
Academic Editor: Zhixun Su

Received: 10 May 2025

Revised: 17 June 2025

Accepted: 19 June 2025

Published: 24 June 2025

Citation: Tang, R.; Qi, L.; Ye, S.; Li, C.;

Ni, T.; Guo, J.; Liu, H.; Li, Y.; Zuo, D.;

Shi, J.; et al. Three-Dimensional Path

Planning for AUVs Based on Interval

Multi-Objective Secretary Bird

Optimization Algorithm. Symmetry

2025, 17, 993. https://doi.org/

10.3390/sym17070993

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Article

Three-Dimensional Path Planning for AUVs Based on Interval
Multi-Objective Secretary Bird Optimization Algorithm
Runkang Tang 1 , Liang Qi 1,* , Shuxia Ye 1 , Changjiang Li 1, Tian Ni 2 , Jia Guo 2, Huan Liu 2, Yushan Li 2,
Danfeng Zuo 1, Jiayu Shi 1 and Jiajun Gong 1

1 College of Automation, Jiangsu University of Science and Technology, Zhenjiang 212100, China;
231210301227@stu.just.edu.cn (D.Z.); 231110302116@stu.just.edu.cn (J.S.); 231210301105@stu.just.edu.cn (J.G.)

2 China Ship Scientific Research Centre, Wuxi 214000, China; nitian@cssrc.com.cn (T.N.);
15861661822@163.com (Y.L.)

* Correspondence: alfred_02030210@just.edu.cn

Abstract

Path planning is crucial for autonomous underwater vehicles (AUVs) and plays a vital role
in ocean engineering. To improve the search efficiency and accuracy, this study proposed a
three-dimensional path-planning method for AUVs based on the interval multi-objective
secretary bird optimization algorithm (IMOSBOA). This method addressed path-planning
challenges under imprecise current predictions and uncertain hazard source locations.
First, the marine environment was modeled in three dimensions using the interval theory.
Second, the danger levels and navigation times were set as the optimization objectives
to construct a three-dimensional path-planning mathematical model. Finally, IMOSBOA
was proposed and applied to solve the optimization problem. To verify the optimization
performance of the new algorithm, its planning results were compared with those of the
other algorithms. The simulation results demonstrated that the robustness and search
capability of the proposed algorithm surpass those of comparative algorithms.

Keywords: autonomous underwater vehicle; interval multi-objective optimization; path
planning; secretary bird optimization algorithm; uncertainty

1. Introduction
1.1. Backgrounds

With advancements in science and technology, autonomous underwater vehicles
(AUVs) are playing an increasingly vital role in ocean exploration. As a new type of un-
derwater vehicle, AUVs are characterized by their high autonomy, excellent concealment,
environmental adaptability, and ease of deployment. Therefore, AUVs have been utilized
for certain tasks such as underwater detection [1], data collection of coastal ecosystems [2],
and target striking [3]. During autonomous navigation and operations, the primary chal-
lenge is to employ suitable path-planning methods to ensure that AUVs find a safe and
reliable route from the starting point to the end point. Achieving effective path planning
for AUVs in marine environments is crucial for enhancing their autonomy [4].

1.2. Related Works

Numerous scholars have proposed various types of path-planning algorithms, such
as graph search-based, swarm intelligence, and deep learning-based algorithms. The
algorithms based on graph search include the A* algorithm [5] and Dijkstra’s algo-
rithm [6]. However, different from the traditional path planning typically considered
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in two-dimensional environments [7], AUVs require three-dimensional path planning
because they need to dive and ascend. However, as the map size and state-space dimen-
sionality increase, the memory requirements and planning time for grid-based algorithms
grow exponentially in the three-dimensional space, significantly complicating the planning
process. In addition, AUV positioning accuracy and navigation systems in 3D underwater
environments also face challenges. Deep learning-based algorithms [8,9] require long
training times, cannot effectively adapt to new environments without sufficient training
samples, and have weak generalization abilities. The heuristic-based swarm intelligence
algorithms are currently an effective class of global path-planning methods that optimize
the quantified planning objective function. Commonly used algorithms include ant colony
algorithms [10], particle swarm algorithms [11], artificial bee colony algorithms [12], and
hybrid algorithms [13,14]. Huang et al. proposed an improved multi-objective manta ray
foraging optimization algorithm (IMMRFO) for the three-dimensional path planning of
AUVs. Through innovative methods such as chaotic mapping initialization, adaptive tum-
bling factors, and Cauchy opposition-based learning, the algorithm significantly enhanced
the accuracy and efficiency of path planning [15]. Zhan et al. proposed an improved
standard particle swarm optimization 2011 algorithm (SPSO-2011) that incorporates a
threshold-based mutation operator and nonlinear adaptive parameter strategy to optimize
3D path planning for AUVs [16]. Li et al. introduced a compression factor into the particle
swarm optimization algorithm for the three-dimensional path planning of AUV in the ocean
current environment. Compared with traditional methods, it shows superior performance
in terms of path quality and computational efficiency [17]. Recently, many new types of
intelligent swarm algorithms, such as the bobcat optimization algorithm (BOA) [18] and
the secretary bird optimization algorithm (SBOA) [19], have provided new solutions for
path planning in complex marine environments. SBOA, as an innovative intelligent swarm
algorithm, excels in solution quality, convergence speed, and stability, and its complexity
will not increase significantly due to the three-dimensional underwater environment. By
incorporating both exploration and exploitation strategies, it effectively avoids local optima
and enhances the global search capability. Abdel-Basset et al. designed a path-planning
method combining an improved spider wasp optimization algorithm (SISWO) based on
spherical coordinates with the secretary bird optimization algorithm (SSBOA), which can
find the optimal path while avoiding obstacles [20].

