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Abstract

Modern energy internets and large-scale industrial systems are becoming increasingly
complex. Consequently, the rapid response capability of energy infrastructure during
sudden failures has become a core element to ensure the stable operation of the social
economy. Emergency repair path planning (ERPP) is a complex nonlinear combinatorial
optimization problem. It is characterized by dynamic uncertainties, such as fluctuating
task durations and variable traffic accessibility. This paper proposes a cross-regional
emergency repair path planning (CR-ERPP) optimization model considering dynamic
path conditions. The model takes into account jurisdiction ownership, cross-regional
dispatch costs, path weights (congestion coefficient, grade coefficient, quality coefficient)
and accident risk levels. The primary objective of this model is to minimize the total
repair cost. Furthermore, an Adaptive Bitterling Fish Optimization with Evolutionary
Game Theory (ABFO-EGT) is developed. It introduces adaptive mechanisms, evolutionary
game theory, and a symmetric mutation strategy. These enhancements are designed to
overcome the inherent limitations of traditional swarm intelligence algorithms, namely
unbalanced search behavior and premature convergence to local optima. Performance
analysis demonstrates that the ABFO-EGT algorithm exhibits superior convergence stability
and global search capability. Case study results show that the proposed method significantly
reduces the total repair cost. Specifically, the cost is reduced by 33.2% compared to manual
decision-making, 27.6% compared to the GWO algorithm, and 9.1% compared to both the
ACO and PSO algorithms. This study provides an efficient and reliable decision support
tool for emergency management of large-scale energy systems.

Keywords: energy infrastructure; cross-regional emergency repair path planning; ABFO-
EGT; evolutionary game theory; symmetric mutation strategy

1. Introduction
1.1. Background of Cross-Regional Emergency Repair for Energy Infrastructure

With the increasing complexity of modern energy internet and large-scale industrial
systems, the construction and maintenance of energy infrastructure have become arduous
tasks [1–4]. More importantly, the rapid response capability of energy infrastructure in the
face of sudden failures has become a core element ensuring the stable operation of the social
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economy. The optimization of emergency repair path planning first identifies candidate
repair teams. This identification relies on accident locations, jurisdiction ownership, and
cross-regional dispatch conditions. Subsequently, candidate paths are comprehensively
evaluated. This evaluation integrates road traffic conditions and accident risk levels. Finally,
the optimal path scheme is selected. It minimizes the total repair cost while satisfying both
cross-regional dispatch and road traffic constraints. As a critical link in the emergency
management system, emergency repair path planning directly determines whether repair
teams can arrive at the accident sites and implement repairs in the shortest time, thereby
minimizing energy losses, environmental risks, and negative social impacts [5–8]. However,
the actual repair environment is typically highly dynamic and uncertain. The duration of
repair tasks, transportation network accessibility, and travel times are all subject to change.
Meanwhile, the spatial distribution of multiple accident sites significantly increases the
difficulty of dispatch and route coordination. This complexity endows the problem with
typical stochastic and strongly constrained characteristics. Consequently, it is generally
formulated as a complex nonlinear combinatorial optimization problem [9–11].

1.2. Existing Optimization Studies in Path Planning

In existing research, path planning models have evolved from simple shortest-path
searches to optimization models that account for various complex constraints. Shin et al.
proposed a mathematical model based on Mixed-Integer Linear Programming (MILP) and
an Ant Colony Optimization (ACO) algorithm for optimal scheduling, which considers the
constraints of post-disaster reconstruction and material transportation [12]. Choosumrong
et al. developed a Spatial Decision Support System (SDSS) for emergency vehicle rout-
ing that incorporates geospatial information and real-time traffic conditions [13]. In their
study on post-disaster road network restoration, Li et al. constructed a nonlinear model
integrating logistics support, crew scheduling, and path planning [14]. Although these
mathematical and spatial models offer a rigorous framework for handling constraints, they
possess a critical limitation. When the problem scale expands, path weights change dynam-
ically, or cross-regional coordination demands intensify, their computational complexity
escalates significantly. Consequently, their applicability in complex real-world scenarios
becomes limited.

1.3. Existing Intelligent Algorithms

To address such path planning models, metaheuristic algorithms have been widely
adopted by researchers [15,16]. Swarm intelligence algorithms exhibit great flexibility in
handling complex non-convex problems. Consequently, methods such as Particle Swarm
Optimization (PSO) [17], Gray Wolf Optimizer (GWO) [18], and Golden Jackal Optimization
(GJO) [19] have been successively applied to the field of path optimization. Nevertheless,
emergency repair path planning models often involve complex road weight constraints and
multi-dimensional decision variables. When dealing with such models, traditional swarm
intelligence algorithms often face common challenges, including loss of population diver-
sity, premature convergence to local optima, and insufficient convergence accuracy [20–23].
That is to say, traditional swarm intelligence algorithms excel at exploring wide solution
spaces. However, their capabilities are limited in emergency scheduling. In such highly
constrained and strongly coupled scenarios, their exploitation capability and convergence
robustness remain insufficient.

Recently, an increasing number of studies have focused on multi-strategy fusion
and hybrid mechanisms to overcome the limitations of traditional intelligence algorithms
in complex environments. Specifically, embedding strategies such as chaotic mappings,
opposition-based learning, symmetry enhancement, or adaptive mutations into the evolu-
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tionary mechanism has been widely proven effective. These operators successfully break
local optima traps and enhance population diversity, further boosting the capacity to
solve highly constrained combinatorial optimization tasks [24–31]. For instance, in dis-
crete combinatorial optimization scenarios, the set-based differential evolution algorithm
incorporating both exponential and binomial crossover strategies has been proposed. Ex-
perimental results on the Traveling Salesman Problem demonstrate that this algorithm
achieves superior solution accuracy and convergence performance compared to traditional
discrete swarm intelligence algorithms [32]. Regarding continuous global optimization
tasks, the Adaptive Stagnation Guided Differential Evolution (ASGDE) algorithm con-
structs a multi-layer adaptive fusion framework that effectively balances global exploration
and local exploitation. This algorithm exhibits outstanding competitiveness in both high-
dimensional multimodal benchmarks and practical engineering optimization problems [33].
These cutting-edge advancements fully confirm the tremendous potential of multi-strategy
fusion and hybrid mechanisms in addressing complex engineering problems.

1.4. Bitterling Fish Optimization

Bitterling Fish Optimization (BFO) is an emerging swarm intelligence algorithm in-
spired by the unique reproductive and foraging behaviors of bitterling fish in nature [34].
This algorithm demonstrates exceptional global spatial exploration capabilities and rapid
convergence potential. However, the standard BFO algorithm relies on a fixed search step
size and a static position update mechanism. This reliance causes an inherent imbalance
between exploration and exploitation. Consequently, the algorithm often suffers from pre-
mature convergence when solving complex constrained engineering optimization problems
with dynamic weights.

1.5. Novelty and Contributions

To overcome the deficiencies of existing research, a cross-regional emergency repair
path planning optimization model is constructed. This model specifically addresses energy
infrastructure emergency scenarios involving multiple accident points and multiple repair
teams. Furthermore, this paper proposes an Adaptive Bitterling Fish Optimization with
Evolutionary Game Theory (ABFO-EGT). The highlights and main contributions of this
paper are presented as follows.

(1) Construction of a cross-regional emergency repair path planning optimization model
considering dynamic path conditions

This model incorporates jurisdiction ownership, cross-regional dispatch costs, path
weights, and accident risk levels into the objective function. The path weights specifically
account for congestion, grade, and quality coefficients. This comprehensive approach
achieves a mathematical representation that closely aligns with real-world repair scenarios.

(2) Proposal of the Adaptive Bitterling Fish Optimization with Evolutionary Game Theory
(ABFO-EGT)

The ABFO-EGT algorithm introduces adaptive mechanisms, evolutionary game theory,
and a symmetric mutation strategy. These enhancements effectively address the search
imbalance and the tendency of the traditional BFO algorithm to fall into local optima.
Its optimization accuracy and robustness in high-dimensional weighted path spaces are
remarkably improved.

(3) Systematic verification of algorithmic performance and engineering case analysis

Extensive comparisons with 10 mainstream algorithms on the CEC 2017 benchmark
functions verify the proposed method. The results demonstrate that the ABFO-EGT algo-
rithm achieves excellent solution performance and robustness. Furthermore, an actual gas
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pipeline network leakage accident is utilized as a case study. The emergency repair path
obtained by the proposed algorithm significantly reduces the total repair cost. Specifically,
the cost is reduced by 33.2% compared to manual decision-making, 27.6% compared to the
GWO algorithm, and 9.1% compared to both the ACO and PSO algorithms.

2. Optimization Model Construction
Optimization modeling is essential for cross-regional emergency repair path planning

of energy infrastructure. Empirical scheduling and classical path optimization approaches
cannot simultaneously account for dynamic road conditions, cross-regional dispatch costs,
and accident risk levels. As a result, they fail to achieve globally optimal resource allocation.
The core objective of the proposed model is to minimize the total comprehensive repair
cost under multiple constraints. This total cost comprises in-jurisdiction repair expenses
and cross-regional dispatch repair costs.

Compared with conventional path planning problems, this task presents three core
challenges. First, dynamic path weights break the spatial symmetry of network topology.
The problem thus becomes a highly constrained optimization task on asymmetric directed
graphs, rendering most classical path algorithms built on symmetric assumptions invalid.
Second, the two-layer optimization structure of team assignment and path selection con-
stitutes a typical NP-hard combinatorial optimization problem. Third, multiple strong
constraints drastically compress the feasible region. This imposes higher demands on the
constraint-handling capability of solution algorithms.

The accident emergency repair path planning optimization model proposed in this
paper is established based on the following assumptions.

(1) There exists at least one accessible path between each accident site and each re-
pair team.

(2) The occurrence of accident sites is random and requires repair by repair teams.

2.1. Non-Symmetric Weight Representation of the Model

In traditional path planning problems, physical network topologies usually exhibit
spatial symmetry. The geometric distance between node i and node j satisfies the symmetry
property. This is shown in Equation (1).

dij = dji, ∀i, j ∈ V (1)

However, this geometric symmetry is completely broken in cross-regional emergency
repair scenarios under dynamic environments. Let wij(t) denote the comprehensive path
weight at time t. This weight integrates three factors: congestion coefficient, road grade
coefficient, and pavement quality coefficient. Due to direction-dependent dynamic traffic
flows and real-time sudden risks, the actual weight matrix shows significant non-symmetry.
This is presented in Equation (2).

wij(t) ̸= wji(t) (2)

Therefore, the cross-regional emergency repair path planning (CR-ERPP) model is
mathematically formulated as a highly constrained optimization problem based on a
non-symmetric directed graph.

2.2. Objective Function

The total cost of accident point repair by dispatched teams is required to be minimized
in the optimization model on the basis of weighted emergency repair path planning. The
total emergency repair cost is mainly composed of two parts. These include the repair costs
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for accidents within the teams’ jurisdictions and the repair costs for accidents outside their
jurisdictions. The specific objective function is presented in Equation (3).

minF =
m

∑
i=1

n

∑
j=1

ζij ×
[

D(i,j) + (1 − σij) · Cij × (1 − ϕj) · D(i,j)

]
(3)

In the formula, D(i,j) is the weighted total length from repair team i to accident
point j; ζij indicates a binary variable indicating whether repair team i is assigned to re-

pair accident point j, defined as: ζij =

{
1, if yes;
0, otherwise;

; σij indicates whether accident

point j is within the jurisdiction of repair team i, defined as: σij =

{
1, if yes;
0, otherwise;

;

Cij represents the cost-effectiveness of repair team i conducting cross-regional repair
on accident point j; ϕj denotes the importance level of accident point j, defined as:

ϕj =

{
1, if g(xj) ∈ {medium, high risk};
0, if g(xj) ∈ {low risk};

where g(xj) represents the risk level eval-

uation of accident j; m is defined as the number of repair teams; and n is defined as the
number of accident points.

