minimal parameter 

requirements [20]. The complete absence of parameter 

tuning in both algorithms makes their integration a highly 

successful and autonomous alternative for complex OPF 

problems. 

In power systems, the simultaneous optimization of 

multiple objective functions leads to a multi-objective 

OPF problem [21]. Pareto optimization is widely used in 

these problems to establish a balance between different 

conflicting objectives, offering decision-makers a broader 

range of choices instead of a single optimal solution [3]. 

In this work, the TLBO, JAYA, and Hybrid TLBO-JAYA 

algorithms are used to solve the OPF problem for the 

IEEE 30-bus power system, targeting voltage deviation, 

active power loss, and generation cost. 

The key contributions of this study are summarized as 

follows: 

1- A novel TLBO–JAYA hybrid metaheuristic 

algorithm is introduced, structurally integrating two 

parameter-free algorithms. This novel integration 

achieves an optimal balance in the search process by 

combining the powerful global exploration capability of 

TLBO with the fast and straightforward exploitation 

power of JAYA. 

2- By implementing the hybrid TLBO-JAYA 

algorithm on the IEEE 30-bus test system, a thorough 

multi-objective OPF framework is established to 

simultaneously minimize fuel costs, active power losses, 

and voltage deviations. Additionally, the algorithm's real-

world applicability is verified through a heavy-loading 

smart grid scenario simulating extreme EV charging 

penetration (Case 7). 

3- Comparative analyses with standalone TLBO and 

JAYA, strongly supported by rigorous quantitative Pareto 

metrics (Spacing, Maximum Spread, and Hypervolume), 

mathematically demonstrate that the hybrid approach 

achieves superior convergence reliability and an 

expansive Pareto-optimal front, albeit with an acceptable 

computational-time penalty. 

Together, these contributions clearly articulate the 

necessity, originality, and broader applicability of the 

proposed hybrid approach beyond mere controller 

superiority. This investigation organizes the subsequent 

sections as follows: The OPF problem is delineated in 

Section 2. In Section 3, the optimization algorithms 

employed are introduced. Detailed descriptions of the 
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case studies and simulation results are provided in Section 

4. The study's conclusions are ultimately presented in 

Section 5. 

1.1. Formulation of Optimal Power 

The primary objective of the Optimal Power Flow 

(OPF) problem is to identify the most efficient operating 

state of a power system. This involves minimizing specific 

objective functions—namely, generation cost, power loss, 

and voltage deviation—subject to a set of equality and 

inequality constraints. The generalized mathematical 

formulation of the OPF problem is expressed in Eqs. (1-3). 

𝑴𝒊𝒏𝒊𝒎𝒊𝒛𝒆: 𝒇(𝒙, 𝒖)                           (1) 

𝑺𝒖𝒃𝒋𝒆𝒄𝒕 𝒕𝒐: 𝒈(𝒙, 𝒖)                                  (2) 

𝒉(𝒙, 𝒖) ≤ 𝟎               (3) 

where the equality constraints govern the nodal power 

balance, and the inequality constraints ensure that all 

system variables remain strictly within their operational 

limits.The concise formulation above summarizes the OPF 

structure while allowing focus on the study’s novel 

optimization approach rather than standard mathematical 

definitions. 

A. Variables of State 

In power systems, state variables are values that provide 

information about the current state of the system and need to 

be optimized within specific limits. The state variables are 

defined as 𝑥 and are given in Eq. (4). 

𝑥 = [𝑃𝐺1
,  𝑉𝐿1

… 𝑉𝐿𝑁𝐿
,  𝑄𝐺1

… 𝑄𝐺𝑁𝐺
,  𝑆𝑙1

… 𝑆𝑙𝑛𝑙
]            (4) 

Here, 𝑃𝐺1
 is defined as the active power of the selected 

slack bus, 𝑄𝐺  represents the reactive power of the generators, 

𝑉𝐿 denotes the voltage values of the load buses, and 𝑆𝑙 is the 

loading of the transmission line. 

B. Variables of Control 

In power systems, control variables are decision 

variables adjusted to optimize the system according to 

specific objectives (e.g., cost minimization, loss 

minimization). The control variables are defined as 𝑢𝑇 and 

are given in Eq. (5). 

𝑢𝑇 = [𝑃𝐺2
… 𝑃𝐺𝑁𝐺

,  𝑉𝐺1
… 𝑉𝐺𝑁𝐺

,  𝑄𝐶1 … 𝑄𝐶𝑁𝐶
,  𝑇1 … 𝑇𝑁𝑇]  (5) 

Here, transformer tap settings are defined as 𝑇, and 

parallel reactive power compensators are defined as 𝑄𝐶 . In 

order to ensure the safe and efficient operation of the system, 

certain limits are taken into consideration when handling the 

OPF problem. These limitations fall within the categories of 

inequality and equality limitations. They establish the 

parameters that the control and state variables must stay 

inside when solving the problem. 

1) Constraints on Equality 

 In OPF issues, equality limits are crucial to 

maintaining the physical and operational balance of the 

system. At every bus in the power system, these limitations 

guarantee the balance between power generation, 

consumption, and losses. The Active Power and Reactive 

Power constraints are the two primary equality constraints in 

OPF problems. These can be found in Eqs. (6-7). 

𝑃𝐺𝑖 − 𝑃𝐷𝑖 − 𝑉𝑖 ∑ 𝑉𝑗[𝐺𝑖𝑗𝑐𝑜𝑠 (
𝑁𝐵
𝑗=1 𝛿𝑖 − 𝛿𝑗) + 𝐵𝑖𝑗𝑠𝑖𝑛(𝛿𝑖 −

𝛿𝑗)] = 0                                                                         (6) 

𝑄𝐺𝑖 − 𝑄𝐷𝑖 − 𝑉𝑖 ∑ 𝑉𝑗[𝐺𝑖𝑗𝑠𝑖𝑛 (
𝑁𝐵
𝑗=1 𝛿𝑖 − 𝛿𝑗) +

𝐵𝑖𝑗𝑐𝑜𝑠(𝛿𝑖 − 𝛿𝑗)] = 0                                                                         (7) 

Here, 𝑃𝐺𝑖  refers to the active power generated by the 

generators at the 𝑖-th bus, while 𝑃𝐷𝑖 represents the active 

power demand at the 𝑖-th bus. Similarly, 𝑄𝐺𝑖  indicates the 

reactive power generated by the generators at the 𝑖-th bus, 

and 𝑄𝐷𝑖 refers to the reactive power demand at the 𝑖-th bus. 

𝐺𝑖𝑗 and 𝐵𝑖𝑗 denote the real and imaginary components of the 

transmission line connecting the 𝑖-th and 𝑗-th buses, 

respectively. 𝑉𝑖 and 𝑉𝑗 are the voltages of the 𝑖-th and 𝑗-th 

buses, respectively, and 𝑁𝐵 is the number of buses. 𝛿𝑖 and 𝛿𝑗 

represent the voltage phase angles of the 𝑖-th and 𝑗-th buses. 

2) Inequality Constraints 

 In OPF formulations, inequality constraints are 

imperative for confining state and control variables within 

their predefined limits, thereby guaranteeing secure system 

operation. The primary inequality constraints addressed 

encompass the following: 

Eqs. (8-9) specify the permissible active and reactive 

power generation limits. 

𝑃𝐺𝑖
𝑚𝑖𝑛 ≤ 𝑃𝐺𝑖 ≤ 𝑃𝐺𝑖

𝑚𝑎𝑥   ,   1 ≤ 𝑖 ≤ 𝑁𝐺                                  (8) 

𝑄𝐺𝑖
𝑚𝑖𝑛 ≤ 𝑄𝐺𝑖 ≤ 𝑄𝐺𝑖

𝑚𝑎𝑥   ,   1 ≤ 𝑖 ≤ 𝑁𝐺                                 (9) 

Here, 𝑃𝐺𝑖
𝑚𝑖𝑛 and 𝑃𝐺𝑖

𝑚𝑎𝑥 are the minimum and maximum 

active power of the generator, respectively. Similarly, 𝑄𝐺𝑖
𝑚𝑖𝑛 

and 𝑄𝐺𝑖
𝑚𝑎𝑥 are the minimum and maximum reactive power 

of the generator, respectively. 𝑁𝐺 represents the number of 

generators. 

The voltage limits of generators are presented in Eq. 

(10). 

𝑉𝐺𝑖
𝑚𝑖𝑛 ≤ 𝑉𝐺𝑖 ≤ 𝑉𝐺𝑖

𝑚𝑎𝑥  ,   1 ≤ 𝑖 ≤ 𝑁𝐺                             (10) 

Here, 𝑉𝐺𝑖
𝑚𝑖𝑛 and 𝑉𝐺𝑖

𝑚𝑎𝑥 are the minimum and maximum 

voltage values of generator 𝑖 − 𝑡ℎ, respectively. 

The limits of shunt compensators are defined in Eq. 

(11). 