Recently, AUV path-planning research has focused on leveraging the kinetic energy
of ocean currents while avoiding the submerged hazards to plan paths with the minimal
energy consumption and the shortest travel time. The swarm intelligence algorithms can
effectively integrate complex factors such as ocean current dynamics and obstacle distribu-
tion into the objective function, thereby aiding in solving these challenges. However, many
ocean factors such as the uncertainty of currents—which refers to the ocean flows caused
by natural factors such as wind speed, temperature differences, and tides and is charac-
terized by uncertainty and dynamism—and the location and size of hazardous sources,
such as potential underwater rocks, floating debris, or large marine animals cannot be pre-
cisely determined. These uncertainties significantly affect AUV navigation. Unlike surface
measurements, the lack of navigation and positioning accuracy of AUVs in underwater
environments also increases the uncertainty of ocean current and hazard measurements.
Many algorithms do not consider these factors, which can result in poorly planned paths in
actual operations. Therefore, planning safe, fast, energy-efficient, and feasible paths under
uncertain currents and hazard sources can be a critical problem requiring urgent resolution.
Yan et al. proposed a global path-planning method that combines the A* algorithm with
imprecise navigation information, addressing the impacts of uncertainties in navigation
information and sea currents [21]. Li et al. proposed an interval optimization algorithm
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considering the obstacle uncertainty to address the challenges posed by uncertain obsta-
cles [22]. Yao et al. introduced the application of the interval theory to represent the current
direction and the imprecise range of current size for imprecise current information [23]. Al-
though current research on AUV path planning has made progress in ocean current energy
utilization and hazard avoidance, there are still significant limitations in the collaborative
optimization of multi-source uncertainties, and there is a lack of a coupled framework
for the simultaneous modeling of ocean current dynamics and spatial uncertainties of
hazard sources. The existing approaches predominantly rely on two-dimensional plane
assumptions, which inadequately address uncertainty propagation and path smoothing
constraints in the vertical dimension. Additionally, many current methods simplistically
model uncertain factors as Gaussian-distributed noise, an oversimplification that often
deviates from real-world conditions. To address these limitations and efficiently obtain
global optimal solutions for AUV path planning under multiple simultaneous uncertain-
ties, this paper proposes an interval multi-objective secretary bird optimization algorithm
(IMOSBOA), building upon prior research foundations.

1.3. Contributions

The primary objectives of this study are twofold: first, to address the uncertainty
issues in AUV path planning caused by uncertain ocean currents and hazardous sources in
complex marine environments; and second, to search for stable, safe, and efficient three-
dimensional paths. To quickly find a solution that is near-optimal to the AUV path-planning
problem, considering the influence of uncertain currents and hazard sources, this study
proposed an interval multi-objective secretary bird optimization algorithm. First, a three-
dimensional submarine current and hazard source environment model was established by
applying the interval theory. Based on this model, a mathematical model for AUV path
planning was developed to consider uncertain currents and hazard sources. The proposed
method was subsequently compared with several algorithms to verify its superiority. The
simulation results demonstrated that the algorithm effectively accomplished the path-
planning task under multiple uncertainty constraints.

This approach is novel in several ways:

1. The interval possibility model in interval theory is applied to the modeling of three-
dimensional submarine currents and hazardous environments, capturing the uncer-
tainty of these factors. A multi-objective optimization mathematical model for the
path planning of underwater vehicles considering uncertain currents and dangerous
sources is established.

2. An interval multi-objective optimization framework is designed, which integrates
interval non-dominated sorting, an individual update mechanism of secretary bird
optimization algorithm, and an individual variation mechanism, aiming to improve
the optimization performance and find a balance between the safety, speed, energy
efficiency, and feasibility of the path.

The remainder of this paper is organized as follows. Section 2 presents a three-
dimensional underwater hazard source and the current environment model. In Section 3,
the mathematical model and objective function for the AUV path planning are introduced.
Section 4 describes the multi-objective secretary bird algorithm used in this study. The
simulations and analyses are provided in Section 5. Finally, Section 6 summarizes the
findings of this study.

2. Environmental Modeling
This study aimed to plan the optimal path for an AUV from the start to the end

point, ensuring safety in an environment with uncertain currents and multiple potential
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hazards. First, a marine environment model is established in Sections 2.1 and 2.2. In
Sections 2.3 and 2.4, the motion characteristics of AUV are analyzed, and the AUV motion
model and path representation model are established, which lays a foundation for the
following optimization problems.

In this process, it was essential to consider the effects of topography and ocean currents
within the area of interest. Several hypotheses were introduced to describe the AUV path-
planning problem.

• The AUV obtained topographic and current information about the mission area.
• The AUV was operated at a constant speed.
• The AUV was modeled as a prime model [24], focusing only on the position informa-

tion in a three-dimensional space during path planning.

2.1. Three-Dimensional Marine Environment Model

Environmental modeling is essential for path planning. This study employed the
raster method to construct an environment model, creating the raster maps from terrain
and obstacle data in the planning area. The planning space was divided uniformly into the
feasible and infeasible raster units, representing the terrain and obstacle coordinates in the
three-dimensional space. The path planning focuses on optimizing the connections between
the edge points of feasible raster units [25]. Figure 1 illustrates the three-dimensional raster
map model.

Figure 1. Three-dimensional raster map model.

2.2. Representation of Three-Dimensional Ocean Current

These currents are widespread seawater flows in the ocean. To realistically represent
the actual ocean environment, this study utilized the South China Sea ocean reanalysis
product dataset [26] from the National Earth System Science Data Center, which included
the real islands and conventional ocean physical variables over a specified period. Each
layer of the current data consisted of two matrices: one storing the x-direction component
and the other storing the y-direction component. The current environment, analyzed using
MATLAB, is shown in Figure 2. The diagram on the left illustrates multi-level currents,
whereas the right diagram shows one specific layer.
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Figure 2. Visualization of ocean current data, showing (a) multi-level current patterns and (b) a
specific layer’s current vectors.

However, owing to equipment limitations and the complexity of the ocean environ-
ment, the accuracy of the current data observations was limited. Consequently, only one
vector could approximate the current conditions within a specific range. Therefore, when
assessing the influence of currents on AUVs, it could be essential to calculate the current ve-
locity and direction as intervals. The vertical currents exerting the minimal influence were
ignored. Let the current vector be c, the velocity magnitude in the horizontal direction be
cv, the direction angle be cd, and ϕ and θ be the uncertainty levels of the current magnitude
and direction angle. Subsequently, the upper- and lower-bound expressions of the current
intervals are as follows: 

cL
ν = cν − ϕ

cR
ν = cν + ϕ

cL
d = cd − θ

cR
d = cd + θ

(1)

The intervals of velocity magnitude and direction of the currents are [cL
ν , cR

ν ] and
[cL

d , cR
d ], respectively.

2.3. Kinematic Modeling of the AUV

The kinematic model of an AUV included the translation and rotations [27]. We
adopted both the equations of motion, and the equation can be represented as

η = (x, y, z, σ, θ, φ) (2)

τ = (u, v, w, p, q, r) (3)

where x, y, z are the positions of the AUV relative to north, east, down, or up, respectively;
σ, θ, φ are the roll, pitch, and yaw, respectively; u, v, w are the reference velocity component
in the direction of water fluctuation, sway, and heave, respectively; and p, q, r are the roll
fetch, pitch fetch, and traverse rate, respectively. The linear velocity of the AUV significantly
affected the sailing time, whereas the changes in the angular velocity indicated the energy
consumed during steering, providing guidance for subsequent planning.
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The velocity of the AUV relative to the geodetic coordinate system was the vector sum
of the AUV’s propulsive velocity and ocean current velocity, expressed by the following
equation [17]:

→
v g,i =

→
v AUV +

→
c (4)

where
→
v g,i,

→
v AUV ,

→
c are the velocity of AUV to the ground, AUV propulsion velocity, and

ocean current velocity, respectively.
The schematic of velocity synthesis is shown in Figure 3.