Notably, the determination of D(i,j) is formulated as an optimization problem, and the
corresponding objective functions for solving D(i,j) are presented in Equations (4)–(6).

minD(i,j) =
M

∑
k=1

γk · Lk · wk (4)

wk = w1
k + w2

k + w3
k =

3

∑
e=1

we
k (5)

Lk =
H−1

∑
h=1

βh · βh+1 · lh,h+1 (6)

In the formula, M is defined as the count of all connected road segments from the
location of repair team i to accident point j; γk is a binary variable indicating whether the

k-th path is selected, defined as: γk =

{
1, if yes;
0, otherwise;

; Lk denotes the distance of the

k-th path; wk is defined as the total road weight for the k-th path; w1
k denotes the road

congestion coefficient for the k-th path; w2
k is the road grade coefficient for the k-th path;

w3
k is the road quality coefficient for the k-th path; H denotes the number of all routing

points from the location of repair team i to accident point j; h represents the h-th routing
point; βh is a binary variable indicating whether the h-th routing point is selected, defined

as: βh =

{
1, if yes;
0, otherwise;

; βh+1 indicates whether the (h + 1)-th routing point is selected,

defined as: βh+1 =

{
1, if yes;
0, otherwise;

; and lh,h+1 represents the distance between the h-th

routing point and the (h + 1)-th routing point.

2.3. Constraints
2.3.1. Repair Team Scheduling Constraints

When multiple accidents occur in a certain area, the scheduling of repair teams must
satisfy that each team can only handle one accident. The specific formula is presented in
Equation (7).
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m

∑
i=1

ςij = 1 (7)

where ζij is a binary variable indicating whether repair team i is assigned to repair accident

point j, defined as: ζij =

{
1, if yes;
0, otherwise;

; m is defined as the number of repair teams.

2.3.2. Path Weight Constraints

Each weight of the path takes a value between 0 and 1. The specific formulas are
presented in Equations (8)–(10).

w1
k ∈ [0, 1] (8)

w2
k ∈ [0, 1] (9)

w3
k ∈ [0, 1] (10)

where w1
k represents the road congestion coefficient for the k-th path; w2

k represents the
road grade coefficient for the k-th path; and w3

k represents the road quality coefficient for
the k-th path.

2.3.3. Path Selection Constraints

When multiple paths exist from a repair team to an accident point, the repair team can
only select one path. The specific formula is presented in Equation (11).

M

∑
k=1

γk = 1 (11)

where γk is a binary variable indicating whether the k-th path is selected, defined as:

γk =

{
1, if yes;
0, otherwise;

; M is the number of paths.

2.3.4. Routing Point Quantity Constraints

When multiple paths exist from a repair team to an accident point, the number of
routing points on all paths is subject to a quantity limit. The specific formula is presented
in Equation (12).

0 ≤ H < Hmax (12)

where H denotes the total number of routing points from the location of a certain repair
team to a certain accident point; Hmax represents the maximum allowable number of
routing points from the location of a certain repair team to a certain accident point.

3. Adaptive Bitterling Fish Optimization with Evolutionary Game
Theory (ABFO-EGT)

The standard Bitterling Fish Optimization (BFO) algorithm exhibits inherent limita-
tions. Inspired by reinforcement learning, swarm evolution mechanisms, and adaptive
learning mechanisms [35–39], this paper proposes an Adaptive Bitterling Fish Optimization
with Evolutionary Game Theory (ABFO-EGT) algorithm to overcome these limitations. By
introducing an evolutionary game theory-based decision mechanism, a symmetric muta-
tion strategy, and an adaptive parameter evolution mechanism, this algorithm constructs
an optimization framework with self-organizing characteristic.

The iterative optimization process of the ABFO-EGT relies on a closed-loop environ-
mental feedback mechanism. At each iteration, individuals within the population act as
rational agents, executing specific evolutionary behaviors (strategies) and interacting with
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the objective function (the environment). The resulting fitness improvements serve as
environmental rewards (payoffs). These payoffs directly drive the replicator dynamics
equation. Consequently, this process continuously guides the population to adaptively
adjust the selection probabilities between global exploration and local exploitation for the
subsequent iteration.

The high compatibility between the ABFO-EGT algorithm and the cross-regional
emergency repair path planning (CR-ERPP) model stems from leveraging this closed-loop
feedback mechanism to navigate the complexities of dynamic road networks. Specifically,
the evolutionary game theory (EGT) module utilizes dynamic strategy adaptability to
track real-time traffic weight fluctuations across the non-symmetric network. Meanwhile,
a symmetric mutation strategy effectively counteracts the search direction bias induced
by spatial asymmetric constraints. Finally, while strictly satisfying multiple scheduling
constraints, an adaptive parameter evolution mechanism significantly enhances local
exploitation precision and convergence robustness within complex, high-dimensional
path spaces.

3.1. Evolutionary Game Theory-Based Adaptive Strategy Switching Mechanism

Exploration and exploitation are typically balanced in the BFO algorithm through
preset thresholds or linear weights. Furthermore, the optimization process is formulated as
a symmetric strategy evolutionary game model in this work. Consequently, the replicator
dynamic equation drives the adaptive switching of strategies.

3.1.1. Theoretical Motivation and Integration Points of EGT and BFO

Evolutionary game theory (EGT) is a mathematical framework. It simulates the adap-
tive evolution of strategies in a bounded rational population under dynamic environments.
It emphasizes that individuals obtain payoffs through interactions with the environment
and other individuals. Individuals then dynamically adjust their strategy choices based
on these payoffs. Compared with traditional adaptive methods, EGT has three unique
advantages. These advantages address the limitations of the BFO algorithm.

(1) Dynamic Strategy Adaptability

EGT does not require preset stage transition points. It automatically adjusts the selec-
tion probability of each strategy using the replicator dynamics equation. The adjustment is
based on the actual performance of each strategy in the current iteration. This enables the
algorithm to dynamically switch between exploration and exploitation according to the
real-time optimization state.

(2) Symmetric Strategy Competition

In EGT, all strategies compete on an equal footing. Their selection probabilities are
determined solely by their relative payoffs. This symmetric competition mechanism ensures
that no strategy is permanently eliminated. It maintains the structural symmetry of the
search process.

(3) Population-Level Evolution

EGT models strategy evolution at the population level, not the individual level. This
is highly consistent with the swarm intelligence essence of the BFO algorithm. It allows the
algorithm to maintain population diversity while ensuring convergence.

Based on the above theoretical motivations, the integration of EGT and BFO is estab-
lished on four fundamental mapping levels. This forms a unified optimization framework.
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(1) Mapping Between Game Participants and Algorithm Individuals

Each individual in the BFO population corresponds to a participant in the evolution-
ary game.

(2) Mapping Between Pure Strategies and Optimization Behaviors

The two core optimization behaviors of the algorithm (global exploration and local
exploitation) correspond to the two pure strategies in the evolutionary game. This mapping
transforms the problem of balancing exploration and exploitation into a strategy selection
problem in the game.

(3) Mapping Between Game Payoffs and Fitness Increments

The fitness improvement obtained by an individual after executing a search strategy
is mapped to the economic payoff of the game player under that strategy. The magnitude
of the payoff qualitatively and quantitatively reflects how well the strategy fits the current
search environment.

(4) Mapping Between Evolutionary Game Processes and Algorithm Iteration Processes

Each iteration of the BFO algorithm is equivalent to one generation of update in the
evolutionary game. The replicator dynamics equation replaces the rigid probability control
of traditional BFO. It drives the adaptive evolution of strategy selection probabilities with
the iteration process.

The mechanism diagram of the evolutionary game theory-based adaptive strategy
switching mechanism is shown in Figure 1.

Figure 1. Mechanism diagram of the evolutionary game theory-based adaptive strategy switch-
ing mechanism.

3.1.2. Basic Definitions of the Evolutionary Game Model

The two core optimization strategies of the algorithm are defined as the pure strategies
of the evolutionary game. In this game, the average fitness improvement achieved by each
strategy within one iteration serves as the payoff.
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(1) Pure Strategy Set

S = {s1, s2} (13)

where S denotes the pure strategy set; s1 denotes the global exploration strategy; and s2

denotes the local exploitation strategy.

(2) Strategy Selection Probability

Let Pm(t) denote the probability that an individual selects strategy sm (m = 1, 2) at
the t-th iteration. Pm(t) satisfies P1(t) + P2(t) = 1. In the initial state, P1(t) = P2(t) = 0.5,
which ensures initial symmetry of strategy selection.

(3) Skew-symmetric Payoff Matrix

The payoff matrix is constructed as shown in Equation (14).

A =

[
a11 a12

a21 a22

]
(14)

where A denotes the payoff matrix; aij denotes the payoff for a player choosing strategy si

when the opponent chooses strategy sj. In this model, a11 = a22 = 0 and a12 = −a21 = 1.
The value of 1 is chosen for normalization purposes. This construction preserves the
zero-sum property and yields a skew-symmetric payoff structure, which is appropriate for
modeling the competition between exploration and exploitation.

(4) Strategy Payoff

The average fitness improvement of a strategy per iteration is defined as the payoff,
which directly reflects the optimization efficiency of the strategy. The calculation formula
for the payoff Rm(t) of strategy sm at the t-th iteration is presented in Equation (15).

Rm(t) =

{
∆ fm,total(t)

Nm(t) , Nm(t) > 0

0, Nm(t) = 0
(15)

where Rm(t) denotes the average payoff of strategy sm at the t-th iteration; m denotes the
strategy index, where m = 1 corresponds to the global exploration strategy and m = 2
corresponds to the local exploitation strategy; Nm(t) is the total number of strategy sm used
at the t-th iteration; t is the current iteration number, 1 ≤ t ≤ T, where T is the maximum
number of iterations; and ∆ fm,total(t) is the total fitness improvement brought by strategy
sm at the t-th iteration, i.e., the sum of fitness differences between the original solutions and
new solutions for all individuals successfully improved by this strategy (for minimization
problems, the individual fitness improvement is calculated only when f (xnew) < f (xold)).

3.1.3. Replicator Dynamics Equation-Based Strategy Probability Update

The replicator dynamics equation is the core of evolutionary game theory. Its core logic
dictates that strategies with payoffs higher than the population average will experience an
increased selection probability. Conversely, strategies with payoffs lower than the average
will suffer a decreased selection probability. The detailed update procedure is presented
as follows.

(1) Calculate the population average payoff at the t-th iteration, which serves as the
criterion for evaluating the merits of strategies. The corresponding formula is given in
Equation (16).
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R(t) =
1
2

2

∑
m=1

Rm(t) (16)

where R(t) denotes the population average payoff at the t-th iteration, i.e., the mean of
the average payoffs of the two strategies; m denotes the strategy index; Rm(t) denotes the
average payoff of strategy sm at the t-th iteration.

(2) Update the strategy selection probability for the next generation by the replicator
dynamics equation.

Pm(t + 1) = Pm(t) · (1 + α · Rm(t)− R(t)
R(t)

) (17)

In the formula, Pm(t + 1) denotes the selection probability of strategy sm at the
(t + 1)-th iteration; α denotes the learning rate, set to 0.1, which controls the step size
of probability update; Pm(t) is the selection probability of strategy sm at the t-th iteration;
Rm(t) denotes the average payoff of strategy sm at the t-th iteration; and R(t) denotes the
population average payoff at the t-th iteration.

(3) Boundary constraints and normalization are applied to the updated probabilities.
This step effectively prevents the complete elimination of any strategy due to an
excessively low probability. This method ensures that the algorithm maintains both
global exploration and local exploitation capabilities throughout all iterations.

Pm(t + 1) = max(Pm(t + 1), 0.1) (18)

Pm(t + 1) =
Pm(t + 1)

∑2
m=1 Pm(t + 1)

(19)

In the formula, Pm(t + 1) denotes the selection probability of strategy sm at the
(t + 1)-th iteration; max(·) is the mathematical maximum operator; and m is the strat-
egy index.

3.2. Symmetric Mutation Strategy

Symmetry is a fundamental principle in optimization theory. Symmetric search opera-
tors can ensure uniform coverage of the solution space while preventing directional bias.
In particular, spatially symmetric mutation guarantees that the probability of generating a
solution in any direction is equal to that of generating a solution in the opposite direction.
This property is crucial for avoiding premature convergence to local optima caused by one-
sided search behaviors. In contrast, conventional mutation operators employed in swarm
intelligence algorithms often exhibit asymmetric search biases, resulting in incomplete
exploration of the solution space.