𝑄𝐶𝑖
𝑚𝑖𝑛 ≤ 𝑄𝐶𝑖 ≤ 𝑄𝐶𝑖

𝑚𝑎𝑥    ,   1 ≤ 𝑖 ≤ 𝑁𝐶                            (11) 
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Here, the minimum and maximum values of the shunt 

compensator are 𝑄𝐶𝑖
𝑚𝑖𝑛 and 𝑄𝐶𝑖

𝑚𝑎𝑥, respectively. 𝑁𝐶  is the 

shunt compensator number. 

The transformer tap limits are provided in Eq. (12). 

𝑇𝑖
𝑚𝑖𝑛 ≤ 𝑇𝑖 ≤ 𝑇𝑖

𝑚𝑎𝑥   ,   1 ≤ 𝑖 ≤ 𝑁𝑇                               (12) 

Here, 𝑇𝑖
𝑚𝑖𝑛 and 𝑇𝑖

𝑚𝑎𝑥  are the minimum and maximum 

tap values of transformer 𝑖 − 𝑡ℎ, respectively. 𝑁𝑇 is the tap 

number of the transformer. 

The voltage limits of load buses are defined in Eq. (13). 

𝑉𝐿𝑖
𝑚𝑖𝑛 ≤ 𝑉𝐿𝑖 ≤ 𝑉𝐿𝑖

𝑚𝑎𝑥   ,   1 ≤ 𝑖 ≤ 𝑁𝐿                              (13) 

Here, 𝑉𝐿𝑖
𝑚𝑖𝑛 and 𝑉𝐿𝑖

𝑚𝑎𝑥 are the minimum and 

maximumvoltage values of the load bus 𝑖-th, respectively. 

𝑁𝐿 is the loadbus number. 

The apparent power limits are provided in Eq. (14). 

𝑆𝑙𝑖 ≤ 𝑆𝑙𝑖
𝑚𝑎𝑥   ,   1 ≤ 𝑖 ≤ 𝑁𝑙                                          (14) 

Here, 𝑆𝑙𝑖 , 𝑖-th apparent power load flow, 𝑆𝑙𝑖
𝑚𝑎𝑥 are the 

maximum apparent power load flow values. 

In power system operations, a strict voltage tolerance 

band of 0.95–1.05 p.u. is mandated for load buses to protect 

end-user equipment. However, for generator buses, the 

upper voltage limit is intentionally extended to 1.1 p.u. to 

actively compensate for the inevitable voltage drops along 

lengthy transmission lines. 

C. Objective Functions 

Three primary goal functions have been established to 

address the OPF problem in power systems: lowering active 

power losses, limiting fuel usage, and lowering voltage 

variations. 

1) Basic Fuel Cost Reduction 

The objective in solving this problem is to minimize the 

fuel cost of each generation unit while meeting the required 

electricity demand. Accordingly, the total generation cost of 

the system is formulated as shown in Eq. (15). 

𝐹𝐶𝑜𝑠𝑡 = ∑ 𝑓𝑖(
𝑁𝐺
𝑖=1 𝑃𝐺𝑖)                                                     (15) 

Here, 𝐹𝐶𝑜𝑠𝑡 represents the total fuel cost, 𝑓𝑖(𝑃𝐺𝑖) is the 

fuel cost function of the 𝑖-th generator, which depends on its 

power output (𝑃𝑖), and 𝑁𝐺 denotes the number of generators 

in the system. 

Typically, the fuel cost function is expressed as shown 

in Eq. (16). 

𝑓𝑖(𝑃𝑖) = 𝑎𝑖 + 𝑏𝑖𝑃𝐺𝑖 + 𝑐𝑖𝑃𝐺𝑖
2                                                 (16) 

In this function, the coefficients 𝑎𝑖 , 𝑏𝑖  and 𝑐𝑖 are 

specific to each generator and vary depending on the 

generator's fuel type and efficiency. Table 1 provides the 

generator coefficients for the IEEE 30-bus power system. 

Table 1. Generator cost coefficients (IEEE 30 bus) [22] 

Cost 

coefficients 
 Bus No. 

  1 2 5 8 11 13 

a  0 0 0 0 0 0 

b  2 1.75 1 3.25 3 3 

c  0.00375 0.0175 0.0625 0.00834 0.025 0.025 

 

Eq. 16 represents the quadratic fuel cost function of 

thermal generating units, which captures the nonlinear 

relationship between generation output and total fuel cost. 

The quadratic form is widely used in OPF formulations 

because it realistically models the incremental fuel 

consumption characteristics of practical generators. The cost 

coefficients (a, b, c) correspond to each generator’s fuel cost 

parameters, obtained from the standard IEEE 30-bus test 

system data as reported in [22]. These coefficients were 

adopted to ensure consistency and comparability with 

benchmark OPF studies in the literature. 

2) Active Power Loss Minimization 

Active Power Loss Minimization is an optimization 

problem aimed at enhancing energy efficiency in a power 

system by minimizing active power losses in transmission 

lines and transformers. Active power loss is calculated 

considering the transmission resistance and voltage values 

between each line (𝑖, 𝑗) in the system. It is expressed as 

shown in Eq. (17). 

𝑃𝑙𝑜𝑠𝑠 = ∑ ∑ 𝐺𝑖𝑗[𝑉𝑖
2 + 𝑉𝑗

2 −  2𝑉𝑖𝑉𝑗𝑐𝑜𝑠(𝛿𝑖 − 𝛿𝑗)]
𝑁𝐵
𝑗≠1

𝑁𝐵
𝑖=1  (17) 

Here, 𝑃𝑙𝑜𝑠𝑠 represents the total active power loss, 𝑛𝑙 
denotes the total number of buses in the system, and 𝐺𝑖𝑗 is 

the conductance coefficient of the transmission line between 

buses 𝑖 and 𝑗. 𝑉𝑖 and 𝑉𝑗 are the voltage magnitudes at buses 𝑖 

and 𝑗, respectively, while 𝛿𝑖 and 𝛿𝑗 are the voltage phase 

angles at buses 𝑖 and 𝑗. Additionally, 𝑐𝑜𝑠(𝛿𝑖 − 𝛿𝑗) represents 

the cosine of the voltage phase angle difference between the 

two buses. 

3) Voltage Deviation Minimization 

Voltage Deviation Minimization is an optimization 

technique used to ensure that the voltage levels at the nodes 

in a power system are close to a specified reference voltage 

value, typically 1 p.u (per unit). This problem aims to 

improve the system's stability and voltage profiles. The 

voltage deviation minimization equation is given in Eq. (18). 

𝑉𝐷 = ∑ |𝑉𝑖 − 1|𝑁𝐵
𝑙=1                                                        (18) 

Here, 𝑉𝐷 represents the voltage deviation, 𝑁𝐵 is the 

total number of buses in the system, and 𝑉𝑖 denotes the 

voltage magnitude at the i 𝑖-th bus. 
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Three multi-objective functions have been defined to 

solve the OPF problem: 

 Minimization of fuel cost and active power loss 

(𝐹𝐶𝑜𝑠𝑡 + 𝑃𝐿𝑜𝑠𝑠) 

 Minimization of fuel cost and voltage deviation 

(𝐹𝐶𝑜𝑠𝑡 + 𝑉𝐷) 

 Minimization of fuel cost, active power loss, and 

voltage deviation (𝐹𝐶𝑜𝑠𝑡 + 𝑃𝐿𝑜𝑠𝑠 + 𝑉𝐷) 

For all cases, the single and multi-objective functions for 

the OPF problem in the power system are presented in Table 

2. 

Table 2. Working conditions in test systems 

Cases Objective functions Test system 

Case 1 Basic Fcost minimization 

IEEE 30 

Case 2 Ploss minimization 

Case 3 VD minimization 

Case 4 Fcost and Ploss minimization 

Case 5 Fcost and VD minimization 

Case 6 Fcost, Ploss, and VD minimization 

Case 7 EV Charging Penetration  

 

D. Pareto-Optimal Solution 

Within the context of multi-objective optimization, non-

dominated solutions are formally recognized as Pareto-

optimal. Such solutions become essential when inherent 

conflicts between objectives preclude simultaneous absolute 

optimization. The resulting Pareto front illustrates the 

optimal balance, thereby equipping the decision-maker with 

a diverse array of compromised solutions. 

For a solution to be Pareto-optimal, it must satisfy the 

following conditions: 

1. Dominance Criterion: A solution is considered 

Pareto-optimal as long as it is not dominated by any other 

solution. For instance, as defined in Eq. (19), a solution 𝑋1 

dominates another solution 𝑋2 if it performs equally well or 

better in all objective functions and is strictly better in at least 

one objective function [8, 9]. 

∀𝑖 ∈ {1,2, … . . 𝑛}, 𝐹𝑖(𝑋1) ≤ 𝐹𝑖(𝑋2)

∃𝑗 ∈ {1,2, … . . 𝑛}, 𝐹𝑗(𝑋1) < 𝐹𝑗(𝑋2)
                          (19) 

2. Non-Dominated Solution: If a solution is not 

dominated by any other solution, it is considered a non-

dominated solution and is included in the Pareto front. The 

membership function 𝜇𝑘 for each non-dominated solution 𝑘 

is defined in Eq. (20) [23]. 