Figure 3. Schematic diagram of AUV velocity synthesis.

2.4. Path-Smoothing Processing

In the raster maps, constructing the underwater three-dimensional paths involved
the application of B-spline curves. These curves required few control points to locally
define the complex curvatures. The changes in the individual nodes did not significantly
affect the overall curve, effectively fulfilling the path-planning requirements. The complete
expression of B-spline curves was highly smooth within finite orders. However, it was
inherently segmented, thereby overcoming the oscillation issue of Bezier curves. The
expression for the B-spline curve is as follows [17]:

P(u) =
n

∑
i=0

PiBi,k(u), u ∈ [uk−1, un+1] (5)

where Pi is the individual control vertex, and Bi,k(u) is called the kth order B-Spline
basis function.

For path-smoothing in this research, we utilize cubic splines of order four. The control
points comprise four intermediate points uniformly spaced between the start and end
points, supplemented by the start and end points. Triple repetition of both the initial
and terminal points guarantees exact interpolation at these locations, yielding a total of
10 control points.

Various types of B-spline curves existed depending on the node distribution. Due to the
numerous benefits of the quasi-uniform B-spline curves and to expedite the computation,
those curves were utilized for constructing three-dimensional paths [28], as depicted
in Figure 4 Paths were defined by a sequence of control points on the B-spline curves,
including the starting and ending points. Following the generation rules of the B-spline
curves, the actual path points x1, x2, . . . , xn can be computed using the equation, where x1
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and xn denote the starting and ending points of the path, respectively. The path Γ could be
obtained by connecting them with a straight line. The expression is as follows:

Γ = {x1x2, x2x3, . . . , xn−1xn} (6)

Figure 4. Quasi-uniform cubic B-spline curve.

3. AUV Path-Planning Objective Function
In submarine environments, AUV navigation involves numerous constraints to ensure

the feasibility of the planned path. This study considered the following constraints:

• Seafloor terrain limitations: When navigating through current environments, under-
water vehicles should maintain a height above the seafloor terrain to prevent collisions
and avoid hazards.

• The voyage minimizes time and energy consumption, and safe arrival at the destina-
tion is ensured.

According to the constraint analysis, underwater vehicle path planning presents
a typical multi-objective constrained nonlinear optimization problem. The navigable
path considered the navigation time cost of the underwater vehicle, uncertain obstacle
constraints, ocean-current constraints, and path smoothness. The ocean currents primarily
affected the velocity of the AUV relative to the geodetic coordinate system, combined with
the propulsive velocity of the AUV. When incorporating the ocean-current constraints, they
were converted into the navigation time-constraint costs. According to the kinematic model,
the smoothness of the AUV path was related to its pitch and yaw angles. The smoother
paths required less energy to adjust these angles.

Therefore, in this study, we employ the interval analysis method, taking the navigation
time interval, danger degree interval, and path smoothness as the objective functions. The
safety and timeliness were prioritized as the primary objectives in path planning, with path
smoothness as a secondary objective. The optimization initially focused on these primary
objectives, followed by the secondary screening of candidate paths. Sections 3.1–3.3 con-
structs three objective functions, namely, the voyage time interval, danger degree interval,
and path smoothness.

3.1. Navigation Time Cost Interval

The time taken by the AUV to navigate along the route is the sum of the time taken at
each path xixi+1.

T =
n

∑
i=1

|xixi+1|∣∣∣→v g,i

∣∣∣ (7)

where xixi+1 is the i-th segment of the path, and
→
ν g,i is the velocity of the AUV with respect

to the geodetic coordinate system.
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Since the current vector was represented as an interval and the time taken by an
AUV navigating within this interval current was uncertain, this study employed the
mathematical analytical method to compute the interval of AUV navigation time within
the interval current as

[
TL, TR].

3.2. Uncertain Obstacle Constraint Cost Interval

When addressing the uncertain hazard sources, path planning should consider the
distances between the path and these hazards. Interval numbers were applied to denote
the uncertainty ranges of the sources. Figure 5 illustrates the maximum and minimum
distances between the path and hazard sources in scenarios where the path intersected or
did not intersect the uncertain range. The left side of the figure depicts the uncertainty range
where the path avoided direct contact with hazard sources, and the right side presents the
active area where the path intersected with hazard sources.

 
Figure 5. Relationship between paths and uncertain hazard sources.

Let the activity range of the uncertain hazard source Di be inside the ball Ωi. If the
center of the ball is Oi and the radius is ri, then the shortest distance from point pi on the
path to the possible location of the source is

dL =

{
d(pi, Oi)− ri, pi /∈ Ωi

0, pi ∈ Ωi
(8)

The longest possible distance in both cases is

dR = d(pi, Oi) + ri (9)

The distance of the path from the hazard source can be obtained as an interval number
[dL,dR].

When hazard avoidance was considered, a greater distance from the source was
preferable. However, circumventing hazards may involve longer routes or navigation
against the current. Therefore, in the calculations, the source was assigned an absolute
danger distance lmin and a safety distance lmax. A path was considered hazardous if its
distance from the hazard source was less than the absolute danger distance. If the distance
exceeded lmax, the hazard source posed no threat to the path. Within these thresholds, the
danger level decreased as the distance increased. The danger level of point p on a path
relative to the i-th source Di could be calculated as follows [29]:

Hi =


0 d(p, Di) > lmax
lmax−d(p,Di)

lmax−lmin
lmax > d(p, Di) > lmin

1 d(p, Di) < lmin

(10)
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where d(p, Di) is the distance between the path point and the hazard source. From the
above equation, the distance between the path point and the hazard source is an interval
number [dL,dR], and the danger level H of a candidate path is the danger level of the point
with the largest danger level on the path. Therefore, the danger level of the final calculated
path is also an interval number [HL,HR].

3.3. Path Smoothness

The greater the smoothness of the AUV, the fewer the path corners, which could
enhance the maneuverability and reduce the energy consumption during steering. The
horizontal and vertical smoothness functions, P1 and P2, are defined as follows [30]:

P1 =
d

∑
i=1

∣∣∣∣atan2
(

yi+1 − yi
xi+1 − xi

)
− atan2

(
yi − yi−1

xi − xi−1

)∣∣∣∣ (11)

P2 =
d

∑
i=1

∣∣∣∣atan2
(

yi+1 − yi
zi+1 − zi

)
− atan2

(
yi − yi−1

zi − zi−1

)∣∣∣∣ (12)

atan2
( y

x

)
=



arctan
( y

x
)

x > 0

arctan
( y

x
)
+ π y ≥ 0, x < 0

arctan
( y

x
)
− π y < 0, x < 0

+π
2 y > 0, x = 0

−π
2 y < 0, x = 0

undefined y = 0, x = 0

(13)

where d is the total number of path points. xi, yi, and zi are the three-dimensional coordinate
values of the i-th path point; xi+1, yi+1, and zi+1 are the three-dimensional coordinate values
of the (i + 1)-th path point; and xi−1, yi−1, and zi−1 are the three-dimensional coordinate
values of the (i − 1)-th path point, respectively. atan2 is the magnitude tangent function.
Since P1 and P2 are independent of each other, the total smoothness can be weighted by P1
and P2.