The traditional BFO algorithm adopts fixed-structure position update operators. Con-
sequently, its single mutation mode cannot simultaneously satisfy the dual requirements
of global exploration and local exploitation. Accordingly, a symmetric mutation strategy
is designed for the game model described in Section 3.1. This strategy corresponds to
the global exploration and local exploitation strategies, respectively. This provides an
executable optimization mechanism for game-theoretic decision-making.

3.2.1. Global Exploration Strategy (s1)

This strategy corresponds to the pure strategy of global exploration within the game
model. The global exploration strategy achieves the core objective of expanding the search
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space and avoiding local optima. It is especially applicable to optimization tasks in the
early iteration stages. The mutation formula is expressed as Equation (20).

vi(t) = xr1(t) + Fi(t) · (xr2(t)− xr3(t)) + Fi(t) · (xr4(t)− xr5(t)) (20)

where r1, r2, r3, r4, r5 denote five mutually distinct individual indices randomly selected
from the population, none of which equal the current individual index i; vi(t) is the mutated
candidate solution vector of the i-th individual at the t-th iteration; Fi(t) is the mutation
factor of the i-th individual at the t-th iteration, with a value range of (0, 1.2]; and xrk(t) is
the position vector of the rk-th individual at the t-th iteration (k = 1, 2, 3, 4, 5).

3.2.2. Local Exploitation Strategy (s2)

This strategy corresponds to the pure strategy of local exploitation within the game
model. The core objective of the local exploitation strategy is to guide the search using
elite solutions. This guidance accelerates the algorithm’s convergence toward the global
optimum. Furthermore, it meets the requirements for high-precision optimization in the
late iteration stages. The mutation formula is given in Equation (21).

vi(t) = xi(t) + Fi(t) · (xwpbest(t)− xi(t)) + Fi(t) · (xr1(t)− xr2(t)) (21)

where vi(t) is the mutated candidate solution vector for the i-th individual at the t-th
iteration; xwpbest(t) is the weighted elite solution at the t-th iteration (refer to Section 3.3.1
for the specific calculation), which provides the convergence direction for mutation; xi(t)
is the position vector of the i-th individual at the t-th iteration; r1 is an individual index
randomly selected from the current population, such that r1 ̸= i; r2 denotes an individual
index randomly selected from the union population (comprising the current population
and the external archive), such that r2 ̸= i and r2 ̸= r1; Fi(t) is the mutation factor of the
i-th individual at the t-th iteration, with a value range of (0, 1.2]; and xrk(t) is the position
vector of the rk-th individual at the t-th iteration (k = 1, 2).

3.2.3. Spatial Symmetric Mutation

Both of the aforementioned strategies are spatial symmetric mutations. The mutation
factor F is controlled by a probability density function. Its probability distribution is strictly
symmetric about the origin. In other words, its probability density function is an even
function, as expressed in Equation (22).

f (F) = f (−F), ∀F ∈ (−∞,+∞) (22)

Formally, individual i generates a new mutated state vi around multiple individuals
(e.g., x1, x2, x3). This process is shown in Equation (23).

vi =

{
x1 + F · (x2 − x3), i f m = 1
xi + F · (x1 − x2), i f m = 2

(23)

where m denotes the strategy index.
Because f (F) exhibits the property of an even function, the probability of generating

a mutation step in any positive spatial direction is strictly equal to the probability of
generating an equivalent step in the opposite negative direction. Assuming the step size is
δ (δ > 0), this relationship is presented in Equation (24).{

P(vi ∈ [x1, x1 + δ]) = P(vi ∈ [x1 − δ, x1]), i f m = 1
P(vi ∈ [xi, xi + δ]) = P(vi ∈ [xi − δ, xi]), i f m = 2

(24)
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This structural symmetry helps reduce directional bias and improves the balance of
spatial exploration.

3.2.4. External Archive

The external archive with a maximum capacity of 2× Np is established to store superior
individuals replaced during the iterative process. The original solution is stored in the
external archive when a new solution outperforms it. Once the archive reaches its full
capacity, older individuals within the archive are randomly replaced.

This design facilitates the reuse of historically superior solutions. Such reuse supple-
ments population diversity during local exploitation. Ultimately, it prevents population
homogenization in the late iteration stages.

3.3. Adaptive Parameter Evolution Mechanism

Adaptive parameter evolution mechanism is a key component of metaheuristic algo-
rithms, as fixed parameter settings often lead to unsatisfactory performance across different
problem domains. Symmetric parameter adjustment ensures that the search intensity
evolves smoothly and symmetrically throughout the optimization process, thereby avoid-
ing abrupt changes that may disrupt the balance between exploration and exploitation.

To address the high parameter sensitivity of the BFO, ABFO-EGT implements a
self-adaptive evolution mechanism for core parameters throughout the iterative process.
Accordingly, this study designs an adaptive parameter optimization mechanism to achieve
dynamic adjustment of three core parameters: elite ratio, mutation factor, and spawning
step size.

3.3.1. Dynamic Adaptive Elite Ratio (p(t))

The elite ratio p(t) directly determines the size of the elite pool in the local exploitation
strategy. In this paper, a linearly decreasing p(t) is designed to achieve adaptive adjustment
between the early and late iteration stages, as expressed in Equation (25).

p(t) = pmax − (pmax − pmin) ·
t
T

(25)

where pmax is the initial maximum elite ratio, with 20% of the individuals selected as elites
in the early stage of the iteration (pmax = 0.2); pmin is the final minimum elite ratio, where
at least the two best individuals are selected as core elites in the later stages (pmin = 2/Np);
Np is the number of individuals in the population; t denotes the current iteration number;
and T denotes the maximum number of iterations.

The number of elite individuals is calculated based on p(t), and a lower bound is set to
ensure the effectiveness of the elite pool. The calculation formula is shown in Equation (26).

pnum(t) = max(2, round(Np · p(t))) (26)

where pnum(t) denotes the number of elite individuals at the t-th iteration; p(t) denotes the
elite ratio; max(·) denotes the mathematical maximum operator; round(·) is the rounding
function; 2 represents the minimum number of elite individuals; Np denotes the number of
individuals in the population; and t denotes the current iteration number.

On this basis, the weighted elite solution xwpbest(t) is calculated, which assigns
higher weights to more excellent elite individuals to strengthen the guiding effect of
the optimal solution.

xwpbest(t) =
pnum(t)

∑
e=1

we · xbest
e (t) (27)
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we =
pnum(t)− e + 1

∑
pnum(t)
k=1 k

(28)

where xwpbest(t) denotes the weighted elite solution at the t-th iteration; t denotes the
current iteration number; pnum(t) denotes the number of elite individuals at the t-th
iteration; e is the index of elite individuals; we is the weight of the e-th elite individual,
satisfying ∑

pnum(t)
e=1 we = 1, and the higher the rank, the greater the weight; and xbest

e (t)
denotes the position vector of the e-th elite individual after all population individuals at
the t-th iteration are sorted in ascending order of fitness.

3.3.2. Adaptive Mechanism of the Mutation Factor (F) Based on a Historical Memory Pool

To address the poor adaptability of a fixed mutation factor, this paper maintains a
memory pool MF of size H = 10 to store historically successful mutation factors. This
mechanism realizes the adaptive generation of the F.

(1) Mutation factor sampling during each iteration

An index ridx is randomly selected from the memory pool, and the mutation factor
F is generated using a Cauchy distribution. The theoretical rationale for adopting the
Cauchy distribution lies in its structurally symmetric and heavy-tailed probability density
function. Both the Cauchy and standard normal distributions possess structurally symmet-
ric probability density functions, which strictly ensure equal probabilities of positive and
negative step-size perturbations. However, compared with the normal distribution, the
theoretical advantage of adopting the Cauchy distribution lies in its heavy-tailed property.
This unique characteristic enables the algorithm to occasionally generate large mutational
jumps, effectively preventing the algorithm from stagnating in symmetric local traps.

F = MF(ridx) + 0.1 · tan(π · (rand − 0.5)) (29)

In the formula, F denotes the mutation factor; MF(ridx) is the historically successful
mutation factor stored at the ridx-th position in the memory pool; and rand denotes a
uniformly distributed random number in the range of [0, 1]; 0.1 acts as the shift parameter;
0.5 serves as the scale parameter.

(2) Memory pool updating

After each iteration, the memory pool is updated using the weighted Lehmer mean
based on the successful mutation F values and their corresponding fitness improvements.
The weights are determined by the magnitude of the fitness improvement from the success-
ful mutations.

wj =
∆ f j

∑k
l=1 ∆ fl

(30)

MF(kptr) =
∑k

j=1 wj · F2
j

∑k
j=1 wj · Fj

(31)

where k denotes the number of individuals with successful mutations in the current it-
eration; Fj is the mutation factor used in the j-th successful mutation; ∆ f j denotes the
fitness improvement brought by the j-th successful mutation; wj is the weight of the j-th
successful mutation; kptr is the update pointer of the memory pool, which is updated by
kptr = mod(kptr, H) + 1 after each update to realize the rolling update of the memory pool;
H represents the predefined total capacity of the memory pool; and MF(kptr) is the updated
value at the pointer position of the memory pool.
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3.3.3. Power-Law Decaying Spawning Step Size (SD(t))

Aiming at the spawning behavior of BFO, this paper designs a power-law decaying
step size. This design successfully expands the search space during the early iterations.
Subsequently, it improves the optimization accuracy in the late iterations.

SD(t) = SDinitial · (1 −
t
T
)

γ

(32)

where SDinitial denotes power-law decaying spawning step size; SDinitial denotes the initial
spawning step size, set to 1; γ is the power-law decay coefficient, set to 5; T denotes the
maximum number of iterations; and t denotes the current iteration number.

The pseudocode of ABFO-EGT is Algorithm 1. The flowchart of ABFO-EGT is shown
in Figure 2.

3.4. Mapping Mechanism from Continuous to Discrete Space

ABFO-EGT operates in a continuous search space. However, emergency repair path
planning is inherently a discrete combinatorial optimization problem. A mapping mecha-
nism is therefore required to bridge this gap. This study adopts the Smallest Position Value
(SPV) rule combined with a Path Reconstructor. It converts continuous position vectors
into discrete path solutions.

(1) SPV Rule

For each continuous position vector Xi = [xi,1, xi,2, · · ·, xi,D] generated by the ABFO-
EGT, each dimension is sorted according to its numerical value, and a discrete priority
sequence Pi = [p1, p2, · · ·, pD] is thus obtained.

(2) Path Reconstructor

The priority sequence Pi is used to determine the traversal order of road segments
or nodes. For a given accident point, the priority sequence is decoded into a feasible path
satisfying the constraint conditions in Section 2.2 through the path reconstruction function.
If the generated sequence leads to inaccessibility or violates the maximum routing point
constraint, the greedy repair strategy is triggered, and invalid segments are replaced with
the nearest feasible connections. Thus, it is ensured that each continuous position vector
can be mapped into a rigorous, feasible and discrete emergency repair path.