𝜇𝑘 =
∑ 𝜇𝑖

𝑘𝑁
𝑖=1

∑ ∑ 𝜇𝑖
𝑘𝑁

𝑖=1
𝑀
𝑘=1

                                                         (20) 

Formed by the aggregation of all possible non-

dominated solutions, the Pareto front manifests as a 

continuous boundary in the objective space. Consequently, 

any movement along this front signifies a direct compromise, 

or trade-off, between the conflicting objectives inherent in 

the problem. Any solution on this front represents a state 

where improving one objective function is impossible 

without compromising another [24, 25]. 

Among Pareto-optimal solutions, a decision-maker may 

need to select a solution by prioritizing a specific objective. 

This resolution is designated as the Best Compromise 

Solution (BCS). The user or operator's preferences define 

designated weighting factors that select the BCS from the 

Pareto front [26]. 

In the multi-objective OPF framework, the proposed 

hybrid TLBO-JAYA algorithm employs an external archive 

to store the non-dominated Pareto-optimal solutions 

discovered during the iterative process. To prevent the 

archive from exceeding its predefined maximum capacity 

and to ensure a uniformly distributed Pareto front, the 

Crowding Distance mechanism is utilized. The crowding 

distance metric calculates the density of solutions 

surrounding a particular candidate in the objective space. 

When the number of non-dominated solutions exceeds the 

archive limit, solutions situated in densely populated regions 

(i.e., those with the lowest crowding distance values) are 

systematically removed. Conversely, boundary solutions 

(representing the absolute minimums of individual 

objectives) are assigned an infinite crowding distance and are 

strictly preserved. This mechanism ensures that the final 

Pareto front maintains excellent diversity and spread, 

avoiding premature convergence to a limited sub-region. 

While the Pareto front provides a diverse set of optimal 

trade-off solutions, system operators typically require a 

single deterministic operating point for deployment. To 

extract the Best Compromise Solution (BCS) reported in the 

multi-objective case studies (Tables 5, 9, 10, and 11), a fuzzy 

set theory-based approach is applied, utilizing the 

membership function (μk) previously defined in Eq. 20. The 

exact rule for extracting the BCS involves calculating the 

aggregate membership value for each non-dominated 

solution. In this study, a strictly neutral evaluation approach 

was adopted; therefore, equal weighting factors were 

assigned to all competing objective functions (e.g., 𝜔1 =
𝜔2 = 𝜔3 = 1/3 for Case 6). Ultimately, the solution that 

yields the maximum aggregate membership value max(μk) 

is mathematically selected as the BCS, representing the most 

balanced equilibrium among fuel cost, active power loss, and 

voltage deviation without biasing any specific objective. 

E. Multi-Objective Performance Indicators 

To rigorously evaluate the quality, distribution, and 

convergence of the obtained Pareto fronts, multi-objective 

performance indicators are calculated. Relying solely on 

visual evaluation is insufficient for a comprehensive 
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assessment. Therefore, three standard quantitative metrics 

are employed in this study: Spacing (SP), Maximum Spread 

(MS), and Hypervolume (HV). 

1) Spacing (SP)  

This metric evaluates the uniformity of the spread of the 

non-dominated solutions along the Pareto front. A smaller 

SP value indicates that the solutions are evenly distributed. It 

is calculated as: 

𝑆𝑃 = √
1

𝑛−1
∑ (𝑑̅ − 𝑑𝑖)

2𝑛
𝑖=1                         (21) 

where 𝑛 is the number of non-dominated solutions, 𝑑𝑖 is 

the minimum distance between the 𝑖-th solution and its 

nearest neighbor, and 𝑑̅ is the mean value of all 𝑑𝑖. 

2) Maximum Spread (MS) 

This indicator measures the extent of the Pareto front. A 

larger MS value demonstrates that the algorithm is capable 

of exploring a broader region of the objective space. For an 

MS objective problem, it is defined as: 

𝑀𝑆 = √∑ (MAX
𝑖=1

𝐹𝑖
𝑘 − MIN

𝑖=1
𝐹𝑖

𝑘)2𝑀
𝑘=1           (22) 

where 𝐹𝑖
𝑘 is the 𝑘-th objective function value of the 𝑖-th 

solution. 

3) Hypervolume (HV) 

HV evaluates both the convergence and diversity of the 

Pareto front by calculating the volume of the objective space 

dominated by the obtained solution set, bounded by a 

predefined reference point. A higher HV value indicates 

superior overall performance. 

2.  Optimization Algorithms 

2.1. Teaching-Learning-Based Optimization 

The Teaching-Learning-Based Optimization (TLBO) 

algorithm is a metaheuristic paradigm that simulates the 

dynamic knowledge acquisition process between a teacher 

and students. The computational framework of TLBO is 

systematically divided into two sequential phases: teaching 

and learning. The instructional phase encompasses the 

educator sharing knowledge with the learners and facilitating 

their growth journey. The learning phase, conversely, 

emulates interactions among students, facilitating knowledge 

exchange and enhancing their learning levels. The TLBO 

algorithm conceptualizes the population as a class, with the 

best-performing individual among the students representing 

the teacher. During the initialization phase, a random 

population is created, and the individual exhibiting the 

highest objective function value is designated as the teacher. 

During the instructional phase, the educator seeks to impact 

others, elevating their understanding to align more closely 

with the educator's expertise. During the learning phase, 

individuals engage with each other, sharing insights and 

enhancing their understanding. This interaction aims to 

improve the effectiveness of the algorithm's solutions. [27, 

28]. 

 Teaching Phase: This phase denotes the process by 

which pupils enhance their knowledge by acquiring 

information from the teacher. At this stage, the educator 

seeks to enhance the class's average performance to match 

their own level. The disparity between the teacher's 

knowledge level and the class's average level is determined 

using Eq. (23). 

𝐹𝑚𝑒𝑎𝑛
𝑘 = 𝑔𝑥(𝑋𝑏𝑒𝑠𝑡

𝑘 − 𝑇𝐹𝑀𝑘)     

𝑤ℎ𝑒𝑟𝑒 𝑀𝑘 =
1

𝑁
∑ 𝑋𝑖

𝑘             𝑗 = 1,2, … , 𝐷𝑁
𝑖=1          (23) 

Here, g is a random number between 0 and 1, TF is a 

heuristic step that can be either 1 or 2, Mk represents the 

class's average result, Xk
best is the result of the best student, 

and Fk
mean is the difference between the teacher's result and 

the class's average result. 

𝑋𝑖
𝑘+1 = 𝑋𝑖

𝑘 + 𝐹𝑚𝑒𝑎𝑛
𝑘                                                   (24) 

In Eq. (24), 𝑋𝑖
𝑘+1 represents the updated value of 𝑋𝑖

𝑘. All 

𝑋𝑖
𝑘+1 values are stored and passed as input to the learning 

phase. 

 Learning Phase: The knowledge of any student 

improves through interactions with other students, and the 

students' knowledge levels are updated according to Eqs. 

(25-26). 

𝑋𝑖
𝑘+1 = 𝑋𝑖

𝑘 + 𝑚 × (𝑋𝑖
𝑘 − 𝑋𝑛

𝑘), 𝑖𝑓 𝑓(𝑋𝑖
𝑘) <

𝑓(𝑋𝑛
𝑘)    𝑛 ≠ 𝑖                                                                     (25) 

𝑋𝑖
𝑘+1 = 𝑋𝑖

𝑘 + 𝑚 × (𝑋𝑖
𝑘 − 𝑋𝑛

𝑘), 𝑖𝑓 𝑓(𝑋𝑖
𝑘) >

𝑓(𝑋𝑛
𝑘)    𝑛 ≠ 𝑖                                                                    (26) 

Here, m is a random number between 0 and 1, and 𝑋𝑛
𝑘 

represents the n-th randomly selected student. 

In solving multi-objective functions, the Pareto-optimal 

solution set is updated at each iteration of the algorithm. 

These solutions, which are non-dominated with respect to 

one another, are gathered on the Pareto front. The algorithm 

terminates when the maximum number of iterations is 

reached or when the solutions achieve sufficient accuracy. At 

this point, the Pareto-optimal solution set is obtained. If the 

stopping criterion has not yet been met, the teaching and 

learning phases are repeated, and the algorithm continues. 

Figure 1 presents the flowchart of the TLBO approach. 

2.2. Jaya Algorithm 

Rao (2016) created the population-based, stochastic 

metaheuristic JAYA algorithm, which is intended to tackle 

both constrained and unconstrained continuous optimization 

problems [29]. The Sanskrit term ‘‘JAYA,’’ which means 
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‘‘victory,’’ is the source of the algorithm's name, which 

reflects the idea of finding the optimal solution and 

succeeding. In order to solve the problem more successfully, 

the JAYA algorithm's main objective is to increase the 

propensity to approach the optimal answer while avoiding 

the worst one. 

Metaheuristic algorithms typically depend on common 

parameters such as population size and the number of 

iterations, as well as their own unique parameters [30]. 