4. AUV Path-Planning Based on IMOSBOA
The path-planning problem with multiple constraints is fundamentally a multi-

objective optimization problem. Some scholars have linearly weighed these constraints to
convert them into a single-objective optimization problem, where the selection of weights
directly affects the planning results. This study employed non-dominated dominance
ordering to depict the relationships between each objective function.

4.1. Dominance Relationship Based on the Interval Possibility Degree Model

Predominance occurred when an individual’s fitness surpassed that of another across
all the objectives. Let Γ1 and Γ2 represent the time intervals affected by uncertain currents,
with durations T I

1 = [TL
1 , TR

1 ] and T I
2 = [TL

2 , TR
2 ], respectively, and radii of TW

1 and TW
2 ,

respectively. Equation (14) can be derived from the interval possibility degree model
described in Reference [31]. P(T I

1 ≤ T I
2 ) denotes the possibility degree that interval T I

1
exceeds the interval T I

2 ; specific comparisons of sailing time intervals proceed accordingly:

P(T I
1 ≤ T I

2 ) =
TR

2 − TL
1

2TW
1 + 2TW

2
(14)
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Similarly, the hazard levels for routes Γ1 and Γ2 are H I
1 = [HL

1 , HR
1 ] and H I

2 = [HL
2 , HR

2 ],
respectively. According to the interval possibility formula, the likelihood that the interval
H I

2 is superior to the interval H I
1 is P(H I

1 ≤ H I
2). If there is [31]{

P(T I
1 ≤ T I

2 ) < P(T I
2 ≤ T I

1 )

P(H I
1 ≤ H I

2) < P(H I
2 ≤ H I

1)
(15)

then the route Γ2 is better than the route Γ1 in both adaptation intervals of sailing time and
danger level, and Γ2 is said to dominate Γ1.

4.2. Secretary Bird Optimization Algorithm

The secretary bird optimization algorithm is based on the behavior of secretary birds
and employs two main strategies. The first strategy focuses on hunting and involves three
phases: searching for, consuming, and attacking prey. The second strategy is dedicated to
escaping predators and consists of the camouflage and evasion phases [19].

4.2.1. Secretary Bird Exploration Strategies

The entire predation process was divided into three equal time intervals, t < 1
3 T,

1
3 T ≤ t < 2

3 T, and 2
3 T ≤ t ≤ T, where t is the current iteration number and T is the

total iteration number. During the first stage, a differential evolution strategy utilized
the differences between individuals to generate new solutions, thereby enhancing the
algorithmic diversity and global search capabilities. In the second stage, the concepts of
historical best positions and Brownian motion were introduced, enabling individuals to
conduct localized searches around previously identified optimal positions to explore the
solution space more effectively. The third stage incorporated the Levy flight strategy to
further boost the optimizer’s global search capabilities, mitigate the risk of falling into local
solutions, and enhance the convergence accuracy.

xnew
i,j =



xi,j +
(
xrandom1 − xrandom2

)
× R1, t < 1

3 T

xbest + exp((t/T) ∧ 4)× (RB − 0.5)×
(
xbest − xi,j

)
, 1

3 T ≤ t < 2
3 T

xbest +
((

1 − t
T
)
∧
(
2 × t

T
))

× xi,j × RL, 2
3 T ≤ t ≤ T

(16)

where t denotes the number of current iterations; T denotes the maximum number of
iterations; xrandom1 and xrandom2 are random candidate solutions for the first stage iteration;
R1 denotes a randomly generated array of dimension 1 × Dim in the interval [0, 1]; Dim is
the dimension of the solution space; xnew

i,j denotes the value of its j-th dimension; RB denotes
a randomly generated array of dimension 1 × Dim from a standard normal distribution
(mean 0, standard deviation 1); xbest is the current optimum; and RL is the Levy flight
function multiplied by 0.5.

4.2.2. Secretary Bird Exploitation Strategies

When secretary birds detected the presence of a predator, they initially search for a
suitable camouflaged environment. If no safe camouflage is available nearby, they either
fly or run swiftly to escape. To deal with this situation, a dynamic perturbation factor is
introduced, expressed as (1 − t

T )
2. This parameter can improve the global search ability in
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the early stage and the local approximation ability in the later stage. In summary, the two
evasion strategies employed by secretary birds can be modeled as follows:

xnew
i,j =


xbest + (2 × RB − 1)×

(
1 − t

T
)2 × xi,j, i f rand < r

xi,j + R2 ×
(

xrandom − K × xi,j
)
, else

(17)

where r = 0.5, R2 denotes a randomly generated array of dimension 1 × Dim from a normal
distribution, xrandom denotes a random candidate solution for the current iteration, and K
denotes a random choice of integer 1 or 2.

4.2.3. Improvement Approach

Like all other group optimization algorithms, SBOA is prone to fall into local optima
after a certain number of iterations. As the number of iterations increases, the inferior
individual will move closer to the gradually superior individual. In order to increase
the diversity of solutions, this paper introduces a single point variation method [32] to
increase the randomness of individual motion, so that the inferior individual has a certain
probability to search in other directions. The specific method is to randomly select a control
point with an infeasible path, and carry out a certain range of random changes to the
coordinates of the control point. If we set the control point of the randomly selected path
curve as bi = (xi, yi, zi), then the mutation operation method is as follows:

xi = min
(
xi + normrnd

(
µ, σ2), xmax

)
yi = min

(
yi + normrnd

(
µ, σ2), ymax

)
zi = min(zi + normrnd(µ, σ2), zmax)

(18)

Since the random variation in the uniform distribution is likely to cause the path
to become worse, this paper adopts the normal distribution method to generate random
numbers, in which normrnd is a random function, and the parameters in the random
number function are the mean and variance of the normal distribution, respectively, and the
position of the path points after variation does not exceed the boundary of the planning area.