3.5. Feasibility Rule

The feasibility rule is a core evaluation mechanism. It combines the objective function
value and the degree of constraint violation. It quantitatively compares the quality of
individual solutions in stochastic optimization algorithms. When solving constrained
optimization problems, this rule only requires standardizing the constraints. It equivalently
transforms complex constrained problems into unconstrained ones. This significantly
reduces the complexity of algorithm design. Generally, the mathematical model of a
single-objective constrained optimization problem is expressed as Equation (33).

min f (x)
s.t. hj(x) ≤ 0, j = 1, 2, · · ·, p

gk(x) = 0, k = 1, 2, · · ·, q
(33)

where x = [x1, x2, · · ·, xn] is the n-dimensional optimization variable. hj(x) is the j-th
inequality constraint. gk(x) is the k-th equality constraint.
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Algorithm 1: Adaptive Bitterling Fish Optimization with Evolutionary Game Theory
(ABFO-EGT)

Input: Population size N, Dimension D, Maximum iterations T, Search space
boundaries [lb, ub], Objective function fobj

Output: The global optimal solution and its fitness value
1: Initialize algorithm parameters: N, D, T
2: Initialize the population X randomly within [lb, ub]
3: Set iteration counter t = 1
4: Evaluate the fitness value for each individual in X
5: Find and record the optimal individual Xbest

6: Initialize the External Archive
7: while t < T do
8: Calculate the adaptive elite ratio p(t)
9: Calculate spawning step size SD(t)
10: Calculate number of elites pnum(t)
11: Calculate weighted elite solution xwpbest(t)
12: if t > 1 then
13: Update the strategy selection probabilities Pm(t)
14: else
15: The strategy selection probability is set to the initial value P1(t) = P2(t) = 0.5.
16: end if
17: Sample from the historical memory pool MF

18: Generate the mutation factor F via the Cauchy distribution
19: Execute foraging behavior
20: Update the external archive and global optimal solution
21: for i = 1 to N do
22: Generate a random number rand
23: if rand < P1(t) then
24: The i-th individual executes mutation strategy 1
25: else
26: The i-th individual executes mutation strategy 2
27: end if
28: Update the external archive and strategy payoffs
29: end for
30: Update the historical memory pool MF

31: Carry out spawning behavior
32: Perform weight learning, differential update, and mating behavior
33: Record the global optimal fitness
34: t = t + 1
35: end while
36: Output the global optimal solution and its fitness value
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Figure 2. Flowchart of ABFO-EGT.
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The above model contains p inequality constraints and q equality constraints. To
unify the constraint forms, a tolerance parameter ε is introduced. Equality constraints are
transformed into inequality constraints, as shown in Equation (34).

|gk(x)| ≤ ε (34)

Through the transformation in Equation (28), the original problem becomes a pure
inequality-constrained nonlinear optimization problem. It now contains p + q inequality
constraints. The essence of this problem is to find a decision vector x that minimizes the
objective function f (x). This vector x must lie within the feasible region satisfying all
constraints. To quantitatively measure how much individual solutions in the population
deviate from the constraints, a single constraint violation function (ψi(x)) is defined as
Equation (35).

ψi(x) =

{
max{0, hi(x)}, i = 1, 2, . . . , p
max

{
0,
∣∣gi−p(x)

∣∣− ε
}

, i = p + 1, p + 2, . . . , p + q
(35)

Based on the single constraint violation function, the total constraint violation degree
of an individual solution is further defined. This comprehensively represents its total
violation of all constraints (Φ(x)), as shown in Equation (36).

Φ(x) =
p+q

∑
i=1

ψi(x) (36)

Combining the individual’s constraint violation degree and objective function value,
an individual comparison rule can be established. This rule is used to select high-quality
individuals for the next iteration. Let a and b be any two individuals in the population. The
specific selection rules are as follows.

(1) If both a and b are infeasible solutions, the individual with the smaller constraint
violation degree is better. That is, if Φ(a) < Φ(b), a is superior to b.

(2) If both a and b are feasible solutions, the evaluation is based on the objective function
value. This study aims to minimize the total emergency repair cost. The individual
with the smaller objective function value is better. That is, if f (a) < f (b), a is superior
to b.

(3) If a is a feasible solution and b is an infeasible solution, the feasible solution is always
better. That is, a is superior to b.

3.6. Computational Complexity Analysis

The computational complexity of the proposed ABFO-EGT is a crucial metric for
evaluating its applicability in dynamic emergency repair planning. This complexity primar-
ily depends on population initialization, adaptive parameter computation, EGT strategy
switching, symmetric mutation, and objective function evaluation. To quantify this, let N
denote the population size, D denote the dimension of the decision variables, T represent
the maximum number of iterations, and Cobj indicate the computational cost of objective
function evaluation.

3.6.1. Time Complexity

During the initialization phase, generating the population and evaluating initial fitness
requires a runtime of O(N ×D+ N ×Cobj). Within the iterative loop, sorting the population
to determine weighted elite solutions incurs a complexity of O(N log N). The EGT-based
probability update relies solely on calculating average strategy payoffs, which executes
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in linear time, O(N). Executing symmetric mutation, foraging, and spawning behaviors
requires traversing all dimensions; this demands O(N × D) operations per generation.
Finally, evaluating the fitness of the updated individuals takes O(N × Cobj).

Accordingly, the overall time complexity of ABFO-EGT is rigorously formulated
as O(N × (D + Cobj) + T × (N log N + N × D + N × Cobj)). For complex engineering
problems, N log N is generally smaller than or comparable to N × D. After omitting lower-
order terms, the asymptotic time complexity simplifies to O(T × N × (D + Cobj)). This
theoretically demonstrates that, compared to standard swarm intelligence algorithms, the
integrated symmetric mutation mechanism and evolutionary game theory module do not
increase the polynomial order of the time complexity.

3.6.2. Space Complexity

The memory consumption of ABFO-EGT primarily stems from three components.
First, storing the main population matrix requires O(N × D). Second, maintaining an
external archive to retain historically superior individuals incurs O(NA × D), where NA

denotes the predefined archive capacity. Third, allocating the historical memory pool for
mutation factors takes O(MF), where MF represents the memory pool size. Consequently,
the upper bound of the total space complexity is O((NA + N)× D + MF). Given that both
NA and MF are predefined finite constants, the overall space complexity scales linearly
with the problem dimension. This linear scaling demonstrates high memory efficiency.

4. Solution Performance Analysis of ABFO-EGT
4.1. Ablation Study and Comparative Experiments with Multiple Algorithms

This paper designs two sets of verification schemes to systematically verify the op-
timization performance of the proposed ABFO-EGT and the effectiveness of the overall
improvement strategies. These schemes comprise an ablation study and comparative
experiments involving multiple algorithms. All experiments are carried out on the CEC
2017 benchmark test suite [40], which is widely used in the IEEE evolutionary computation
community. This test suite contains 30 test functions with diverse characteristics. They are
classified into four groups: unimodal functions (F1~F3), multimodal functions (F4~F10),
hybrid functions (F11~F20), and composition functions (F21~F30). These groups compre-
hensively cover the full spectrum of optimization problems, ranging from simple unimodal
to complex multimodal, hybrid, and composition scenarios.

4.1.1. Design of the Ablation Study

The traditional BFO algorithm suffers from inherent limitations, namely unbalanced
search behavior and premature convergence to local optima. The key contribution of
this study lies in addressing these issues. Specifically, it introduces adaptive mechanisms
and evolutionary game theory to construct a complete algorithmic framework for ABFO-
EGT. An ablation study is conducted to directly verify the comprehensive performance
improvements of these strategies. In this study, the original BFO algorithm serves as the
control group for comparison with the proposed ABFO-EGT algorithm.

4.1.2. Design of Comparative Experiments with Multiple Algorithms

The 9 swarm intelligence optimization algorithms are selected as the horizontal com-
parison benchmarks. Specifically, they are Particle Swarm Optimization (PSO) [41], Crested
Porcupine Optimizer (CPO) [42], Hippopotamus Optimization (HO) [43], Pelican Opti-
mization Algorithm (POA) [44], Goose Optimization Algorithm (GOOSE) [45], Newton–
Raphson-Based Optimizer (NRBO) [46], Parrot Optimizer (PO) [47], Dingo Optimization
Algorithm (DOA) [48], and Golden Jackal Optimization (GJO) [49].
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4.1.3. Unified Experimental Parameter Settings

Completely identical experimental configurations are adopted for all algorithms: the
maximum number of iterations is T = 1000, the population size is set to Np = 30, and the
dimension of the decision variables is D = 30. The influence of algorithmic randomness
on the results is eliminated by independently running each algorithm 30 times on each
test function. The mean (Mean) and standard deviation (Std) of the optimal values are
recorded as the core evaluation metrics. Furthermore, all competing algorithms adopt the
default parameters and structures as specified in their original literature. The main control
parameter settings for all benchmark algorithms are shown in Table 1.

Table 1. Main control parameter settings for all benchmark algorithms.

Intelligent
Algorithms Main Control Parameter Value

PSO

the lower bound of the search space boundary −100
the upper bound of the search space boundary 100

the learning factor 2
the learning factor 2

the range of inertia weights [0.6, 0.9]
the maximum speed limit 6

CPO

the lower bound of the search space boundary −100
the upper bound of the search space boundary 100

the minimum population size 15
the number of cycles 2
the convergence rate 0.2

the strategy trade-off factor 0.8

HO

the lower bound of the search space boundary −100
the upper bound of the search space boundary 100

the mode switching threshold 0.6
Levy flight parameters 1.5

the Levy flight scaling factor 0.05

POA
the lower bound of the search space boundary −100
the upper bound of the search space boundary 100

Local disturbance coefficient 0.2

GOOSE

the lower bound of the search space boundary −100
the upper bound of the search space boundary 100

the coefficient threshold 0.17
the threshold for switching between development

and exploration modes 0.5

the internal sub strategy threshold of the
development mode 0.2

NRBO
the lower bound of the search space boundary −100
the upper bound of the search space boundary 100

the determining factor of the trap
avoidance operator 0.6

PO

the lower bound of the search space boundary −100
the upper bound of the search space boundary 100

Levy flight parameters 1.5
the probability threshold of

communication behavior 0.5
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Table 1. Cont.

Intelligent
Algorithms Main Control Parameter Value

DOA

the lower bound of the search space boundary −100
the upper bound of the search space boundary 100

Hunting or scavenger rate 0.5
Group attack or persecution rate 0.7

Survival Rate Threshold 0.3
Minimum attacking population 2

GJO

the lower bound of the search space boundary −100
the upper bound of the search space boundary 100

Levy flight parameters 1.5
the energy parameter benchmark value 1.5

the Levy flight scaling factor 0.05

4.1.4. Experimental Results

The detailed test results are presented in Table 2.
As demonstrated in Table 2, the ABFO-EGT exhibits a comprehensive performance

that is significantly superior to that of the BFO and the other nine algorithms in solving the
CEC 2017 benchmark test suite.

(1) Unimodal Functions (F1–F3)

ABFO-EGT achieves the optimal mean and standard deviation across all three uni-
modal functions. Unimodal functions contain a single global optimum. Therefore, algorith-
mic performance primarily depends on local exploitation precision and convergence speed.
ABFO-EGT utilizes an adaptive parameter evolution mechanism to gradually narrow the
search range in later iterations. The local exploitation strategy guided by weighted elite
solutions can accurately point to the optimal solution region, and the power-law decay-
ing spawning step size further improves the local search accuracy. Therefore, it shows
overwhelming convergence accuracy advantages on unimodal functions.

(2) Multimodal Functions (F4–F10)

ABFO-EGT yields the optimal mean results on all seven multimodal functions. Multi-
modal functions feature numerous local optima. Algorithmic success here hinges on the
dynamic exploration–exploitation balance and the ability to escape local stagnation. On
one hand, the EGT-based adaptive strategy switching mechanism dynamically adjusts the
exploration-exploitation ratio based on the current search state. This prevents premature
convergence. On the other hand, the symmetrical mutation strategy guarantees an unbiased
search. Simultaneously, the heavy-tailed Cauchy distribution generates large-step muta-
tions, assisting the population in jumping out of local optima. Together, these mechanisms
maintain population diversity while ensuring high convergence efficiency on multimodal
problems.