However, unlike other metaheuristic algorithms, the JAYA 

algorithm relies solely on fundamental parameters and does 

not require additional specific parameters. This parameter 

independence makes the algorithm more adaptable to various 

optimization problems. Additionally, during the position 

update phase, the JAYA algorithm enhances the tendency to 

move toward the best solution while avoiding the worst 

solution, minimizing the risk of getting trapped in local 

minima or maxima. These features make the JAYA 

algorithm more successful compared to other metaheuristic 

methods. In the JAYA algorithm, Eq. (27) is defined for the 

purpose of maximizing or minimizing the objective function 

[29]. 

𝑋𝑖,𝑗,𝑡
𝑛𝑒𝑤 = 𝑋𝑖,𝑗,𝑡 + 𝑟1,𝑖,𝑡(𝑋𝑖,𝑏𝑒𝑠𝑡,𝑡 − |𝑋𝑖,𝑗,𝑡|) −

𝑟2,𝑖,𝑡(𝑋𝑖,𝑤𝑜𝑟𝑠𝑡,𝑡 − |𝑋𝑖,𝑗,𝑡|),  

𝑖 = 1,2, … , 𝑛;   𝑗 = 1,2, … , 𝑛                                         (27) 

 

In the equation provided above, Xi,j,t new represents the 

updated value of the variable, while 𝑟1,𝑖,𝑡 and 𝑟2,𝑖,𝑡 are two 

random numbers in the range [0, 1] for the 𝑖-th variable 

during the 𝑡-th iteration. If 𝑋𝑖,𝑗,𝑡
𝑛𝑒𝑤 represents a better value, 

it replaces 𝑋𝑖,𝑗,𝑡. This step is applied to all candidate 

solutions. Throughout the process, the best solution values 

are preserved and used as input for the next iteration. In 

multi-objective OPF problems, the best solutions for 

different objectives are gathered on the Pareto front. The 

JAYA algorithm selects non-dominated solutions from those 

obtained in each generation and updates the Pareto front. 

Figure 2 shows a flow diagram of the JAYA algorithm. 

2.3. Tlbo-Jaya Hybrid Algorithm 

The Hybrid TLBO-JAYA Algorithm is designed to 

achieve superior optimization performance by combining 

the strengths of two popular metaheuristic optimization 

methods: The TLBO and the JAYA algorithm. This 

algorithm integrates the distinct approaches of these two 

methods: 

1. TLBO Approach: Focuses on improving the solution 

quality through two phases: the teaching phase, where the 

best solution (teacher) guides the population toward better 

solutions, and the learning phase, where individuals 

(students) enhance their knowledge through mutual 

interactions. TLBO's parameter-free nature makes it robust 

and versatile. 

2. JAYA Approach: The algorithm's convergence 

capability is enhanced by directing the search trajectory 

toward the optimal solution and actively steering away 

from the most inferior candidate. JAYA's simplicity, with 

no algorithm-specific parameters, ensures adaptability and 

avoids the risk of local optima. 

 

 

Fig. 1. Flow chart for TLBO algorithm. 
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Fig. 2. Flow chart for JAYA algorithm [31]. 

The hybrid algorithm combines these complementary 

strengths, enabling the exploration of the solution space 

using TLBO's teaching-learning dynamics and refining 

solutions through JAYA's best-worst positioning strategy. 

This synergy aims to provide more balanced, efficient, and 

accurate solutions for complex optimization problems like 

OPF. Figure 3 shows a flow diagram of the Hybrid TLBO-

JAYA algorithm. 

Steps of the Proposed Hybrid TLBO-JAYA Algorithm. 

1. Initialization; First, we randomly create a starting 

population based on the control and state variables of the 

OPF issue. The initial population depicts each candidate 

solution as a vector. 

2. Evaluation of Objective Functions and Constraints; 

Each candidate solution is evaluated according to the 

defined objective functions of the multi-objective OPF 

problem. 

3. Teaching Phase – TLBO; In this phase, the best 

individual in the population is identified as the teacher. The 

teacher is the solution with the best objective function value 

compared to others. Each individual is improved by 

leveraging the teacher’s solutions (Eq. 24). Updated 

solutions replace the previous ones if they achieve better 

objective function values. 

 

Fig. 3. Flow chart for Hybrid TLBO-JAYA algorithm. 

4. Learning Phase – TLBO; During the learning phase, 

each candidate solution is compared with another randomly 

selected candidate solution for improvement. If one 

solution has a better objective function value, the other is 

updated according to Eq. 25. This phase contributes to 

improving all solutions in the population. Updated 

solutions replace previous ones if they yield better results. 

5. Identifying the Best and Worst Solutions – JAYA; 

Following the TLBO phases, the identification of the best 

and worst solutions within the population is conducted 

through the JAYA algorithm. The best solution stands out 



INTERNATIONAL JOURNAL of SMART GRID  
O. Taşdemir and S. Ermiş., Vol.10, No.2, June, 2026 

 

108 
 

because it performs better than others in achieving goals, 

making it a reference point for improving other options. 

Throughout the enhancement process, we disregard the 

least effective solution. 

6. Solution Update – JAYA; Each candidate solution is 

updated according to the JAYA algorithm's rule, moving 

closer to the best solution and farther from the worst 

solution (Eq. 27). 

7. Constraint Checking and Penalization; Updated 

solutions are checked for any violations of the OPF 

problem constraints, such as voltage limits or generator 

boundaries. If constraints are violated, penalty functions are 

applied, or the solutions are adjusted to conform to valid 

limits. 

8. Pareto Solution Set Update; Every generation 

revises the Pareto-optimal solutions because the OPF issue 

involves multi-objective optimization. The hybrid TLBO-

JAYA algorithm finds the best solutions that balance goals 

like cost and power loss. These solutions are called non-

dominated and form the Pareto-optimal solution set. 

9. Stopping Criterion; The execution of the algorithm 

concludes either upon reaching the predefined maximum 

number of iterations or upon attaining the specified 

convergence tolerance. If these termination criteria remain 

unsatisfied, the iterative process is systematically repeated 

to further refine the candidate solutions. 

10. Output of Results; The Pareto-optimal set 

generated by the proposed hybrid TLBO-JAYA algorithm 

yields the definitive solutions for the multi-objective OPF 

problem. These non-dominated solutions concurrently 

optimize critical performance metrics, such as generation 

cost and active power loss, thereby establishing a rigorous 

balance among competing system objectives. Ultimately, 

this framework empowers system operators to identify the 

best compromise solution tailored to specific operational 

requirements. 

The unique integration strategy of the TLBO–JAYA 

hybrid algorithm is based on a sequential update 

mechanism that leverages the complementary strengths of 

both parameter-independent algorithms. In each iteration, 

the TLBO phases (Teacher and Learner Phases) are 

executed first. With its two-stage structure, TLBO excels at 

diversifying the population and avoiding local minima 

(exploration). Immediately after the TLBO update, the 

JAYA phase is applied to the new population. By updating 

only the best and worst solutions, the JAYA algorithm 

provides a strong, parameter-independent attraction 

(exploitation) towards the optimum during this phase. This 

sequential combination is superior to other TLBO hybrids 

(e.g., TLBO–PSO [32], which require speed/inertia 

parameters) because it provides an effective trade-off while 

maintaining the key advantage of parameter independence: 

TLBO expands the search space, while JAYA refines the 

best candidate solutions quickly and reliably. 

A primary advantage of the proposed hybrid TLBO-

JAYA algorithm is its complete independence from 

algorithm-specific tuning parameters. Traditional 

metaheuristics require rigorous tuning of inertia weights, 

cognitive factors, or mutation rates, making their 

performance highly sensitive to parameter variations. In 

contrast, both TLBO and JAYA are inherently parameter-

free. Consequently, the proposed hybrid approach exhibits 

zero parameter sensitivity regarding algorithmic control 

mechanisms. 

Regarding computational complexity, the hybrid 

algorithm executes the TLBO Teacher, TLBO Learner, and 

JAYA phases sequentially within each iteration. For a 

population size 𝑁, problem dimension 𝐷 (number of 

control variables), and maximum iterations 𝑇𝑚𝑎𝑥 , the 

asymptotic time complexity evaluates the objective 

function 3 × 𝑁 times per iteration. Thus, the overall 

computational complexity is bounded by 𝑂(𝑁 × 𝐷 ×
𝑇𝑚𝑎𝑥). While this sequential execution introduces a 

marginal increase in runtime per iteration compared to 

standalone methods, this operational cost is fundamentally 

offset by the superior convergence reliability and the 

elimination of the pre-tuning phase. 

2.4. Constraint Handling and Penalty Formulation 

To ensure that the proposed hybrid TLBO-JAYA 

algorithm consistently converges to feasible solutions, a 

rigorous constraint handling mechanism is integrated into 

the optimization process. The constraints in the OPF 

problem are divided into control variables and state 

variables, which are handled using distinct strategies. 