4.3. Interval Multi-Objective Path-Planning Algorithm

The problem of path planning in uncertain environments can be reformulated as an
interval multi-objective optimization challenge. This study combined the enhanced interval
predominance sorting algorithm with the secretary bird optimization algorithm to address
multi-objective path planning under uncertain constraints. AUVs could face multiple
navigational constraints, necessitating the application of a multi-objective optimization
approach to achieve objectives such as minimizing navigation time and reducing danger.
The interval-based Pareto dominance ranking method discussed earlier was integrated into
the secretary bird optimization algorithm. An external storage set retained the individuals
exhibiting the high dominance levels in each iteration, yielding a set of optimal paths.
Finally, a smoothness criterion was applied to select the path with the highest smoothness
from the optimal set as the optimal path.

The algorithm aimed to minimize the navigation cost of an underwater vehicle and
identify the optimal path. This path was represented by a curve defined by a B-spline curve
comprising a starting point, an end point, and four randomly positioned control points in
space, treated collectively as an individual. The accessible area was defined as the feasible
domain for each individual.

The pseudocode of the algorithm is shown in Algorithm 1, and a flowchart of the
algorithm is shown in Figure 6.
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Algorithm 1: IMOSBOA

1: Create 3D environmental model, including obstacles and currents.
2: Initialize problem setting, including the number of control points and individuals,
maximum iteration (T), current iteration (t), and number of paths.
3: Initialize the population randomly and calculate the fitness intervals of each object.
4: For t = 1:T do
Update each secretary bird’s best position.
For each particle do
Use exploration strategy to update secretary bird position according to Equation (16).
Update each secretary bird’s best position.
Do undominated sort for all individuals and put which ranks 1 into external storage set.
Use exploitation strategy to update secretary bird position according to Equation (17).
Update each secretary bird’s best position.
Do undominated sort for all individuals and put which ranks 1 into external storage set.
end
Do undominated sort for all individuals in the external storage set.
If the number of individuals in the external storage set exceeds the set value then
Compare the Pareto levels and crowding distances of individuals and delete a certain
number of individuals.
end
Use mutation operations to update disadvantaged individuals according to Equation
(18).
end
5: Calculate the smoothness of individuals in the external storage set and select the
individual with the highest smoothness the optimal solution.
6: Output the optimal value (the optimal path).

 

Figure 6. Algorithm flowchart.
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5. Simulation Analysis
To validate the feasibility and effectiveness of the proposed algorithm in real marine

environments, we first implemented an experimental simulation model of the algorithm
in a marine environment. Subsequently, we conducted a series of simulation experiments
using an Intel i7 7820HQ processor with a main frequency of 2.9 GHz, 16 GB of RAM, and
the MATLAB R2023b environment.

This study utilized the South China Sea Ocean reanalysis dataset from the National
Earth System Science Data Center, which contained the standard oceanic variables, such
as the islands and currents. The marine environment data is in the format of a Net CDF
file, which contains ocean current and terrain information within a certain range at a
certain time point in the form of a four-dimensional vector. The four dimensions are the
ocean current component of the x, y, and z axes and the time point, respectively, and
the ocean floor topography where the ocean current component is NA. In this study, the
ncread function in MATLAB is used to read the ocean current data of each coordinate
and time, and the data is saved in a four-dimensional array. In environmental modeling,
the selected area is set as a 40 × 40 × 24 3D raster map. The propulsion speed was set
at 0.9 m/s. The current direction uncertainty σdirect was 10◦, and the current magnitude
uncertainty σmangi was 0.05 m/s. The uncertain hazard source had a radius of 5 km, safety
distance lmax of 20 km, and an absolute danger distance lmin of 2 km. The search area was
defined as a square region from 1◦ N to 5◦ N and 123◦ E to 127◦ E. The voyage started
at (1.25◦ N, 123.25◦ E) and ended at (3.91◦ N, 126.11◦ E). Based on a large number of
simulation experiments, the optimal number of particles was determined to be 30, as this
quantity provided the best balance between diversity and convergence speed. The results
indicated that path adjustments tended to stabilize after 600 iterations. Therefore, 600
iterations were selected. When setting the convergence criterion, if the improvement in
the optimal solution is less than 0.01% over 50 consecutive generations, the algorithm will
be considered to have converged. This criterion aims to enhance the search efficiency of
the algorithm. By evaluating whether there is no significant improvement in the optimal
solution after several iterations, it indicates that the algorithm has converged to a local or
global optimum. At this stage, further iterations yield diminishing returns, and the search
results can effectively reflect the convergence behavior of the algorithm. In the first 1–200
iterations, the algorithm performs a rapid search, covering a wide solution space, but with
a lower precision. Its focus is on identifying potential high-quality solution regions. In
iterations 201–400, the focus shifts towards local optimization, with individuals conducting
localized searches around the historical best positions using Brownian motion, thereby
refining the solution quality. In iterations 401–600, the algorithm incorporates the Levy
flight strategy, which allows it to explore previously unexplored areas of the solution space,
helping to avoid local optima and enhancing convergence accuracy.

5.1. Comparison of Planning Results

Figures 7–9 depict the planning results and Pareto fronts, respectively. The red curve
represents the planned path, which generally aligns with the surface current flowing from
the starting point to the target, albeit with a minor reverse current at the lower corner. At
the starting point, the bottom current flowed in the opposite direction. Most paths followed
the current direction, with the planned paths circumventing the first danger area located
near a reverse current region on the map. The uncertain hazard source near the end point
lay within the downward current area, leading most paths to traverse this region. The
paths were evenly distributed, with the longest path circumventing all the hazard sources,
while others were concentrated in areas with hazardous conditions and stronger currents,
optimizing the time taken to reach the goal.
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Figure 7. Map of planning results of IMOSBOA.

Figure 8. The best path of IMOSBOA.

Figure 9. Pareto front of IMOSBOA.

The specific fitness values for each path are depicted in Figure 9, with the danger
level on the vertical axis and the navigation time on the horizontal axis. The Pareto front
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demonstrated a well-distributed range, with longer navigation times generally associated
with lower hazards by avoiding uncertain hazard sources. The bottom path with no danger
also had the longest minimum navigation time limit. Conversely, the path with the highest
danger level exhibited the shortest navigation time, disregarding hazard sources, and
none of the paths dominated the others. The danger levels across paths ranged from a
minimum of 0 to a maximum of 0.7889, indicating that no path posed absolute hazards.
When selecting the optimal path, the consideration of path smoothness was recommended.

To further illustrate the effects of planning, the navigation times and danger levels
for all paths in the external reserve pool are shown in Table 1. The path length is the sum
of the distances between each path point. The navigation time interval and danger level
interval are obtained from the calculation formulas in Sections 3.1 and 3.2, respectively,
where the interval width is defined as the difference between the upper and lower bounds
of the interval. The smoothness of the path is calculated using the formula presented in
Section 3.3.

Table 1. The algorithm in this paper plans the resulting data.