(3) Hybrid (F11–F20) and Composition Functions (F21–F30)

ABFO-EGT achieves the optimal mean on nine out of 10 hybrid functions and all 10 com-
position functions. These benchmarks exhibit complex landscape characteristics, including
multiple subspaces, multimodality, and asymmetry. They place stringent demands on global
search capability and adaptability. The symmetric mutation strategy effectively counteracts
search bias caused by asymmetrical constraints in complex spaces. Furthermore, the EGT-
based adaptive strategy switching mechanism regulates the search mode, while an external
archive supplements population diversity. This synergy enables the algorithm to stably
converge to the global optimal region even in high-dimensional, complex solution spaces.
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Table 2. Optimization Results between ABFO-EGT and the Other 10 Swarm Intelligent Algorithms on 30-Dimensional Benchmark Functions.

f BFO PSO CPO HO POA GOOSE NRBO PO DOA GJO ABFO-EGT

f1

Mean 4.0402 × 103 5.1694 × 107 2.0056 × 1010 1.5781 × 108 1.5853 × 1010 8.7578 × 103 1.7542 × 1010 4.3099 × 109 4.9636 × 1010 1.1592 × 1010 1.4407 × 103

Std 4.5951 × 103 2.2957 × 108 3.7426 × 109 2.1856 × 108 6.7585 × 109 6.0213 × 103 3.7353 × 109 2.0629 × 109 8.6625 × 109 3.1580 × 109 2.0767 × 103

Mean Rank 2 4 10 5 8 3 9 6 11 7 1
Std Rank 2 5 9 4 10 3 8 6 11 7 1

f2

Mean 1.4112 × 105 3.7754 × 1021 2.9384 × 1038 3.4923 × 1029 7.6614 × 1031 1.4226 × 1018 4.1042 × 1036 4.0317 × 1031 1.1350 × 1045 2.2284 × 1035 200.0000

Std 4.4470 × 105 9.7352 × 1021 5.3218 × 1038 8.5102 × 1029 1.6561 × 1032 5.2284 × 1018 1.3785 × 1037 1.7889 × 1032 4.5498 × 1045 9.8345 × 1035 1.6703 ×
10−5

Mean Rank 2 4 10 5 7 3 9 6 11 8 1
Std Rank 2 4 10 5 6 3 9 7 11 8 1

f3

Mean 2.3906 × 103 1.3701 × 104 1.4072 × 105 5.2870 × 104 3.3171 × 104 6.1460 × 104 5.2002 × 104 3.8783 × 104 7.0454 × 104 5.9138 × 104 300.0000

Std 1.4589 × 103 6.0204 × 103 3.2286 × 104 7.0757 × 103 9.7230 × 103 2.2377 × 104 9.5496 × 103 8.9406 × 103 1.1988 × 104 1.1011 × 104 2.5261 ×
10−9

Mean Rank 2 3 11 7 4 9 6 5 10 8 1
Std Rank 2 3 11 4 7 10 6 5 9 8 1

f4

Mean 484.0606 504.8582 4.7694 × 103 639.7744 1.9625 × 103 505.6656 1.8572 × 103 709.2180 1.1503 × 104 1.2782 × 103 422.3861
Std 31.3955 23.4622 1.0359 × 103 100.1930 1.2882 × 103 17.9835 791.1137 208.6547 3.6262 × 103 670.3518 25.0149

Mean Rank 2 3 10 5 9 4 8 6 11 7 1
Std Rank 4 2 9 5 10 1 8 6 11 7 3

f5

Mean 659.5706 692.5863 848.4875 727.0491 766.8151 859.8683 839.8560 769.8543 854.3649 737.9295 602.9832
Std 34.5144 28.6782 23.5369 46.3730 24.2780 63.9560 32.9809 55.4532 49.6790 51.9615 28.0230

Mean Rank 2 3 9 4 6 11 8 7 10 5 1
Std Rank 6 4 1 7 2 11 5 10 8 9 3

f6

Mean 632.5852 648.6380 667.1167 656.7096 657.0820 673.7337 671.1188 663.8735 679.5919 638.1620 604.6932
Std 12.8479 6.1240 7.8696 6.7660 9.1110 10.1842 10.9824 8.4310 11.6736 8.2217 3.3445

Mean Rank 2 4 8 5 6 10 9 7 11 3 1
Std Rank 11 2 4 3 7 8 9 6 10 5 1

f7

Mean 1.1101 × 103 874.3820 1.2421 × 103 1.1494 × 103 1.2543 × 103 2.0106 × 103 1.2565 × 103 1.2114 × 103 1.3420 × 103 1.0435 × 103 837.4320
Std 109.8873 40.6420 44.4987 70.0521 68.4244 849.3855 90.3281 76.3329 61.7964 57.8341 33.1528

Mean Rank 4 2 7 5 8 11 9 6 10 3 1
Std Rank 10 2 3 7 6 11 9 8 5 4 1

f8

Mean 938.7922 944.9972 1.1156 × 103 968.8468 983.1943 1.0903 × 103 1.0855 × 103 1.0070 × 103 1.1120 × 103 967.9307 907.3227
Std 39.8314 24.6502 20.9729 33.5239 30.9281 88.5956 24.7137 30.3595 40.5720 27.9125 19.6924

Mean Rank 2 3 11 5 6 9 8 7 10 4 1
Std Rank 9 3 2 8 7 11 4 6 10 5 1
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Table 2. Cont.

f BFO PSO CPO HO POA GOOSE NRBO PO DOA GJO ABFO-EGT

f9

Mean 3.5165 × 103 5.4770 × 103 9.6131 × 103 5.1101 × 103 5.4008 × 103 9.3998 × 103 7.2844 × 103 6.4954 × 103 9.6521 × 103 5.5742 × 103 1.5188 × 103

Std 838.2435 1.3444 × 103 2.0960 × 103 787.1813 652.7018 3.3132 × 103 1.1845 × 103 1.3227 × 103 2.1526 × 103 1.0865 × 103 529.0248
Mean Rank 2 5 10 3 4 9 8 7 11 6 1

Std Rank 4 8 9 3 2 11 6 7 10 5 1

f10

Mean 5.0920 × 103 4.4043 × 103 9.3528 × 103 5.2143 × 103 5.1970 × 103 5.7648 × 103 7.8870 × 103 6.5357 × 103 8.8248 × 103 6.7201 × 103 4.2782 × 103

Std 432.0904 673.0189 343.6051 542.4686 576.1689 474.7211 515.8649 665.9877 887.3771 1.6764 × 103 500.0533
Mean Rank 3 2 11 5 4 6 9 7 10 8 1

Std Rank 2 9 1 6 7 3 5 8 10 11 4

f11

Mean 1.3008 × 103 1.2246 × 103 8.7736 × 103 1.5375 × 103 2.1198 × 103 1.3519 × 103 2.9571 × 103 1.5345 × 103 6.8097 × 103 3.3221 × 103 1.2654 × 103

Std 80.2695 50.1265 3.0702 × 103 128.4198 739.0550 72.3225 909.9598 153.2002 4.9634 × 103 1.2436 × 103 46.4071
Mean Rank 3 1 11 6 7 4 8 5 10 9 2

Std Rank 4 2 10 5 7 3 8 6 11 9 1

f12

Mean 5.7645 × 105 1.3402 × 106 2.5770 × 109 6.4560 × 107 1.7577 × 109 4.6737 × 106 1.6609 × 109 1.7717 × 108 7.9167 × 109 9.3751 × 108 3.0104 × 104

Std 3.9810 × 105 6.3032 × 105 6.6617 × 108 6.6740 × 107 1.9621 × 109 3.1192 × 106 7.4317 × 108 1.2145 × 108 3.8043 × 109 8.1785 × 108 2.7415 × 104

Mean Rank 2 3 10 5 9 4 8 6 11 7 1
Std Rank 2 3 7 5 10 4 8 6 11 9 1

f13

Mean 2.0916 × 104 2.4292 × 105 7.8132 × 108 1.6458 × 105 3.4715 × 107 1.4191 × 105 2.6355 × 108 1.1269 × 106 1.1505 × 109 7.1997 × 107 1.8780 × 104

Std 2.3275 × 104 9.8836 × 105 4.5471 × 108 2.2487 × 105 9.2641 × 107 8.4031 × 104 1.7919 × 108 2.8387 × 106 1.2854 × 109 7.6536 × 107 1.7445 × 104

Mean Rank 2 5 10 4 7 3 9 6 11 8 1
Std Rank 2 5 10 4 8 3 9 6 11 7 1

f14

Mean 7.2433 × 103 3.0872 × 104 2.1042 × 106 1.9735 × 105 1.6944 × 104 2.5610 × 104 1.5435 × 105 3.1805 × 105 1.5724 × 105 6.2288 × 105 1.6543 × 103

Std 4.4326 × 103 3.3862 × 104 1.1209 × 106 3.0997 × 105 1.9489 × 104 2.2243 × 104 3.0806 × 105 2.7551 × 105 3.8463 × 105 6.5815 × 105 78.9715
Mean Rank 2 5 11 8 3 4 6 9 7 10 1

Std Rank 2 5 11 8 3 4 7 6 9 10 1

f15

Mean 1.3256 × 104 1.2878 × 104 5.8844 × 107 3.1705 × 104 4.0052 × 104 4.7769 × 104 1.5753 × 106 7.4005 × 104 4.6017 × 107 5.8705 × 106 3.7635 × 103

Std 1.3882 × 104 1.1076 × 104 2.8278 × 107 2.8674 × 104 2.9542 × 104 4.5614 × 104 3.2625 × 106 6.1462 × 104 1.6782 × 108 1.0622 × 107 5.7222 × 103

Mean Rank 3 2 11 4 5 6 8 7 10 9 1
Std Rank 3 2 10 4 5 6 8 7 11 9 1

f16

Mean 2.2741 × 103 2.3991 × 103 3.0026 × 103 2.4700 × 103 2.3085 × 103 2.9102 × 103 2.6044 × 103 2.4359 × 103 2.8170 × 103 2.3610 × 103 2.1380 × 103

Std 197.5573 255.9444 179.6391 253.1504 166.4464 400.6331 246.9690 214.1876 430.8615 221.0232 210.3347
Mean Rank 2 5 11 7 3 10 8 6 9 4 1

Std Rank 3 9 2 8 1 10 7 5 11 6 4

f17

Mean 1.8572 × 105 6.9637 × 105 1.5327 × 107 6.3033 × 105 2.4797 × 105 3.5500 × 105 1.5971 × 106 2.0438 × 106 1.1887 × 107 2.3043 × 106 8.8585 × 103

Std 1.4795 × 105 6.8074 × 105 9.9862 × 106 4.9629 × 105 2.8528 × 105 1.8992 × 105 1.6491 × 106 2.0721 × 106 3.4831 × 107 2.2054 × 106 7.6892 × 103

Mean Rank 2 6 11 5 3 4 7 8 10 9 1
Std Rank 2 6 10 5 4 3 7 8 11 9 1
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Table 2. Cont.

f BFO PSO CPO HO POA GOOSE NRBO PO DOA GJO ABFO-EGT

f18

Mean 2.2660 × 105 4.4018 × 105 2.6492 × 107 8.0217 × 105 2.1500 × 105 3.8309 × 105 2.3824 × 106 2.1799 × 106 2.3121 × 106 4.6745 × 106 1.1230 × 104

Std 1.7722 × 105 3.1480 × 105 1.3607 × 107 7.5064 × 105 1.9968 × 105 2.8530 × 105 2.0422 × 106 1.7506 × 106 7.3529 × 106 7.9492 × 106 1.0801 × 104

Mean Rank 3 5 11 6 2 4 9 7 8 10 1
Std Rank 2 5 11 6 3 4 8 7 9 10 1

f19

Mean 1.8801 × 104 8.4862 × 103 8.5816 × 107 1.7913 × 106 9.9342 × 105 6.5791 × 105 6.3929 × 106 3.1834 × 106 7.4498 × 107 3.4731 × 107 2.8742 × 103

Std 2.0206 × 104 5.9864 × 103 3.9168 × 107 1.0611 × 106 7.0653 × 105 3.8453 × 105 8.2501 × 106 1.9811 × 106 2.0644 × 108 7.2715 × 107 1.8306 × 103

Mean Rank 3 2 11 6 5 4 8 7 10 9 1
Std Rank 3 2 9 6 5 4 8 7 11 10 1

f20

Mean 2.6432 × 103 2.6851 × 103 3.2427 × 103 2.6094 × 103 2.4979 × 103 3.1115 × 103 2.7203 × 103 2.6712 × 103 2.8627 × 103 2.5559 × 103 2.4827 × 103

Std 190.9154 145.2887 175.4232 103.8650 118.0178 245.4746 209.9605 172.3405 257.1391 194.0339 124.2504
Mean Rank 5 7 11 4 2 10 8 6 9 3 1

Std Rank 7 4 6 1 2 10 9 5 11 8 3

f21

Mean 2.4410 × 103 2.4706 × 103 2.6314 × 103 2.5298 × 103 2.5493 × 103 2.6631 × 103 2.6010 × 103 2.5376 × 103 2.6848 × 103 2.4732 × 103 2.4069 × 103