For the control variables (such as generator active 

powers, generator voltages, transformer taps, and shunt 

compensators), a boundary repair strategy is strictly applied 

during the position update phases of both TLBO and 

JAYA. If any control variable 𝑥𝑖 exceeds its predefined 

upper limit (𝑥𝑖
𝑚𝑎𝑥) or falls below its lower limit (𝑥𝑖

𝑚𝑖𝑛), it 

is forcefully pulled back to the violated boundary. This 

repair rule is mathematically expressed as: 

𝑥𝑖 = {

𝑥𝑖
𝑚𝑎𝑥 ,   𝑖𝑓 𝑥𝑖 > 𝑥𝑖

𝑚𝑎𝑥

𝑥𝑖
𝑚𝑖𝑛 ,   𝑖𝑓 𝑥𝑖 < 𝑥𝑖

𝑚𝑖𝑛

𝑥𝑖 ,            𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                     (28) 

On the other hand, for the state variables (such as load 

bus voltages, generator reactive power outputs, and 

transmission line loadings), a static quadratic penalty 

function is employed. Since state variables are obtained as 

a result of the load flow process (via Newton-Raphson), 

their violations cannot be directly repaired. Instead, 

violations are heavily penalized by adding penalty terms to 
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the original objective function (𝐹𝑜𝑏𝑗). The augmented 

objective function (𝐹𝑎𝑢𝑔) is formulated as follows: 

𝐹𝑎𝑢𝑔 = 𝐹𝑜𝑏𝑗 + 𝜆𝑉 ∑ (𝑉𝐿𝑖 − 𝑉𝐿𝑖
𝑙𝑖𝑚)2 + 𝜆𝑄 ∑ (𝑄𝐺𝑖 −𝑁𝐺

𝑖=1
𝑁𝐿
𝑖=1

𝑄𝐺𝑖
𝑙𝑖𝑚)2 + 𝜆𝑆 ∑ (𝑆𝑙𝑖 − 𝑆𝑙𝑖

𝑙𝑖𝑚)2𝑁𝑙
𝑖=1                      (29) 

where 𝜆𝑉, 𝜆𝑄 and 𝜆𝑆 are the large penalty factors 

(typically set to 104 or 106 in this study) assigned to the load 

bus voltages, generator reactive powers, and line apparent 

powers, respectively. The limit value parameter (𝑥𝑙𝑖𝑚) for 

any state variable is defined as the actual variable value if 

it operates within limits, or the violated boundary value if a 

limit is exceeded, formulated identically to the repair 

strategy rule mentioned above. This exact penalty 

formulation ensures that any infeasible candidate solution 

is naturally eliminated during the selection mechanism of 

the hybrid algorithm. 

3. Simulations and Results 

To address the constrained single- and multi-objective 

OPF problems, the standard TLBO, the original JAYA, and 

the proposed hybrid TLBO-JAYA metaheuristic 

algorithms were employed. All computational simulations 

were coded in MATLAB R2022b and executed on a 64-bit 

personal computer equipped with an Intel Core i7-2620 

CPU (2.70 GHz) and 8 GB of RAM. To guarantee a fair 

and reproducible comparative analysis, identical control 

parameters were assigned across all evaluated methods: a 

population size (N) of 30 and a maximum iteration count 

(Tmax) of 100. Furthermore, to ensure robust statistical 

evaluation, each algorithm was subjected to 30 independent 

trial runs. The performance validation of the proposed and 

existing techniques was conducted on the standard IEEE 

30-bus test system (depicted in the single-line diagram of 

Figure 4). To comprehensively evaluate the performance of 

the proposed hybrid framework, seven distinct optimization 

scenarios are investigated, as outlined in Table 2. Cases 1–

3 focus on single-objective optimizations (fuel cost, active 

power loss, and voltage deviation). Cases 4–6 address 

multi-objective OPF problems using Pareto optimization. 

Finally, Case 7 introduces a modern smart-grid stress 

scenario focusing on heavy Electric Vehicle (EV) charging 

penetration to test the algorithm's robustness under severe 

load conditions. 

3.1. IEEE 30 Bus System 

The IEEE 30-bus power system was used to evaluate 

the suggested TLBO, JAYA, and hybrid TLBO-JAYA 

algorithms for solving single/multi-objective OPF 

problems. Within this system: 

 The total number of transmission lines is 41. 

 There are 6 generators, 24 load buses, 4 

transformers, and 9 shunt VAR compensators. 

 The active and reactive power requirements at the 

load buses are 283.4 MW and 126.2 MVAr, respectively. 

 Each shunt VAR compensator possesses a capacity 

of 5 MVAr, with transformer tap setting limitations 

established between 0.9 and 1.1. 

 The voltage limitations for all load buses are 

expected to be 0.95–1.05 per unit [25]. 

To assess the efficacy of the TLBO, JAYA, and hybrid 

TLBO-JAYA algorithms in addressing OPF problems 

inside the IEEE 30-bus power system, various scenarios 

featuring distinct objective functions were examined as 

outlined. 

1) Single-Objective OPF Solutions 

For the IEEE 30-bus power system, the study tackled 

three different single-objective OPF problems: minimizing 

voltage variance, lowering active power losses, and 

minimizing fuel costs. For the single-objective OPF 

problem solutions, Table 3 displays the statistical measures 

(Best, Worst, Mean, and Standard Deviation) and algorithm 

computation durations obtained from the 30 independent 

runs.  The findings showed that the suggested hybrid 

TLBO-JAYA algorithm performed well, as seen by the best 

objective function value and the least standard deviation 

value. As confirmed in Table 3, the consistently lower 

Standard Deviation (St. Dev.) values achieved by the 

hybrid algorithm (e.g., Case 1 St. Dev.: 0.0233) compared 

to TLBO (St. Dev.: 0.5781) and JAYA (St. Dev.: 0.2187) 

serve as the empirical guarantee of its superior stability and 

reliable convergence across multiple runs, a critical feature 

for non-linear OPF problems. 

However, as accurately reflected in Table 3, this 

enhanced stability and solution quality come at a 

computational-time penalty. The runtime of the hybrid 

TLBO-JAYA algorithm is slower than both standalone 

TLBO and JAYA. This trade-off is an expected outcome of 

the iterative coordination and sequential execution of the 

two distinct updating phases. Ultimately, the algorithm 

sacrifices computational speed to guarantee a more robust 

and reliable convergence.  

Furthermore, to address the uncertainties of cross-

literature comparisons, a rigorous same-platform 

benchmarking was conducted. a standard particle swarm 

optimization (pso) algorithm was implemented and 

executed under the exact same computational environment, 

population size, and iteration limits for the single-objective 

OPF scenarios (Cases 1-3). As clearly detailed in the 

updated Table 3, while PSO exhibits the fastest execution 

times, the proposed hybrid TLBO-JAYA consistently 

outperforms this standard baseline in terms of optimal 

solution quality (Best) and convergence stability (e.g., 

Standard Deviation of 0.8488 for PSO vs. 0.0233 for 
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TLBO-JAYA in Case 1). This specific benchmarking 

mathematically validates the superior robustness of the 

hybrid framework without the bias of differing hardware or 

constraint definitions. 

This reliability, when compared to the high speed of 

the Interior Point Method (IPM) [33], demonstrates the 

trade-off between solution quality and speed in non-convex 

problems like OPF. While methods such as IPM are fast, 

their ability to find the global optimum is limited, as they 

are often trapped in local optima in the complex non-

convex search space. Moreover, the proposed hybrid 

framework remains scalable for larger systems such as 

IEEE-57 and IEEE-118 bus test networks. By incorporating 

parallel computation, adaptive population sizing, and 

efficient initialization strategies, the method can be 

effectively applied to higher-dimensional OPF problems 

without a proportional increase in computation time. This 

scalability discussion strengthens the practical applicability 

of the proposed hybrid method in real-world power system 

optimization contexts. 

The bus voltage values graph is shown in Figures 5(a), 

(b), and (c) in accordance with single-objective functions. 

The voltage magnitude profiles plotted in Figure 4 

demonstrate that all bus voltages were successfully 

maintained strictly within their respective operational 

constraints. Specifically, it is clearly observed that the 

generator bus voltages remained within the 0.95–1.1 p.u. 

limits, while the load bus voltages strictly adhered to the 

narrower 0.95–1.05 p.u. allowable range, ensuring high 

system security [14]. 

 

Fig. 4. Schematic representation of the standard IEEE 30-bus test network. 

Table 3. Statistical minimization results for objectives in single-objective cases 1–3 (IEEE 30-bus system) 

  CASE 1 CASE 2 CASE 3 

 [Best-Worst-Mean ($/h)] [Best-Worst- Mean (MW)] [Best-Worst- Mean (p.u)] 

  

TLBO JAYA PSO 
TLBO-

JAYA 
TLBO JAYA PSO 

TLBO

-

JAYA 

TLBO JAYA PSO 
TLBO-

JAYA 

Best 800.576 800.699 800.570 800.523 0.031 0.031 0.032 0.031 0.091 0.101 0.108 0.088 

Worst 802.954 801.641 803.736 800.611 0.034 0.035 0.035 0.032 0.113 0.155 0.215 0.104 

Mean 801.173 800.946 801.233 800.550 0.032 0.033 0.034 0.031 0.100 0.120 0.133 0.093 

St. Dev. 0.578 0.219 0.849 0.023 0.001 0.001 0.008 0.000 0.005 0.014 0.025 0.004 

Time 

(Sec) 32.952 17.193 14.482 55.453 39.085 18.467 17.053 53.703 36.197 18.125 15.505 43.641 
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Fig. 5. IEEE 30-bus system buses voltage values: (a) Case 1, (b) Case 2, (c) Case 3, (d) Case 4, (e) Case 5, (f) Case 6. 