Path Path
Length/km

Navigation Time
Interval/103s

Danger Level
Interval Smoothness

1 500.9485 [446.6056, 531.9796] [0, 0] 10.9812
2 492.8639 [440.7722, 520.9105] [0, 0.0291] 11.5765
3 477.1668 [324.0923, 417.5034] [0.2333, 0.7889] 2.4798
4 464.5595 [368.5957, 455.2428] [0.0075, 0.5631] 10.2770
5 467.4834 [372.4773, 465.0564] [0, 0.1651] 10.4107
6 468.0104 [371.0080, 462.3871] [0, 0.2204] 11.0351
7 468.3167 [371.2707, 463.1554] [0, 0.1961] 10.4973

Table 1 shows that Path 3 spanned 477.1668 km in length, while its navigation time was
shorter than that of Path 4, which covered only 464.5595 km. This discrepancy arose because
the navigation time depended not only on the path length, but also on the utilization of
ocean currents. The width of the navigation time interval was related to these currents, with
the routes passing through heavily influenced areas experiencing increased uncertainty.
Path 3, with the smallest lower limit of navigation time at 93.4112 × 103 s, benefited from
the sailing with the current, although it also faced the highest danger level owing to direct
exposure to hazard sources. Path 1 that avoided all the hazard sources and benefited
from the favorable currents was hazard-free, yet featured the longest navigation time at
531.9796 × 103 s. Path 2, exhibiting a very low danger level, also had a longer maximum
navigation time. Other paths represented a compromise between the danger level and the
navigation time. Path 2, noted for its greatest smoothness, was selected as the optimal path
for decision-making, which can save more energy for steering.

In order to further verify the performance of the optimization algorithm proposed in
this study, we integrate individual update strategies of four single-objective optimization
algorithms, namely the whale optimization algorithm (WOA) [33], JAYA algorithm [34],
BOA, and SSWO, into the interval multi-objective optimization framework of this paper,
and compare them with the IMOSBOA algorithm proposed in this paper in two different
maps. Map 1 employs a three-dimensional cartographic representation of a specific sea area
in the South China Sea, as previously described. Map 2 utilizes a topographical depiction
of the surrounding waters in Mediterranean, focusing on the strait of Antikythera, which
was defined as a square region from 32◦ N to 36◦ N and 23◦ E to 27◦ E. The voyage started
at (35.7◦ N, 23.25◦ E) and ended at (32.92◦ N, 25.85◦ E). Each algorithm used 30 populations
and ran 600 iterations. The non-inferior solutions from all five algorithms were assessed
against the optimal solution identified using the smoothness function. Figures 10 and 11
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present the partial planning results obtained using these algorithms. Figures 12 and 13 and
Tables 2 and 3 shows the Pareto fronts of these five different algorithms.

Figure 10. Planning results of five different methods in Map 1.

Figure 11. Planning results of five different methods in Map 2.

 
Figure 12. Pareto fronts of five different algorithms in Map 1.



Symmetry 2025, 17, 993 17 of 25

 

Figure 13. Pareto fronts of five different algorithms in Map 2.

Table 2. Planning results of the five algorithms in Map 1.

Algorithm
Navigation

Time
Interval/103 s

Danger Level
Interval Path Length/km Computing

Time/s

IMOWOA [412.5829,
490.4883] [0.5201, 1] 498.3725 61.23

IMOJAYA [572.0301,
658.7970] [0.2651, 0.7914] 598.5563 39.41

IMOBOA [437.1723,
555.1822] [0, 0.0962] 547.7081 56.15

IMOSSWO [426.7163,
516.3460] [0, 0.3589] 479.7072 57.54

IMOSBOA [371.0080,
462.3871] [0, 0.2204] 468.0104 53.31

Table 3. Planning results of the five algorithms in Map 2.

Algorithm
Navigation

Time
Interval/103 s

Danger Level
Interval Path Length/km Computing

Time/s

IMOWOA [623.9901,
681.0871] [0, 0.6395] 642.1754 66.12

IMOJAYA [803.1691,
873.0247] [0, 0] 762.6046 42.43

IMOBOA [592.7619,
646.0583] [0.4824, 1] 604.2674 59.21

IMOSSWO [619.6304,
672.3713] [0, 1] 629.9831 64.12

IMOSBOA [587.0511,
622.3068] [0.1724, 0.6904] 614.4075 57.41

In Map 1, the data in Table 2 highlighted that the IMOWOA planned a path of 498.3725
km with the maximum navigation time of 490.4883 × 103 s, demonstrating time efficiency
compared to several other algorithms. However, it achieved this at the cost of safety,
with the danger levels ranging from 0.5201 to 1. As can be seen from Figure 10, this path
passes through the hazard source, greatly increasing the probability of collision between
the AUV and the danger sources. This may be because IMOWOA prioritizes path length
and time efficiency during the optimization process, resulting in insufficient avoidance of
hazard sources and consequently increasing the risk levels. In contrast, IMOJAYA planned
a longer path of 598.5563 km with the longer navigation time and no significant safety
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advantage. As depicted in Figure 10, the path is more curved at the end, which is due
to the influence of currents. IMOJAYA may lack adaptability to ocean currents, leading
to path irregularities, which in turn increases the total path length and time cost. Both
IMOBOA and IMOSSWO made a compromise between the danger levels and navigation
times. IMOSBOA demonstrated remarkable improvements in navigation time, path danger
level, and path length. Specifically, the average navigation time interval of IMOSBOA
is reduced by 11.2% compared to IMOSSWO, highlighting its superior path-planning
efficiency. Regarding the path danger level, while IMOSBOA’s value is slightly higher than
that of IMOBOA, it remains significantly lower than those of both IMOWOA and IMOJAYA,
showcasing its balanced advantage in safety. For path length, IMOSBOA generates a path
of 468.0104 km, which is approximately 2.44% shorter than IMOSSWO (479.7072 km)
and about 21.8% shorter than IMOJAYA (598.5563 km), further affirming its outstanding
performance in path optimization.