Std 36.3533 42.6600 21.9942 41.4819 55.6830 66.5792 38.5542 56.4874 70.7146 50.0957 23.2840
Mean Rank 2 3 9 5 7 10 8 6 11 4 1

Std Rank 3 6 1 5 8 10 4 9 11 7 2

f22

Mean 5.1608 × 103 4.6855 × 103 6.5919 × 103 5.6443 × 103 4.6125 × 103 7.9428 × 103 6.0973 × 103 3.8647 × 103 8.1270 × 103 5.8987 × 103 3.4643 × 103

Std 2.2505 × 103 2.2759 × 103 2.1782 × 103 2.2305 × 103 1.3659 × 103 853.5523 2.3814 × 103 1.8778 × 103 1.6056 × 103 3.1039 × 103 1.6449 × 103

Mean Rank 5 4 9 6 3 10 8 2 11 7 1
Std Rank 8 9 6 7 2 1 10 5 3 11 4

f23

Mean 2.9543 × 103 3.1011 × 103 3.1963 × 103 2.9906 × 103 3.0315 × 103 3.4728 × 103 3.0449 × 103 2.9823 × 103 3.3391 × 103 2.8967 × 103 2.7904 × 103

Std 87.0254 137.6229 46.2933 87.7792 96.6220 130.4690 47.9312 80.5470 123.2087 46.9429 44.6342
Mean Rank 3 8 9 5 6 11 7 4 10 2 1

Std Rank 6 11 2 7 8 10 4 5 9 3 1

f24

Mean 3.1162 × 103 3.2092 × 103 3.3648 × 103 3.2115 × 103 3.2016 × 103 3.6701 × 103 3.1982 × 103 3.0942 × 103 3.5865 × 103 3.0840 × 103 2.9895 × 103

Std 77.5141 93.5645 51.9980 150.2453 106.6311 116.5219 58.5146 65.7727 200.7552 56.5214 55.7003
Mean Rank 4 7 9 8 6 11 5 3 10 2 1

Std Rank 6 7 1 10 8 9 4 5 11 3 2

f25

Mean 2.9126 × 103 2.9074 × 103 3.8204 × 103 3.0134 × 103 3.2519 × 103 2.9162 × 103 3.4050 × 103 3.0620 × 103 4.9866 × 103 3.3421 × 103 2.8901 × 103

Std 24.0568 17.3218 181.5571 64.2494 180.4301 19.2884 183.8836 50.2524 735.2303 221.3407 7.4039
Mean Rank 3 2 10 5 7 4 9 6 11 8 1

Std Rank 4 2 8 6 7 3 9 5 11 10 1

f26

Mean 6.3576 × 103 5.7673 × 103 8.5012 × 103 7.3524 × 103 7.3127 × 103 1.0654 × 104 7.8260 × 103 7.3959 × 103 9.6972 × 103 5.9782 × 103 5.2672 × 103

Std 1.3451 × 103 2.1113 × 103 447.7004 1.4922 × 103 1.4014 × 103 2.6486 × 103 1.0917 × 103 1.3032 × 103 1.1404 × 103 580.5816 763.7374
Mean Rank 4 2 9 6 5 11 8 7 10 3 1

Std Rank 7 10 1 9 8 11 4 6 5 2 3
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Table 2. Cont.

f BFO PSO CPO HO POA GOOSE NRBO PO DOA GJO ABFO-EGT

f27

Mean 3.3079 × 103 3.4255 × 103 3.9188 × 103 3.4594 × 103 3.3660 × 103 4.2411 × 103 3.4338 × 103 3.3395 × 103 3.8004 × 103 3.3477 × 103 3.2374 × 103

Std 43.6860 153.3206 157.8229 88.4217 67.4441 316.5171 94.3379 42.1473 391.4884 63.5189 20.3871
Mean Rank 2 6 10 8 5 11 7 3 9 4 1

Std Rank 3 8 9 6 5 10 7 2 11 4 1

f28

Mean 3.3044 × 103 3.4792 × 103 3.8438 × 103 3.4848 × 103 3.3711 × 103 3.9991 × 103 3.4384 × 103 3.3511 × 103 3.7971 × 103 3.3611 × 103 3.2325 × 103

Std 61.3382 212.7759 118.2558 134.5975 73.2407 371.4221 71.3185 73.4295 328.5728 54.6049 20.7922
Mean Rank 2 7 10 8 5 11 6 3 9 4 1

Std Rank 3 9 7 8 5 11 4 6 10 2 1

f29

Mean 4.1709 × 103 4.1523 × 103 5.5395 × 103 5.0308 × 103 4.5016 × 103 4.9847 × 103 5.0847 × 103 4.7109 × 103 5.9243 × 103 4.4446 × 103 3.7940 × 103

Std 345.5527 274.7747 273.4482 348.6004 348.0051 464.3135 578.5096 300.7228 1.3271 × 103 427.2083 198.3823
Mean Rank 3 2 10 8 5 7 9 6 11 4 1

Std Rank 5 3 2 7 6 9 10 4 11 8 1

f30

Mean 1.0335 × 104 5.0650 × 104 1.2215 × 108 1.6822 × 107 1.0794 × 107 1.9441 × 106 6.5598 × 107 3.1879 × 107 1.7204 × 108 3.6496 × 107 7.8100 × 103

Std 4.6640 × 103 4.1415 × 104 4.0166 × 107 1.8675 × 107 9.2741 × 106 9.9312 × 105 4.1621 × 107 2.6838 × 107 1.3612 × 108 3.1937 × 107 2.8815 × 103

Mean Rank 2 3 10 6 5 4 9 7 11 8 1
Std Rank 2 3 9 6 5 4 10 7 11 8 1
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Notably, ABFO-EGT yields a suboptimal result only on the hybrid function F11. This
represents the sole test instance among all benchmarks where EGT failed to achieve top
performance. The reason lies in the structure of F11. It is a separable hybrid function
composed of multiple low-dimensional unimodal sub-functions. Its overall landscape is
relatively smooth and lacks deceptive local optimal structures. On such structurally simple
problems, the overhead of strategy selection and payoff calculation introduced by the
EGT mechanism does not offer a distinct advantage. Consequently, PSO shows a slightly
faster convergence trend due to its simpler velocity update rules. However, regarding
standard deviation, ABFO-EGT still exhibits superior stability on F11. This confirms that
the algorithm’s robustness remains unaffected by problem landscapes.

Overall, ABFO-EGT achieves optimal results on 29 out of 30 benchmark functions.
This demonstrates the strong adaptability of its proposed improvements across diverse
search spaces. Specifically, the adaptive parameter mechanism ensures local exploitation
precision on unimodal functions. The adaptive strategy switching mechanism maintains
the exploration–exploitation balance on multimodal functions. Finally, the symmetrical
mutation strategy enhances global search capabilities on complex functions. These three
mechanisms produce a strong synergistic effect, collectively elevating the overall optimiza-
tion performance of the algorithm.

To further investigate the convergence speed of the ABFO-EGT, typical test functions
were selected from the test suite to plot the iterative descent curves, as shown in Figure 3.

From the perspective of overall convergence trends, the ABFO-EGT algorithm demon-
strates significantly superior convergence speeds and final accuracies compared to the
BFO and the other nine algorithms across the six representative test functions. As illus-
trated in Figure 3a,c,d, ABFO-EGT converges to fitness values far below those of the other
algorithms. It achieves this within a remarkably small number of iterations, exhibiting
overwhelming convergence efficiency. In Figure 3b,e,f, other swarm intelligence algorithms
exhibit obvious stagnation during the iterative process, reflecting their susceptibility to
being trapped in local optima. By contrast, after a short period of stagnation in the later
iteration stage, the convergence curve of ABFO-EGT can decline again. This reveals that
ABFO-EGT has an excellent capability to escape local optima and can effectively search for
global optimal solutions within complex solution spaces. The iterative descent curve of
ABFO-EGT consistently remains below those of all other algorithms. This superior perfor-
mance holds true for both simple unimodal functions and extremely complex composition
functions. Consequently, its final convergence results are significantly better than those of
the other 10 algorithms. This further confirms that the ABFO-EGT algorithm has excellent
adaptability when dealing with different types of optimization problems.

4.2. Comparison of Computational Costs

Furthermore, a comparative analysis of computational costs was conducted to compre-
hensively evaluate the practicality of ABFO-EGT. This analysis compared the algorithms
across two dimensions: running time and memory usage. Each algorithm was subjected
to 20 independent runs to obtain the average values for both running time and memory
consumption. The comparison results are shown in Figure 4.
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Figure 3. Convergence Curves of the ABFO-EGT Algorithm on the Benchmark Test Functions. (a) The
convergence curve of f1; (b) the convergence curve of f5; (c) the convergence curve of f15; (d) the
convergence curve of f20; (e) the convergence curve of f23; (f) the convergence curve of f28.
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Figure 4. Comparison of Computational Costs among the 11 Algorithms. (a) Average Running Time;
(b) Average Memory Usage.

As illustrated in Figure 4, regarding the comparison of running times, CPO demon-
strates the most prominent performance with a running time of only 0.07 s. In contrast,
the PO algorithm exhibits the highest computational overhead at 33.39 s. The running
time of the ABFO-EGT algorithm is 5.19 s, representing an increase of 1.34 s compared
to the BFO algorithm (3.85 s). This increment in running time is primarily attributed to
the integration of the evolutionary game theory (EGT) mechanism. Specifically, the re-
quirement to calculate the strategy evolution process and the payoff matrix during each
iteration theoretically increases the computational burden. Nevertheless, compared to
the HO (7.26 s) and PO (33.69 s) algorithms, ABFO-EGT maintains a competitive level of
computational efficiency, and its running time is at a moderate level. In terms of average
memory usage, the PO algorithm exhibits extremely high memory requirements, with an
occupancy of up to 122.15 MB, which is significantly higher than that of other algorithms.
In contrast, the CPO (0.27 MB) and PSO (0.5 MB) algorithms are extremely lightweight. The
memory usage of ABFO-EGT is 2.97 MB, slightly higher than that of the BFO algorithm
(2.12 MB). This indicates that ABFO-EGT exhibits excellent performance in memory control.
Although additional storage structures are introduced to implement strategic games and
dynamic population updates, its total memory occupancy is still controlled within 5 MB,
which is much lower than that of PO and DOA. This demonstrates that the algorithm
has low dependence on hardware resources and good scalability when solving complex
engineering problems.

4.3. Statistical Analysis and Significance Testing

This study adopts non-parametric test methods to conduct an in-depth analysis of
the experimental results. This approach verifies the effectiveness of ABFO-EGT from a
mathematical statistics perspective. It also objectively evaluates the performance differences
between ABFO-EGT and the other 10 swarm intelligence optimization algorithms. The
analysis process is divided into two stages. First, the Friedman test performs a global
evaluation of the overall algorithm rankings. Subsequently, the Bonferroni–Dunn test is
utilized for post hoc analysis to identify specific significant differences.

4.3.1. Friedman Test for Individual Test Functions

To objectively evaluate the statistical significance of the performance differences be-
tween the proposed ABFO-EGT and the 10 competitor algorithms, the Friedman non-
parametric test was conducted on each of the 30 CEC 2017 benchmark functions. Based
on the mean obtained from 30 independent runs, this test verifies whether a statistically
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significant difference exists in the overall performance of the 11 algorithms on each specific
function. The core statistical results are detailed in Table 3.

Table 3. Friedman test results of 11 swarm intelligence optimization algorithms for individual test
functions within the 30 CEC 2017 benchmark functions.