Case 1: Basic fuel cost minimization

In this case, the performance of the proposed 

algorithms in minimizing total cost values was targeted. 

According to the analysis results presented in Table 4, for 

Case 1, the hybrid TLBO-JAYA algorithm achieved a 

better result than the other two algorithms, with the lowest 

𝐹𝑐𝑜𝑠𝑡  value of 800.523 $/h. This demonstrates the hybrid 

algorithm's greater effectiveness in cost optimization. The 

𝐹𝑐𝑜𝑠𝑡values for the TLBO and JAYA algorithms were 

observed to be 800.5754 $/h and 800.6989 $/h, 

respectively. The JAYA algorithm has a slightly higher cost 

compared to TLBO. However, the difference is quite small, 

indicating that both algorithms have similar performance in 

cost optimization. Figure 6-a shows that the graph of the 

objective function shows the better performance of the 

TLBO-JAYA algorithm in terms of convergence. Table 6 

juxtaposes the proposed algorithm with existing algorithms 

in the literature on total fuel cost, demonstrating its 

efficacy. 
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Table 4. Optimal power flow test results for control and state variables for single-objective cases 1–3. 

 

Limits CASE 1 CASE 2 CASE 3 

Min Max TLBO JAYA 
TLBO-

JAYA 
TLBO JAYA 

TLBO-

JAYA 
TLBO JAYA 

TLBO-

JAYA 

Pg1(MW) 50 250 177.56 176.858 177.200 51.539 51.530 51.503 139.393 200.72 96.338 

Pg2(MW) 20 80 48.495 48.595 48.771 79.976 80.000 79.999 56.597 46.288 58.449 

Pg5(MW) 15 50 21.505 21.114 21.379 50.000 50.000 50.000 34.158 15.000 40.962 

Pg8(MW) 10 35 20.736 22.042 21.230 35.000 35.000 35.000 14.392 10.000 32.346 

Pg11(MW) 10 30 12.133 11.848 11.860 30.000 30.000 30.000 29.901 11.139 30.000 

Pg13(MW) 12 40 12.038 12.001 12.001 39.994 40.000 40.000 16.844 12.690 30.686 

Vg1(p.u) 0.95 1.1 1.083 1.082 1.084 1.062 1.060 1.061 1.009 1.034 1.005 

Vg2(p.u) 0.95 1.1 1.064 1.065 1.065 1.058 1.057 1.057 0.998 1.019 0.999 

Vg5(p.u) 0.95 1.1 1.034 1.035 1.033 1.038 1.037 1.038 1.013 1.021 1.020 

Vg8(p.u) 0.95 1.1 1.039 1.041 1.038 1.043 1.045 1.044 1.009 1.008 1.011 

Vg11(p.u) 0.95 1.1 1.092 1.100 1.094 1.061 1.092 1.066 1.056 1.019 0.990 

Vg13(p.u) 0.95 1.1 1.043 1.036 1.042 1.051 1.049 1.050 1.012 0.993 1.015 

Obj. Func.   800.576 800.699 800.523 3.108 3.130 3.101 0.091 0.101 0.088 

Fcost($/h)   800.575 800.699 800.523 967.611 967.734 967.662 832.012 812.029 877.328 

Ploss(MW)   9.068 9.058 9.040 3.108 3.130 3.101 7.885 12.436 5.380 

VD(pu)     0.906 0.907 0.918 0.878 0.861 0.882 0.091 0.101 0.088 

 

Case 2: Power loss minimization 

In Case 2, the objective function is defined as 

minimizing power loss. According to the analysis results 

for Case 2 presented in Table 4, the total power losses are 

observed as follows: TLBO with 3.1078 MW, JAYA with 

3.1302 MW, and Hybrid TLBO-JAYA with 3.1013 MW. 

In this case, the hybrid algorithm achieved the lowest total 

power loss, demonstrating that the hybrid algorithm is the 

most successful among the three in minimizing power 

losses. In Figure 6-b, the convergence graph for active 

power loss indicates that the proposed algorithm shows the 

best performance. Table 7 compares the total power loss 

results with other studies in the literature, highlighting the 

superiority of the proposed approach. 

Case 3: Voltage deviation minimization 

Reducing voltage deviation (VD) values is the goal in 

Case 3. Based on the study results for Case 3 shown in 

Table 4, the suggested TLBO-JAYA algorithm was the 

most effective approach for minimizing voltage deviation, 

achieving the lowest voltage deviation value of 0.0879 p.u, 

VD values of 0.0911 p.u and 0.1013 p.u were found by the 

TLBO and JAYA algorithms, respectively. The suggested 

algorithm once more exhibits the optimum convergence 

performance in Figure 6-c. The performance of the 

suggested algorithm is contrasted with that of other 

algorithms in Table 8, demonstrating its benefits. 

1) Multi-Objective OPF Solutions 

Three distinct objective functions—fuel cost-active 

power loss minimization, fuel cost-voltage deviation 

minimization, and fuel cost-active power loss-voltage 

deviation minimization—were put forth for multi-objective 

OPF solutions. According to the multi-objective functions, 

the bus voltage values are shown in Figures 5(d), (e), and 

(f). The plots show that the bus voltage values stay within 

the 0.95–1.1 p.u range, guaranteeing that the limitations are 

met. 

Case 4: Fuel cost and active power losses minimization 

In Case 4, the multi-objective OPF problem was 

evaluated for fuel cost (𝐹𝑐𝑜𝑠𝑡) and power loss (𝑃𝑙𝑜𝑠𝑠). In 

Table 5 for Case 4, it is observed that the TLBO algorithm 

has an 𝐹𝑐𝑜𝑠𝑡  value of 860.3091 $/h and a 𝑃𝑙𝑜𝑠𝑠 value of 

4.5463 MW; the JAYA algorithm has an 𝐹𝑐𝑜𝑠𝑡  value of 

858.9427 $/h and a 𝑃𝑙𝑜𝑠𝑠  value of 4.6363 MW; and the 

hybrid TLBO-JAYA algorithm has an 𝐹𝑐𝑜𝑠𝑡  value of 

856.0601 $/h and a 𝑃𝑙𝑜𝑠𝑠  value of 4.5158 MW. The hybrid 

TLBO-JAYA algorithm stands out as the most successful 

algorithm in simultaneously minimizing cost and power 

loss. The performance improvement over the standalone 

methods is not merely in marginal cost reduction, but in the 

enhanced stability and convergence trajectory.                                                                                                                                                                                                                                                                                    

The sequential application of TLBO's comprehensive 

exploration followed by JAYA's rapid, targeted 

exploitation ensures that the resulting Pareto fronts (Figures 

7a, 7b) are not only closer to the true optimal front (better 

convergence) but are also generated with higher statistical 

confidence across multiple runs (superior robustness). In 

the graph in Figure 7-a, the Pareto optimalities between the 

multi-objective functions, cost and power loss, are shown 

comparatively for the three different algorithms (TLBO, 

JAYA, TLBO-JAYA). The TLBO-JAYA algorithm 

exhibits optimal performance on the Pareto front regarding 

both minimal cost and reduced power loss. This suggests 

that the TLBO-JAYA algorithm yields superior answers 

relative to the other two algorithms. 
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Fig. 6. Convergence characteristics of the objective 

functions for the standard IEEE 30-bus test system: (a) 

Case 1, (b) Case 2, and (c) Case 3. 

Case 5: Fuel cost and voltage deviation minimization 

In this case, the objective is the multi-objective 

function of fuel cost (𝐹𝑐𝑜𝑠𝑡) and voltage deviation (𝑉𝐷). 

Table 5 presents the analysis results for Case 5 for the three 

algorithms. According to these values, the proposed hybrid 

TLBO-JAYA algorithm demonstrates the best performance 

compared to the TLBO and JAYA algorithms, with an 𝐹𝑐𝑜𝑠𝑡  

value of 803.6796 $/h and a 𝑉𝐷 value of 0.0957 p.u. Figure 

7-b represents the Pareto-optimal solutions between 𝐹𝑐𝑜𝑠𝑡  

and 𝑉𝐷. These solutions are the best trade-off points 

achieved without worsening one parameter while 

improving the other. The points are distributed along the 

Pareto curve in the graph. The hybrid TLBO-JAYA 

solutions generally provide the lowest combinations of 

𝐹𝑐𝑜𝑠𝑡  and 𝑉𝐷. Specifically, in the 𝐹𝑐𝑜𝑠𝑡  range of 800 $/h to 

815 $/h and for low 𝑉𝐷 values, the most effective solutions 

are observed. This demonstrates that the hybrid algorithm 

offers superior performance in simultaneously minimizing 

𝐹𝑐𝑜𝑠𝑡  and 𝑉𝐷 compared to the other algorithms. Table 10 

highlights the efficiency of the proposed algorithm for 

multi-objective functions of cost and voltage deviation in 

comparison with other studies in the literature. 