In Map 2, the experimental results of the five algorithms reveal distinct performance
characteristics. As summarized in Table 3, IMOJAYA prioritizes safety with a consistently
maintained danger level of [0, 0], effectively avoiding hazardous areas. However, this safety
advantage comes at a significant cost to efficiency, as evidenced by the longest path length
of 762.6046 km among the five algorithms and a navigation time interval of [803.1691,
873.0247]. As illustrated in Figure 11, the path deviates substantially from the target
direction to circumvent all hazardous areas, resulting in a considerable increase in both
navigation time and path length. IMOWOA generates a path with a length of 642.1754 km
and a navigation time interval of [623.9901, 681.0871], reflecting moderate time efficiency.
However, the danger level interval of [0, 0.6395] suggests that the planned path traverses
certain hazardous areas. From the visualization, it is evident that this path passes directly
through some high-risk zones, thereby compromising safety to a certain extent. IMOBOA
achieves a relatively short path length of 604.2674 km, demonstrating high spatial efficiency,
but its danger level interval of [0.4824, 1] indicates substantial exposure to risk. Similarly,
IMOSSWO, with a path length of 629.9831 km, exhibits a danger level interval spanning
[0, 1], reflecting variable risk levels along the planned trajectory. IMOSBOA achieves the
shortest path length of 614.4075 km with a navigation time interval of [587.0511, 622.3068],
demonstrating remarkable time efficiency. Additionally, it maintains a low danger level
interval of [0.1724, 0.6904], reflecting a well-balanced performance across navigation time,
path length, and safety. Compared to IMOSSWO, IMOWOA, and IMOJAYA, IMOSBOA’s
navigation time interval is reduced by approximately 6.43%, 7.99%, and 26.7%, respectively,
highlighting its outstanding efficiency in path planning. In terms of the path danger level,
although IMOSBOA’s interval is slightly higher than that of IMOJAYA, it is significantly
lower than those of IMOWOA, IMOBOA, and IMOSSWO, further showcasing its balanced
advantage in safety.

Overall, IMOSBOA outperforms the other algorithms in terms of navigation time,
safety, and path length. As illustrated in the figure, this algorithm effectively leverages
favorable environmental conditions, such as water currents, to facilitate efficient progress
while avoiding obstacles. These results highlight the robust performance of IMOSBOA
in addressing the multi-objective path-planning problem. The superior performance of
IMOSBOA largely stems from the symmetrical search strategy: The exploration phase and
exploitation phase form a symmetric balance in spatial search. In early iterations, extensive
exploration avoids local optima. Later, localized exploitation refines paths (e.g., Phase 3:
Levy flight enables large jumps to escape stagnation). The symmetric search strategy of
IMOSBOA enables it to adapt to complex three-dimensional uncertain environments. The
experimental results intuitively prove that this algorithm can efficiently coordinate ocean
current utilization and danger avoidance.
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The comparative results in Tables 2 and 3 demonstrate that while IMOSBOA achieves
a superior planning performance, this comes at the cost of increased computational time
relative to simpler iterative approaches such as IMOJAYA. This computational overhead
stems fundamentally from the algorithm’s sophisticated search strategy, which leads to a
slight increase in the computing time of the algorithm.

5.2. Robustness Analysis

To further validate the effectiveness of the interval algorithm, it was compared with the
conventional multi-objective optimization algorithm that did not account for the uncertainty.
Initially, the precise sea-current measurements were performed without the uncertainty,
and the hazard source radius was set to 0. The path planning was conducted using
the multi-objective secretary bird algorithm (MOSBOA), and the results are presented in
Table 4 and Figures 14–16. The minimum navigation time achieved under deterministic sea
current and hazard source conditions was 345.9630 × 103 s, which exceeded the minimum
navigation time in Table 1. However, the maximum navigation time of 367.1387 × 103 s
was significantly lower than that observed under uncertain conditions (531.9796 × 103 s).
Furthermore, the maximum danger level (0.2304) was lower than that listed in Table 1.
These outcomes resulted from the increased uncertainty during planning under uncertain
conditions.

Table 4. Algorithm in this study used for planning resulting data.

Path Path
Length/km

Navigation
Time/103 s Danger Level Smoothness

1 458.0690 355.0283 0.0151 10.5530
2 483.1942 345.9630 0.2304 10.5788
3 471.0274 366.1326 0.0139 10.3139
4 490.9841 367.1387 0 6.8358
5 457.0748 349.1657 0.0339 10.5089
6 457.0778 349.1484 0.0334 10.5088
7 456.0678 348.1328 0.0339 10.4975

Figure 14. Map of planning results of MOSBOA.
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Figure 15. The best path of MOSBOA.

Figure 16. Pareto front of MOSBOA.

The planning results of the interval multi-objective optimization algorithm proposed
in this study were compared with the paths planned without considering uncertainty. We
randomly generated the 1000 planning scenarios within the current and hazard source
uncertainty intervals using a normal distribution. The mean values represented the mea-
sured values, and variance followed the 3σ principle, which was set to 1/3 of the uncer-
tainty range for the currents and hazard sources. On this basis, we use the formulas in
Sections 3.1 and 3.2 to set the uncertainty as 0 to calculate the navigation times and danger
levels of paths and select the maximum and minimum values. The variance is the vari-
ance of the value of the navigation times and the danger levels for 1000 tests of the path.
The results of the navigation times and danger levels for paths planned by the proposed
algorithm and a conventional multi-objective algorithm in stochastic environments are
presented in Tables 5 and 6, respectively. At the same time, we investigate the impact of
uncertainty on the feasibility of the planned path. Specifically, we consider directional
uncertainties of 5◦, 10◦, and 20◦, as well as amplitude uncertainties of 0.05 m/s, 0.1 m/s,
and 0.15 m/s. Simulations are conducted to evaluate the performance of two algorithms in
these marine environments. From the Pareto fronts generated by the two algorithms, we
select the paths with the best smoothness for a detailed comparison. The simulation results
are shown in Table 7.
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Table 5. Random test results of the paths obtained by IMOSBOA.

Path
Navigation Time/103 s Danger Level Infeasible

FrequencyMin Max. Variance Min Max. Variance

1 454.4884 461.7078 0.9808 0 0 0 0
2 394.8548 400.4809 0.7680 0 0.1624 0.0027 0
3 385.0747 389.5581 0.6118 0 0.1669 0.0030 0
4 380.2231 384.7294 0.5359 0 0.3515 0.0095 0
5 369.2018 374.4385 0.6850 0 0.3759 0.0078 0
6 362.6054 366.5972 0.4089 0.0631 0.5399 0.0068 0
7 365.2121 369.3468 0.4218 0.0639 0.5044 0.0101 0

Table 6. Random test results of the paths obtained by MOSBOA.

Path
Navigation Time/103 s Danger Level Infeasible

FrequencyMin Max. Variance Min Max. Variance

1 353.1453 ∞ - 0 0.1996 0.0041 9
2 339.7723 ∞ - 0.0248 0.4321 0.0062 5
3 337.6752 341.7815 0.4310 0 0.2911 0.0046 0
4 359.9571 ∞ - 0 1 0.0080 23
5 324.5049 328.3586 0.3118 0.1178 0.6212 0.0107 0
6 325.7989 330.0194 0.3675 0.0280 0.4172 0.0051 0
7 325.8614 329.2105 0.3165 0.1313 0.5334 0.0053 0

Table 7. Random test results with different uncertainties.