Function Chi-Square p-Value

f1 192.773 5.1760 × 10−36

f2 186.664 9.6655 × 10−35

f3 175.845 1.7053 × 10−32

f4 188.100 4.8584 × 10−35

f5 166.755 1.3025 × 10−30

f6 164.245 4.3013 × 10−30

f7 161.473 1.6088 × 10−29

f8 171.291 1.4989 × 10−31

f9 158.364 7.0514 × 10−29

f10 156.091 2.0750 × 10−28

f11 184.882 2.2681 × 10−34

f12 188.418 4.1716 × 10−35

f13 170.218 2.5000 × 10−31

f14 146.855 1.6525 × 10−26

f15 149.945 3.8250 × 10−27

f16 138.882 7.1420 × 10−25

f17 101.255 3.0561 × 10−17

f18 132.100 1.7411 × 10−23

f19 162.027 1.2358 × 10−29

f20 100.409 4.5132 × 10−17

f21 163.391 6.4598 × 10−30

f22 80.391 4.2083 × 10−13

f23 162.718 8.8965 × 10−30

f24 153.209 8.1442 × 10−28

f25 188.218 4.5910 × 10−35

f26 135.909 2.8994 × 10−24

f27 158.118 7.9235 × 10−29

f28 181.255 1.2861 × 10−33

f29 140.264 3.7214 × 10−25

f30 179.182 3.4643 × 10−33

Table 3 presents the Friedman test results for the 11 algorithms on individual test
functions. At the significance level of α = 0.05, the p-values of all 30 CEC 2017 benchmark
functions (ranging from 5.1760 × 10−36 to 4.2083 × 10−13) are all well below the threshold.
Therefore, the null hypothesis is strongly rejected for all test cases. Furthermore, the
large Chi-square statistics (ranging from 80.391 to 192.773) indicate that the algorithm
performances significantly deviate from the random state. These results statistically confirm
the existence of significant differences in the optimization capabilities of the 11 algorithms
on each function.

4.3.2. Global Performance Evaluation Based on the Friedman Test

In this section, the mean (Mean) and standard deviation (Std) of the optimal values
obtained by the 11 algorithms across 30 independent tasks (N = 30) were subjected to the
Friedman non-parametric test. The calculated experimental statistics and the resulting
average rankings are presented in Table 4.
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Table 4. Friedman Test Results.

/ / Mean Std

Test Results
N 30 30

Chi-square 214.073 107.655
p-value 1.8578 × 10−40 1.5841 × 10−18

Friedman Test
Value

BFO 2.633 4.167
PSO 3.967 5.267
CPO 9.933 6.300
HO 5.500 5.900

POA 5.500 6.033
GOOSE 7.400 6.700
NRBO 7.900 6.900

PO 5.967 6.233
DOA 10.100 9.700
GJO 6.067 7.167

ABFO-EGT 1.033 1.633

The experimental results show that the Chi-square value of the Friedman test based on
the mean is 214.073, with a corresponding p-value of 1.8578 × 10−40. The Chi-square value
based on the standard deviation is 107.655, with a corresponding p-value of 1.5841 × 10−18.
At the significance level α = 0.05, both p-values are far smaller than the threshold, which
strongly demonstrates that there are extremely significant statistical differences in the
performance distributions of the 11 algorithms. According to the ranking data in Table 4,
ABFO-EGT ranks first in terms of both Mean and Std, with ranking values of 1.033 and
1.633, respectively. This demonstrates that ABFO-EGT not only possesses the best solution
accuracy but also exhibits exceptional robustness.

4.3.3. Post Hoc Significance Analysis Based on Bonferroni–Dunn Test

To further determine whether ABFO-EGT is significantly superior to the other 10 al-
gorithms, this study conducted the Bonferroni–Dunn test using ABFO-EGT as the control
(baseline) algorithm. For the Bonferroni–Dunn test, the criterion for judging a significant
difference between two algorithms is that the difference in their performance rankings
must exceed a critical difference (CD). The calculation results for the critical difference in
the Bonferroni–Dunn test are as follows. CD0.05 and CD0.1 represent the critical differences
at the significance levels of 0.05 and 0.1, respectively.

CD0.05 = 2.21, CD0.1 = 1.99

Based on the above results, the Bonferroni–Dunn test results for the 11 algorithms
are presented in Figure 5. The ranking position of the baseline algorithm (ABFO-EGT) is
represented by the pink horizontal line. Meanwhile, the critical thresholds at 95% and 90%
significance levels are given by the red solid line and black dashed line respectively.

As shown in Figure 5a, the rankings of PSO, CPO, HO, POA, GOOSE, NRBO, PO,
DOA, and GJO are all significantly beyond the threshold at the 95% significance level. This
confirms that the solution accuracy of ABFO-EGT is significantly superior to that of these
nine algorithms. Although BFO has the closest ranking to the control algorithm, the leading
advantage of ABFO-EGT is still very obvious. In Figure 5b, except for the control algorithm,
the rankings of the remaining ten algorithms are all significantly beyond the threshold at
the 95% significance level. This further confirms that ABFO-EGT has more excellent anti-
interference ability than other algorithms when solving complex optimization problems.
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Figure 5. Bar chart of Bonferroni–Dunn test results. (a) Mean; (b) Standard Deviation (The *** indicates
significant differences).

Combining the results of the Friedman test and Bonferroni–Dunn test, the ABFO-EGT
algorithm statistically significantly outperforms the comparison algorithms. ABFO-EGT
achieves an extremely low average ranking value and robust performance under the
strict critical difference test. This fully demonstrates that the introduction of adaptive
mechanisms and game theory strategies conclusively and effectively improves optimiza-
tion performance.

5. Parameter Sensitivity Analysis and Orthogonal Experiments
The performance of intelligent optimization algorithms relies heavily on hyperparam-

eters. Unreasonable parameter settings are likely to induce premature convergence to local
optima or degrade the convergence rate. For the purpose of systematically analyzing the
impact of core parameters on ABFO-EGT and identifying the optimal parameter combina-
tion, this study adopts the Orthogonal Array Design (OAD) method for parameter tuning.
Compared with the traditional single-factor variable method, orthogonal experiments
can obtain comprehensive and reliable statistical conclusions with the minimum number
of experiments. This approach significantly improves the efficiency and scientificity of
parameter tuning.

5.1. Experimental Design
5.1.1. Selection of Factors and Levels

Based on a profound analysis of the ABFO-EGT algorithm mechanism, four key hy-
perparameters are adopted as experimental factors. Specifically, three levels are established
for every single factor. Among them, Level 2 is the initial default value of the algorithm,
serving as the central reference point of the experiment. Level 1 and Level 3 are reasonably
extended to both sides based on the default value to cover the effective value range of the
parameters. The experimental factors and level settings are listed in Table 5.

Table 5. Settings of Experimental Factors and Levels.

Factor Code Parameter Symbol Parameter Description Level 1 Level 2 Level 3

A H Memory Pool Size 5 10 15

B α
Evolutionary Game Theory

Learning Rate 0.05 0.10 0.20

C γ
Power-Law Decay Coefficient of

Spawning Step Size 3 5 7

D SDinitial Initial Spawning Step Size 0.5 1.0 2.0
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5.1.2. Selection of Orthogonal Array and Experimental Scheme

For experiments with 4 factors and 3 levels, there are two standard orthogonal arrays
available: L9(34) and L27(313). The L9 array only requires 9 groups of experiments with a
small computational load, but it cannot examine the interaction effects between parameters.
The L27 array requires 27 groups of experiments. Although the computational load is
increased, it can more comprehensively investigate the potential interaction effects between
parameters, resulting in higher reliability of experimental results. Considering the rigor
requirements of this study, the L27(313) orthogonal array is selected, and the first 4 columns
are used to arrange the experimental factors.

To eliminate the influence of algorithmic randomness on the results, each parameter
combination was executed 30 times independently under identical test conditions. The
arithmetic mean of the final fitness values obtained from the 30 runs was used as the primary
evaluation metric. Meanwhile, the standard deviation served as a supplementary metric.
All experimental tests are carried out in a uniform hardware and software environment, so
that the fairness and comparability of experimental results can be ensured.

5.2. Experimental Results and Analysis
5.2.1. Range Analysis

The most widely adopted intuitive analysis method in orthogonal experiments is range
analysis. The average response value (K) and range value (R) for each factor at various
levels are calculated to judge the primary and secondary influence order on algorithm
performance. It is demonstrated that a higher R value leads to a more prominent effect of
factor level fluctuation on algorithm performance. For the minimization optimization prob-
lem investigated in this study, a smaller K value represents superior algorithm performance
at that specific level. The relevant range analysis results are listed in Table 6.

Table 6. Results of range analysis.

Factor Code Mean Value of
Level 1 (K1)

Mean Value of
Level 2 (K2)

Mean Value of
Level 3 (K3) Range Value (R) Rank

A 3.9158 × 103 2.7467 × 103 2.9055 × 103 1.1691 × 103 1
B 3.2591 × 103 3.2077 × 103 3.1012 × 103 1.5787 × 102 4
C 3.4161 × 103 3.1147 × 103 3.0372 × 103 3.7889 × 102 3
D 3.2383 × 103 3.4715 × 103 2.8582 × 103 6.1327 × 102 2

Ranked by the degree of influence, the impact of the four parameters on algorithm
performance is ordered as follows: memory pool size (A) > initial spawning step size (D) >
power-law decay coefficient of spawning step size (C) > evolutionary game theory learning
rate (B). The influence mechanism of each parameter can be explained combined with the
algorithm mechanism.

(1) Memory Pool Size (A)

Memory pool size displays the largest range value, making it the most critical factor
affecting algorithm performance. The memory pool stores historically successful mutation
factors, serving as the foundation for the symmetrical mutation strategy. A pool that is
too small leads to insufficient historical experience and low diversity in sampled mutation
factors. Consequently, the algorithm struggles to adapt to complex search landscapes.
Conversely, an overly large pool introduces outdated experience from early iterations,
which interferes with current mutation strategy selection. Therefore, an optimal threshold
exists for the memory pool size. In this study, Level 2 (a size of 10) achieves the optimal
performance, striking the best balance between historical richness and timeliness.
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(2) Initial Spawning Step Size (D)

The initial spawning step size ranks second in influence. It determines the search scope
during the early iterations of the algorithm. A larger initial step size enhances early popu-
lation diversity, expands the global search range, and reduces the risk of falling into local
optima. However, an excessively large step size causes overly dispersed early search behav-
ior, thereby reducing convergence speed. Within the experimental range of this study, Level
3 (an initial step size of 2.0) yields the best performance. This indicates that appropriately
increasing the initial step size is more advantageous for solving complex problems.

(3) Power-Law Decay Coefficient of Spawning Step Size (C)

The decay coefficient ranks third in impact. This parameter dictates the contraction rate
of the step size. A larger decay coefficient causes a rapid contraction of the step size, which
improves late-stage local exploitation precision but may lead to insufficient exploration. A
smaller coefficient maintains a large-scale search for a longer duration, offering stronger
exploration capabilities at the expense of exploitation accuracy. Experimental results
indicate that increasing the decay coefficient within the set range improves algorithm
performance. This suggests that the benchmark problems in this study are better suited to
a faster step-size contraction rhythm.

(4) Evolutionary Game Theory Learning Rate (B)

The EGT learning rate exhibits the smallest range value, exerting the weakest influence
on algorithm performance. This result validates the strong robustness of the EGT-based
adaptive strategy switching mechanism. The replicator dynamics equation inherently
possesses self-stabilizing properties. Here, strategy selection probabilities are primarily
driven by actual strategy payoffs, while the learning rate merely controls the step size of
probability updates. Over a wide range of values, the algorithm automatically adjusts
strategy probabilities to reasonable levels via payoff feedback. Consequently, fluctuations
in the learning rate have a minimal impact on overall performance.

5.2.2. Main Effect Analysis

To more intuitively demonstrate the influence trend of the level changes of each
factor on the algorithm performance, the main effect plot of the parameters is presented in
Figure 6.

Figure 6. Main Effect Plot (A–D are factor codes).

It can be observed that the curve of parameter A (memory pool size H) has the largest
span. This indicates that the algorithm’s optimization performance is highly sensitive to
changes in this parameter. Therefore, it serves as the core control parameter affecting the
solution accuracy of the ABFO-EGT. The main effect curve of parameter A drops sharply
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between Level 1 and Level 2, reaches the lowest point at Level 2, and then rises slightly at
Level 3. This indicates that there is an obvious nonlinear optimal threshold for the selection
of parameter A. The dynamic balance between global exploration and local exploitation
will be destroyed by overly small or large values, and Level 2 is regarded as the optimal
level to preserve this balance.

For parameter D (initial spawning step size SDinitial), its main effect curve follows a
trend of initial growth followed by subsequent decline, with the optimal fitness performance
attained at Level 3. This suggests that a higher initial value can effectively enhance the
population diversity in the algorithm’s early initialization stage. Consequently, it mitigates
the likelihood of premature stagnation in local optima within intricate multi-dimensional
solution spaces.