Case 6: Cost, losses, and voltage deviation 

minimization 

In Case 6, the OPF problem was solved for the multi-

objective function of 𝐹𝑐𝑜𝑠𝑡 , 𝑃𝑙𝑜𝑠𝑠, and 𝑉𝐷. Table 5 presents 

the analysis results for Case 6. According to these results, 

the proposed TLBO-JAYA algorithm achieved the best 

values for minimizing 𝑃𝑙𝑜𝑠𝑠 (4.7273 MW) and 𝑉𝐷 (0.1375 

p.u), but it performed poorly in terms of cost minimization, 

with an 𝐹𝑐𝑜𝑠𝑡  value of 864.0922 $/h compared to TLBO’s 

best 𝐹𝑐𝑜𝑠𝑡value of 862.0042 $/h. In conclusion, if 

minimizing power loss and voltage deviation is the priority, 

the hybrid algorithm is the better choice. However, if cost 

minimization is more critical, the TLBO algorithm may be 

a more suitable option. This specific scenario clearly 

demonstrates that while the hybrid algorithm excels at 

finding well-balanced compromise solutions and 

improving overall robustness, it does not uniformly 

dominate the standalone algorithms across every single 

evaluation metric in highly complex multi-objective 

spaces. Figure 7-c displays the Pareto optimization results 

for the multi-objective functions 𝐹𝑐𝑜𝑠𝑡 , 𝑃𝑙𝑜𝑠𝑠, and 𝑉𝐷 in a 

three-dimensional representation. The graph shows that as 

𝐹𝑐𝑜𝑠𝑡  increases, 𝑃𝑙𝑜𝑠𝑠  and 𝑉𝐷 tend to decrease. At lower 

costs, voltage deviation and power loss increase, while at 

higher costs, voltage deviation and power loss decrease. 

This indicates a trade-off where minimizing cost requires 

compromises in power loss and voltage deviation. Such a 

Pareto graph provides decision-makers with insights into 

the relationships between each objective function, offering 

a perspective on which parameters must be sacrificed to 

focus on a specific target. Table 11 presents the analysis 

results of the proposed algorithms compared to other 

algorithms in the literature. 

All comparative results presented in Tables 6–11 were 

sourced from literature based on the standard IEEE 30-Bus 

Test System, ensuring a consistent baseline system for 

evaluation. Due to inherent differences in metaheuristic 

implementations across various studies (such as specific 

iteration limits, power system constraints/load modeling, 

and distinct fitness functions), direct comparisons should 

focus on the quality metrics: the best reported objective 

function value (accuracy) and the overall relative ranking 
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of the proposed method. Our primary claim is the superior 

accuracy and statistical robustness demonstrated by the 

hybrid TLBO–JAYA approach under equivalent test 

conditions. 

When we compare the single-objective and multi-

objective results, the advantages of the hybrid TLBO–

JAYA become more evident. For example, in Case 1 (only 

𝑭𝒄𝒐𝒔𝒕 minimization), the hybrid algorithm offers the lowest 

cost (800.523 $/h) and the best robustness (SS: 0.023). 

When we move on to Case 4 (multi-objective 𝑭𝒄𝒐𝒔𝒕 

+𝑷𝒍𝒐𝒔𝒔), the algorithm performs best in simultaneously 

optimizing 𝑭𝒄𝒐𝒔𝒕 and 𝑷𝒍𝒐𝒔𝒔 as 856.060 $/h and 4.516$ MW, 

respectively.

 

Table 5. Optimal power flow test results for control and state variables for multi-objective cases 4-6 

 
CASE 4 CASE 5 CASE 6 CASE 7 

TLBO JAYA 
TLBO-

JAYA 
TLBO JAYA 

TLBO-

JAYA 
TLBO JAYA 

TLBO-

JAYA 
TLBO JAYA 

TLBO-

JAYA 

Pg1(MW) 
102.57

8 

104.13

7 

101.99

4 

177.09

2 

178.34

6 

176.46

5 

102.01

2 

100.79

1 98.185 

190.52

5 

191.84

7 

189.96

4 

Pg2(MW) 55.758 56.523 55.320 48.936 48.642 48.425 55.928 56.063 57.925 51.944 49.043 51.467 

Pg5(MW) 38.067 37.728 38.270 23.181 21.718 21.589 38.814 39.135 38.770 22.240 22.454 22.465 

Pg8(MW) 35.000 34.992 34.999 19.285 20.610 22.525 35.000 35.000 34.953 26.920 26.789 28.652 

Pg11(MW

) 30.000 29.999 29.994 12.718 12.122 12.244 30.000 30.000 30.000 
15.910 18.144 14.802 

Pg13(MW

) 26.544 24.658 27.339 12.000 12.000 12.000 26.465 27.173 28.294 
13.574 13.108 13.691 

Vg1(p.u) 1.069 1.068 1.069 1.048 1.040 1.040 1.040 1.041 1.040 1.086 1.087 1.085 

Vg2(p.u) 1.058 1.057 1.059 1.029 1.023 1.022 1.027 1.029 1.028 1.066 1.064 1.066 

Vg5(p.u) 1.034 1.035 1.035 1.013 1.015 1.011 1.003 1.002 1.004 1.030 1.011 1.035 

Vg8(p.u) 1.042 1.042 1.043 1.003 1.001 1.004 1.010 1.008 1.010 1.033 1.027 1.037 

Vg11(p.u) 1.081 1.072 1.086 1.027 1.076 1.074 1.016 1.046 1.036 1.100 0.995 1.070 

Vg13(p.u) 1.055 1.050 1.052 0.991 0.998 0.988 1.018 1.006 1.017 1.050 1.043 1.045 

Obj. 

Func. 

1040.9

9 

1041.5

6 

1040.8

2 813.94 814.40 813.30 

1068.9

5 

1069.7

3 

1068.3

2 901.37 902.93 901.29 

Fcost($/h) 
860.30

9 

858.94

3 
856.06

0 

803.72

3 

803.86

1 
803.68

0 

862.00

4 

866.50

5 

864.09

2 

901.36

8 

902.92

7 
901.29

2 

Ploss(MW

) 4.546 4.636 4.516 9.813 10.038 9.848 4.819 4.762 4.727 10.563 10.835 10.492 

VD(pu) 
0.903 0.829 0.918 0.103 0.105 0.096 0.142 0.141 0.138 0.829 0.474 0.804 

Table 6. Comparative evaluation of Case 1's OPF 

possibilities. 

Algorithm Fcost ($/h) Ploss (MW) VD (p.u) 

TLBO-JAYA 800.523 9.040 0.918 
TLBO 800.575 9.068 0.906 
JAYA 800.699 9.058 0.907 

WTLBO [10] 800.570 9.008 0.856 

PSO [34] 800.591 9.223 0.853 
ABC [35] 800.660 9.033 0.921 

MFO [36] 800.686 9.149 0.758 
GA [37] 800.767 8.988 0.823 

GOA [37] 800.781 8.988 0.691 

MDE [36] 800.840 8.837 0.776 

GWO [38] 800.931 9.056 0.724 
GO [39] 800.973 9.015 0.887 

CEO [40] 800.977 9.060 1.170 
WOA [41] 801.754 8.936 0.420 

PSO [42] 802.190 10.083 0.123 
ALO [41] 802.218 9.413 0.464 

FPA [36] 802.798 9.541 0.368 

I-NSGA-II [43] 803.129 9.609 0.121 
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Table 7. Comparative evaluation of Case 2's OPF 

possibilities 

Algorithm Fcost ($/h) Ploss (MW) VD (p.u) 

TLBO-JAYA 967.662 3.101 0.882 

TLBO 967.611 3.108 0.878 

JAYA 967.734 3.130 0.861 

ABC [35] 967.681 3.108 0.901 

WTLBO [10] 967.600 3.109 0.895 

MFO [36] 967.679 3.111 0.916 

GA [37] 967.534 3.134 0.874 

MDE [36] 967.654 3.162 0.768 

ALCPSO [44] 967.768 3.170 0.809 

EGA [42] 967.860 3.201 0.122 

GOA [37] 963.099 3.314 0.768 

BHBO [45] 932.818 3.504 0.799 

FPA [36] 967.114 3.566 0.389 

PSO [42] 956.450 3.629 0.129 

 

Table 8. Comparative evaluation of Case 3's OPF 

possibilities 

Algorithm Fcost ($/h) Ploss (MW) VD (p.u) 

TLBO-JAYA 877.328 5.380 0.088 
TLBO 832.012 7.885 0.091 

JAYA 812.029 12.436 0.101 
WTLBO [10] 891.100 4.991 0.093 

BBO [46] 805.758 10.180 0.095 

EGA [42] 898.817 6.092 0.104 
MSA [36] 803.313 9.721 0.108 

PSO [42] 837.060 8.821 0.111 
AGA [47] 805.810 10.610 0.121 

BHBO [45] 804.598 9.578 0.126 

 