Uncertainty Infeasible Frequency

sdirect (◦) smangi (m/s) IMOSBOA MOSBOA

5 0.05 0 0
5 0.1 0 0
5 0.15 0 0

10 0.05 0 0
10 0.1 0 21
10 0.15 3 54
20 0.05 5 87
20 0.1 9 132
20 0.15 20 275

Below, we compare the sum of the maximum navigation times and the sum of the
minimum navigation times for the seven paths listed in the above table, as well as the sum
of the maximum and minimum danger levels. Firstly, in terms of navigation time, although
traditional multi-objective optimization algorithms reduced the minimum navigation
time by an average of 12.7% compared to the proposed IMOSBOA algorithm, IMOSBOA
exhibited a smaller difference between its maximum and minimum navigation times
in random environments, with the maximum navigation time being significantly lower
than that of MOSBOA. This indicates a degree of stability, suggesting that IMOSBOA
can more effectively address the uncertainties in ocean currents and reduce the risk of
extreme delays in challenging environments. In contrast, MOSBOA, which does not
consider environmental uncertainties, resulted in some paths with infinite navigation times,
meaning that these paths may become impassable due to uncertain currents and hazard
sources, severely compromising their practical feasibility.

Secondly, the comparison of danger levels further highlights the robustness advantage
of IMOSBOA. The danger levels of IMOSBOA paths showed less fluctuation in random
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environments and remained within a lower range, with only two alternative paths having
a maximum danger level exceeding 0.5. This performance is attributed to IMOSBOA’s
comprehensive modeling and optimization of the uncertainties in the activity ranges of the
hazard sources. On the other hand, MOSBOA, which neglects the uncertainty of hazard
sources and lacks proactive planning, produced paths with higher danger levels in multiple
tests. Some paths even reached a danger level of 1, rendering them infeasible. The average
increases in the maximum and minimum danger levels for MOSBOA-planned paths were
137.7% and 31.9%, respectively, reflecting its inadequacy in addressing variations in hazard
source locations and ranges.

Thirdly, in terms of path feasibility, IMOSBOA achieved full possibility in all random
tests, demonstrating excellent reliability, while MOSBOA showed infeasible paths in 3% of
the tests. As we can see in Table 7, the data reveals significant differences in the infeasibil-
ity frequency of path planning between the IMOSBOA and MOSBOA algorithms under
various uncertainty conditions. With small directional uncertainty (5◦), both IMOSBOA
and MOSBOA are able to avoid infeasible paths entirely, regardless of the amplitude un-
certainty (0.05 m/s, 0.1 m/s, or 0.15 m/s), demonstrating strong adaptability. However,
when the directional uncertainty increases to 10◦, the infeasibility frequency of MOSBOA
rises sharply from 0 to 54 as the amplitude uncertainty increases from 0.05 m/s to 0.15 m/s,
whereas IMOSBOA’s infeasibility frequency only increases from 0 to 3, showing a clear
advantage of IMOSBOA under moderate uncertainty. In high directional uncertainty (20◦),
MOSBOA’s infeasibility frequency increases dramatically with increasing amplitude un-
certainty, from 87 to 275, while IMOSBOA’s infeasibility frequency remains relatively low,
increasing from 5 to 20, demonstrating superior robustness in high-uncertainty environ-
ments. Overall, IMOSBOA consistently shows a significantly lower infeasibility frequency
than MOSBOA, especially under high directional and amplitude uncertainties, reflecting
its excellent stability and reliability. In contrast, MOSBOA is more sensitive to uncer-
tainty, with its performance degrading exponentially as uncertainty increases. Therefore,
IMOSBOA is better suited for complex marine environments with high uncertainty, while
MOSBOA is more suitable for scenarios with low uncertainty. By converting uncertain
parameters into interval bounds, the interval dominance relationship directly incorporates
worst-case scenarios. This transforms environmental uncertainty into quantifiable opti-
mization constraints, explaining IMOSBOA’s 0% infeasibility rate and thereby ensuring
its robustness.

In summary, by fully considering the randomness and uncertainty of ocean currents
and hazard sources during the planning phase, IMOSBOA achieves robust path planning.
This capability not only reduces fluctuations in navigation time and danger levels but also
significantly enhances the practical feasibility of the paths, demonstrating a high degree
of robustness.

6. Conclusions
This study proposed IMOSBOA for the three-dimensional path planning of AUVs,

designed to address multiple uncertain constraints in the AUV navigational environments.
The algorithm enhanced the traditional intelligent optimization methods by introducing
fitness-interval calculations and comparisons. It integrated the iterative strategy of the
secretary bird optimization algorithm with a non-dominated dominance ranking algorithm
to effectively handle uncertain planning environments. Using the interval possibility model,
the algorithm managed the uncertainty constraints, enabling the multi-objective path plan-
ning in unpredictable environments. By optimizing fitness interval computations and
leveraging non-dominated dominance sorting, the algorithm generated a well-distributed
set of feasible paths, from which the optimal path was selected based on the smoothness
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criteria. The simulation experiments validated the effectiveness of the algorithm in environ-
ments with uncertain currents and hazard sources, demonstrating its ability to plan multiple
viable paths with the improved distribution. Compared with conventional multi-objective
optimization algorithms ignoring the uncertainty, this algorithm exhibited higher reliability
in uncertain marine environments with multiple constraints. IMOSBOA has improved
feasibility over MOSBOA by approximately 74.12% under several uncertainty conditions.

In conclusion, the proposed algorithm successfully achieves the two main research
objectives. First, by integrating interval theory, it effectively addresses the uncertainty in
AUV path planning caused by fluctuating ocean currents and unpredictable hazardous
sources, ensuring the robustness of the path in complex marine environments. Second,
experimental results using real-world maps demonstrate that the algorithm consistently
generates stable, safe, and efficient three-dimensional paths, outperforming traditional
methods in terms of stability, safety, and efficiency. These results validate its practical
applicability in uncertain ocean conditions. Overall, the algorithm effectively handles
uncertainty constraints and delivers efficient path-planning solutions.

However, the global path-planning algorithm proposed in this paper cannot be directly
applied in practice due to the challenge of obtaining real-time marine environment data
over a large area. This limitation is further compounded by the simplifying assumptions
made during simulations, such as constant AUV speed and idealized current models,
which may not fully capture the dynamic complexities of real-world marine environments.
In our future research, we will address the issue of path planning in the absence of accurate
real-time marine environmental data. It is a feasible scheme to combine global path plan-
ning and local path replanning with a two-layer planning structure. Firstly, the algorithm
proposed in this paper is used for global path planning based on marine environmental
data in a specific time range, and then combined with local path planning in actual op-
eration. Specifically, real-time environmental data is sampled from the AUV’s sensors
and reprogrammed using a sampling-based algorithm. Common local path replanning
methods include the Dynamic Window Method (DWA) and Model Predictive Control
(MPC). This method greatly improves the feasibility of the application of the algorithm in
the actual marine environment.
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