The main effect curves of parameter C (power-law decay coefficient of spawning step
size γ) and parameter B (evolutionary game theory learning rate α) both show a trend of
monotonically decreasing fitness with the increase in level. In particular, for parameter
C, the fitness value is further improved when it is increased to Level 3. This means that
within the set experimental range, assigning higher values to these two parameters is more
conducive to improving the convergence accuracy of the algorithm.

Based on the above analysis, each parameter functions independently at different
levels. The optimal parameter configuration that maximizes the algorithm performance can
be determined by selecting the lowest average fitness point corresponding to each factor
in the main effect plots. Therefore, the optimal parameter configuration for maximizing
algorithm performance can be explicitly determined. It is identified by selecting the lowest
average fitness point corresponding to each factor in the main effect plots. The optimal
parameter combination is determined as: H = 10, α = 0.2, γ = 7, and SDinitial = 2.

6. Case Study
The natural gas pipeline network is located in Heilongjiang Province, China, with pure

natural gas as the transmission medium. The landforms are dominated by mountains, hills
and plains, resulting in obvious undulations in the pipeline network layout. The natural
gas pipeline network in this area was completed and put into operation in June 2003, and
some pipelines pass through urban roads. The pipeline network needs to supply gas to
residential users, enterprises and public institutions within the coverage area. The 3PE
anti-corrosion coating is adopted for the key protection areas of the pipelines. The pipeline
network data are presented in Table 7.

Table 7. Pipeline Network Data.

Name Value Remarks

Pipe Diameter DN60–DN200 The pipe diameter at the accident
point is DN150

Pipe Material X52 Spiral Steel Pipe -
Total Length of Pipeline Network 20 km -

Design Pressure 2.5 MPa -

Operating Pressure 0.01–1.2 MPa
The operating pressure of the

pipeline at the accident point is 1.0
MPa

Average Daily Gas Transmission Volume 600,000 m3 -

A gas pipeline leakage accident occurred in the existing urban sub-high-pressure gas
pipeline, and the detailed leakage parameters are presented in Table 8.
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Table 8. Leakage Parameter Table.

Name Value

Adiabatic Index of Natural Gas 1.29
Atmospheric Ambient Pressure 101,325 Pa

Leakage Source Pressure 1 MPa
Critical Pressure Ratio 0.547541

Pipe Diameter 150 mm
Leakage Hole Diameter 20 mm

Leakage Duration 3600 s

After calculation, the total leakage mass is 687.8592 kg after the leakage accident
lasts for 1 h. Aiming at the two most likely chain accidents after leakage, namely jet fire
and vapor cloud explosion (VCE), the accident consequence assessment and accident risk
assessment are completed, and the core results are presented in Table 9.

According to the results of accident consequence and risk assessment, the accident
risk level is categorized as “Medium Risk”. The cross-regional emergency repair cost is
empirically calibrated based on the historical emergency response data of gas companies,
which quantitatively reflects the additional time delays, communication costs and logistics
expenses incurred by cross-departmental coordination compared to intra-jurisdictional
dispatch. The locations of the emergency repair team and the accident point have been
marked in Figure 7. The parameters of the emergency repair path optimization model are
presented in Tables 10 and 11.

Table 9. Results of Accident Consequence and Risk Assessment.

Accident
Consequence Core Parameter Value Accident

Consequence Level Accident Risk Level

Jet Fire

Maximum Hazard
Radius 0.48 m

1 (Minor accident) Low RiskFatality Area 0.72 m2

Number of Fatalities 0.00006029
Economic Loss 2.028 million CNY

Vapor Cloud
Explosion

Maximum Hazard
Radius 106.4 m

2 (Major accident) Medium RiskFatality Area 35,547.8144 m2

Number of Fatalities 2.9621
Economic Loss 13.457 million CNY

Table 10. Parameter Settings for Emergency Repair Path Optimization.

Parameter Name Value Remarks

m 4 Number of teams (B1, B2, B3, B4)
n 1 Number of accident points (A1)

σ11, σ21 1 Accident point A1 is within the
jurisdiction of teams B1 and B2

σ31, σ41 0 Accident point A1 is not within the
jurisdiction of teams B3 and B4

C31, C41 2.5 Cross-regional emergency repair cost of
teams B3 and B4 for accident point A1

g(x1) Medium Risk Risk level assessment of accident A1
ϕ1 1 Importance level of accident point A1
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Figure 7. Emergency Repair Paths of the Three Methods with the Lowest Total Cost.

Table 11. Road Data of Emergency Repair Teams.

Repair Team Road Number Road Length (m) Total Road Weight

B1

1 2308.78 1.8
2 2198.57 1.8
3 2255.34 1.8
4 2033.82 1.67
5 2261.35 1.73
6 2167.62 1.8
7 2262.47 1.8

B2

1 1645.87 2
2 1865.06 2
3 1349.64 2
4 1714.11 2
5 2456.39 2.1

B3

1 1001.99 1.8
2 1499.04 1.85
3 1768.10 1.85
4 1102.40 1.8
5 1384.26 1.8

B4

1 1567.83 2
2 1590.09 2
3 2214.93 2
4 1624.83 2

This study conducts a comparative analysis to verify the superiority of the proposed
method in emergency repair path optimization. The repair scheduling paths generated
by ABFO-EGT are compared against four other approaches. These include a manual
decision-making strategy, the Ant Colony Optimization (ACO) algorithm, Particle Swarm
Optimization (PSO), and the Gray Wolf Optimizer (GWO). The parameters of the ABFO-
EGT are set to Level 2 in Section 5.1.1. The visualization results of the emergency repair
paths generated by the three methods with the lowest total cost are presented in Figure 7.
The statistical results of total emergency path repair cost for different methods are shown
in Table 12.
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Table 12. Total Emergency Repair Path Cost Results of the Five Methods.

Method Name Selected Emergency
Repair Team

Road
Number

Road Length
(m)

Total Road
Weight Total Cost (F)

Manual
Decision-Making B2 3 1349.64 2 2699.29

Ant Colony
Optimization (ACO) B3 4 1102.40 1.8 1984.32

Particle Swarm
Optimization (PSO) B3 4 1102.40 1.8 1984.32

Gray Wolf Optimizer
(GWO) B3 5 1384.26 1.8 2491.67

ABFO-EGT B3 1 1001.99 1.8 1803.58

Results indicate that the manual decision-making strategy relies solely on the shortest
distance principle. It allocates the repair task of accident point A1 to team B2 strictly within
its jurisdiction. Consequently, this strategy results in the highest total path cost. The ACO
algorithm breaks through the administrative jurisdiction limitation of manual scheduling.
It allocates the repair task of A1 to team B3 outside its jurisdiction. As a result, its total path
cost is significantly lower than that of the manual decision-making scheme. PSO algorithm
selects the same scheme as the ACO algorithm. GWO algorithm achieves a lower total path
cost than the manual decision-making scheme. However, its total path cost is significantly
higher than that of ACO and PSO algorithms. Notably, the ABFO-EGT also allocates the
repair task of A1 to team B3 outside its jurisdiction. However, it achieves a further reduction
in the total path cost. Overall, its comprehensive performance remains superior to that
of other methods. Quantitative results demonstrate a significant reduction in the total
emergency repair path cost for the ABFO-EGT algorithm. Specifically, the cost is reduced
by 33.2% compared to the manual decision-making strategy, and by 27.6% compared to
the GWO algorithm. Furthermore, it achieves a 9.1% reduction compared to both the ACO
and PSO algorithms. These results prove that the proposed algorithm can successfully
overcome the inherent limitations of traditional scheduling methods. Ultimately, it achieves
a more economical and efficient emergency repair path scheduling.

7. Conclusions
To address the emergency repair scenario of urban natural gas pipeline networks,

this paper constructs a cross-regional emergency repair path planning optimization model
considering dynamic path conditions. An Adaptive Bitterling Fish Optimization algorithm
with Evolutionary Game Theory (ABFO-EGT) is proposed. Compared with other swarm
intelligence algorithms, this algorithm fundamentally balances the global exploration and
local exploitation capabilities. ABFO-EGT exhibits excellent convergence accuracy and
robustness in the CEC 2017 benchmark function tests. It achieves the optimal mean results
on 29 test functions and the optimal standard deviation results on 21 test functions. ABFO-
EGT maintains a significant lead in both the Friedman test and Bonferroni–Dunn test,
demonstrating its superior global optimization performance. In the engineering case study,
the emergency repair path obtained by ABFO-EGT demonstrates a significantly lower
comprehensive cost compared to other methods. Quantitative results show that the total
cost is reduced by 33.2% compared to the manual decision-making strategy. Furthermore,
it achieves a cost reduction of 27.6% against the Gray Wolf Optimizer (GWO), and a
9.1% reduction against both the Ant Colony Optimization (ACO) and Particle Swarm
Optimization (PSO) algorithms. Overall, the model and algorithm proposed in this paper
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exhibit excellent engineering practicability. They provide efficient and accurate decision
support for the emergency repair scheduling of energy infrastructures.

8. Discussion
The optimization model and ABFO-EGT algorithm proposed in this paper exhibit

satisfactory solution accuracy, stability, and engineering applicability. This is demonstrated
in both the CEC 2017 benchmark function tests and the case study. However, the famous
No Free Lunch (NFL) theorem states a key principle: no single optimization method is
universally ideal for all problems. Therefore, evaluating a novel method requires a critical
analysis of its strengths and weaknesses. This analysis must incorporate both experimental
and theoretical perspectives.

(1) Strengths

Experimentally, the proposed method effectively solves the emergency repair path
optimization problem. This model takes into account jurisdiction ownership, cross-regional
dispatch costs, path weights, and accident risk levels. Theoretically, this success stems
from a deep integration. It combines evolutionary game theory (EGT) and symmetric
mutation strategies. Standard swarm intelligence algorithms often suffer from premature
convergence. This is primarily due to their greedy selection mechanisms. In contrast, EGT
provides a rigorous mathematical framework. It simulates rational decision-making in
multi-agent systems. This ensures a dynamic balance between global exploration and
local exploitation. This theoretical mechanism effectively maintains population diversity.
Furthermore, it mathematically enhances the capability to escape local optima.

(2) Weaknesses

Despite these advantages, this study still has certain limitations in practical applica-
tion scenarios.

1⃝ Algorithmic Weaknesses
The introduction of the evolutionary game payoff matrix is computationally demand-

ing. It inevitably increases the asymptotic time complexity per iteration. This may affect the
real-time responsiveness of the algorithm. This issue is particularly prominent when scaled
to ultra-large networks. Second, the algorithm exhibits inherent parameter sensitivity.
This study determined optimal parameter levels through rigorous orthogonal experiments
and main effects plot analysis. However, these strictly tuned static parameters may limit
the algorithm. Its adaptability could be restricted when transferred to entirely different
objective spaces.

2⃝ Modeling Weaknesses
The current model has not yet incorporated dynamic factors such as road closure,

traffic disturbance, temporary control and concurrent multiple accidents. Therefore, its
adaptability in complex real-time environments still has room for improvement. The
current objective function does not consider factors such as response time and task load
balancing during the team scheduling process.

In summary, subsequent research can be further expanded in the following three aspects.

(1) Future research can utilize data-driven, lightweight surrogate models. These models
can approximate some highly complex exact calculations. Precise game evaluations
will be reserved only for elite individuals. This approach will significantly compress
the computing time per iteration.

(2) Dynamic road networks and concurrent accident mechanisms will be introduced into
the model. Real-time traffic information, road condition changes, and multi-accident
scenarios will be integrated. This will create an optimization model that closely aligns
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with actual emergency response processes. Consequently, the algorithm’s decision-
making capabilities in complex emergency scenarios will be enhanced.

(3) The model will be further extended from a multi-objective cooperative optimization
perspective. It will build upon the comprehensive repair cost. Key factors like team
response timeliness, task distribution balance, and accident handling priorities will
be jointly considered. This will facilitate the construction of a robust multi-objective
decision-making framework. This framework will more accurately meet the diverse
requirements of practical emergency dispatching.
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