Table 9. Comparative evaluation of Case 4's OPF 

possibilities 

Algorithm Fcost ($/h) Ploss (MW) VD (p.u) 

TLBO-JAYA 856.060 4.516 0.918 
TLBO 860.309 4.546 0.903 

JAYA 858.943 4.636 0.829 

FPA [36] 855.271 4.798 1.014 
MGOA [37] 858.454 4.444 0.826 

MFO [36] 858.581 4.577 0.899 
PSO [37] 858.664 4.572 0.923 

WTLBO [10] 858.880 4.772 0.903 
MSA [36] 859.192 4.540 0.929 

GA [37] 859.535 4.565 0.869 

MPSO [36] 859.584 4.541 0.947 
CEO [40] 860.076 4.483 1.170 

GOA [37] 861.832 4.665 0.714 
MDE [36] 868.714 4.389 0.878 

Table 10. Comparative evaluation of Case 5's OPF 

possibilities 

Algorithm Fcost ($/h) Ploss (MW) VD (p.u) 

TLBO-JAYA 803.680 9.848 0.096 

TLBO 803.723 9.813 0.103 

JAYA 803.861 10.038 0.105 

FDBSFS [41] 802.920 9.430 0.113 

WTLBO [10] 803.410 9.735 0.106 

GOA [37] 803.449 9.775 0.171 

PSO [37] 803.623 9.935 0.111 

FPA [36] 803.664 9.925 0.137 

GA [37] 803.916 9.662 0.126 

MPSO [36] 803.979 9.924 0.120 

AHA [41] 804.578 9.744 0.126 

CEO [40] 804.673 10.068 0.110 

BBO [46] 804.998 9.950 0.102 

ALO [41] 805.177 9.139 0.155 

DE [48] 805.262 10.441 0.136 

WOA [41] 806.099 9.072 0.140 

 

Table 11. Comparative evaluation of Case 6's OPF 

possibilities 

Algorithm Fcost ($/h) Ploss (MW) VD (p.u) 

TLBO-JAYA 864.092 4.727 0.138 
TLBO 862.004 4.819 0.142 

JAYA 866.505 4.762 0.141 
MOPSO [49] 827.820 6.593 0.159 

B-MMOFPA [50] 843.180 5.789 0.175 
ALO [41] 862.351 4.846 0.184 

WOA [41] 863.888 5.059 0.217 

 

In terms of computational time, Case 4 generally takes 

longer than Case 1 because its multi-objective structure 

requires a more complex Pareto solution search. However, 

the hybrid TLBO-JAYA consistently outperforms 

standalone TLBO and JAYA in both scenarios, proving that 

the overall structure of the algorithm adapts to both single 

and multi-objective challenges and offers superior 

performance. 

The quantitative assessment of the Pareto fronts, 

detailed in Table 12, robustly substantiates the visual 

superiority of the proposed hybrid approach. As observed, 

the TLBO-JAYA algorithm consistently achieves the 

lowest Spacing (SP) values across all multi-objective cases 

(Cases 4–6). This confirms that the integrated crowding 

distance mechanism effectively maintains a highly uniform 

and well-distributed set of non-dominated solutions. 

Furthermore, while all algorithms successfully reach the 

maximum spread limits (MS), the hybrid TLBO-JAYA 
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algorithm consistently records the highest Hypervolume 

(HV) values. This higher HV mathematically proves that 

the sequential hybridization of TLBO's exploration and 

JAYA's exploitation phases prevents premature 

convergence, allowing the algorithm to capture a strictly 

superior and more comprehensive Pareto-optimal front 

compared to the standalone methods. 

Table 12. Quantitative evaluation of the Pareto fronts 

for multi-objective cases 

Case Algorithm SP  MS HV 

Case 4 TLBO 0.071 1.4142 0.9058 

 JAYA 0.0636 1.4142 0.9082 

 
TLBO-      

JAYA 
0.0497 1.4142 0.9108 

Case 5  TLBO 0.0404 1.4142 0.8824 

 JAYA 0.0755 1.4142 0.847 

 TLBO-JAYA 0.0349 1.4142 0.9112 

Case 6 TLBO 0.0747 1.7321 0.8028 

 JAYA 0.0664 1.7321 0.8131 

  TLBO-JAYA 0.0526 1.7321 0.8181 

 

 Ablation Study and Component Contributions 

To explicitly demonstrate the contribution of each 

individual mechanism within the proposed framework, an 

ablation study is inherently embedded in our experimental 

design. By evaluating the standalone TLBO and standalone 

JAYA algorithms under the exact same platform and 

operational constraints as the hybrid framework, the precise 

contribution of each component is isolated. The results 

across all cases clearly show that when the JAYA phase is 

ablated (i.e., using only TLBO), the algorithm exhibits 

strong global exploration but suffers from slower 

convergence and higher standard deviations. 

Conversely, when the TLBO phases are ablated (i.e., 

using only JAYA), the algorithm demonstrates rapid 

exploitation but frequently stagnates in local optima, failing 

to capture an expansive Pareto front (as seen in the lower 

Hypervolume metrics). The hybrid TLBO-JAYA algorithm 

mathematically synergizes these components: the TLBO 

teacher/learner phases provide the necessary broad 

exploration to avoid local traps, while the subsequent 

JAYA phase guarantees rapid and precise exploitation. 

This structural ablation confirms that neither constituent 

algorithm can achieve the robustness of the hybrid 

independently. 

Case 7: Smart grid scenario with EV charging 

penetration 

To explicitly address the operational challenges of 

modern smart grids and validate the robustness of the 

proposed framework under severe stress, a heavy loading 

scenario (Case 7) was designed. The widespread adoption 

of Electric Vehicles (EVs) introduces sudden and 

uncoordinated heavy power demands on the grid, 

particularly during evening charging peaks. In this 

scenario, to simulate extreme EV charging penetration, the 

active power demand (𝑃𝑑) at heavily loaded buses (Buses 

7, 10, 15, and 21) was intentionally increased by 50%. 

 

Fig. 7. Pareto optimization results in the multi-

objective OPF solution: (a) Case 4, (b) Case 5, (c) Case 6. 

As presented in the Case 7 results (Table 5), the 

extreme loading naturally drives the overall generation fuel 

cost up to approximately 901 $/h, compared to the base 800 

$/h observed in Case 1. Despite this severe grid stress and 

narrowed feasible search space, the proposed hybrid 

TLBO-JAYA algorithm successfully prevented system 

collapse and maintained all bus voltages strictly within 

their secure operational limits. Furthermore, it achieved the 

lowest global generation cost of 901.292 $/h, 

outperforming standalone TLBO (901.368 $/h) and JAYA 

(902.927 $/h). This specialized scenario proves that the 
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proposed parameter-free hybrid algorithm possesses the 

robust computational adaptability required for real-time 

Energy Management Systems (EMS) in modern smart grids 

facing highly volatile load conditions. 

4. Conclusion 

This research investigates the application of TLBO, 

JAYA, and a Hybrid TLBO-JAYA algorithm to the multi-

objective Optimal Power Flow (OPF) problem using the 

IEEE 30-bus test system. While all evaluated methods—

including the standard PSO baseline—successfully 

optimized key operational metrics including fuel cost, 

power loss, and voltage deviation the Hybrid TLBO-JAYA 

algorithm yielded markedly superior outcomes. It generally 

improved solution quality and the robustness of the Pareto-

optimal front, providing decision-makers with a highly 

balanced and diverse set of trade-off solutions.  The 

superior Hypervolume and Spacing metrics mathematically 

validated that the hybrid framework effectively prevents 

premature convergence, ensuring a highly uniform and 

comprehensive distribution of non-dominated solutions. It 

should be explicitly noted that these improvements entail a 

computational-time penalty, and the hybrid framework 

does not uniformly yield the absolute best value for every 

individual metric in all multi-objective cases (e.g., fuel cost 

in Case 6). Nevertheless, the significantly enhanced 

stability and findings establish the hybrid algorithm as a 

highly effective and robust tool for securing economic and 

efficient power system operations, highlighting the broader 

potential of hybridized metaheuristic approaches. Given the 

explicit demands of modern smart grid environments—

which require rapid and reliable decision-making to 

accommodate the complex integration of Distributed 

Energy Resources (DERs)—the parameter-free and highly 

stable nature of the proposed hybrid TLBO-JAYA 

algorithm offers a substantial computational advantage for 

real-time deployment. Crucially, the successful execution 

of the heavy EV charging scenario (Case 7) demonstrated 

that the hybrid algorithm can prevent system collapse and 

find the global optimum even under severe smart-grid 

stress conditions. Future research must focus on validating 

the scalability of the proposed framework on larger-scale 

networks and incorporating probabilistic OPF formulations 

to actively account for renewable generation uncertainties, 

and the highly stochastic nature of dynamic loads inherent 

in smart grid energy systems. 
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