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Abstract

To accomplish underwater search missions of the target with stochastic motion, path
planning is required prior to autonomous underwater vehicle (AUV) operations. Genetic
algorithms (GAs) are a classical approach for target search path planning; however, when
applied to moving underwater targets, they often rely on oversimplified motion models and
lack flexible mutation direction control, resulting in suboptimal search paths and reduced
detection performance. To address these limitations, this paper proposes a GA-based path
planning method incorporating a target-position-controlled mutation strategy. First, a
Markov process combined with a grid-based approach is used to model stochastic target
motion and derive the spatial probability distribution of target positions. Second, based
on the target distribution grid, the influence of random fluctuations on sonar signals is
simulated to construct a probabilistic detection model. Finally, the target distribution
and detection probability model are integrated into the proposed GA to generate an
optimal AUV search path. Simulation results show that the proposed method effectively
improves path planning for moving targets under stochastic conditions, increasing the
target cumulative detection probability from 0.33 to 0.48.

Keywords: underwater moving target search; target position distribution probability;
cumulative detection probability; improved mutation strategy; genetic algorithm

1. Introduction
Autonomous underwater vehicles (AUVs) play a crucial role in underwater safety,

marine exploration, and target detection due to their high autonomy and operational flexi-
bility [1–4]. They are widely applied in tasks such as search and rescue [5], environmental
perception [6], target tracking [7], reconnaissance [8], and other operations. To improve
the success rate of target search missions, it is essential to plan the AUV navigation path
prior to operation. Path planning aims to determine an optimal trajectory that enables mis-
sion execution according to specified performance criteria, while satisfying environmental
constraints and vehicle capabilities [9].
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In path planning, a key challenge is ensuring the validity of the planned path through
the proper incorporation of multiple constraints [10]. These constraints can be broadly clas-
sified into two categories. The first category involves environmental and target constraints,
such as the operational area in environmental perception, target motion characteristics in
tracking tasks, and target types in detection scenarios [11]. The second category concerns
the intrinsic capabilities of the AUV, including energy consumption, sensor performance,
and navigation accuracy [12]. Most current studies primarily focus on the first category,
with comparatively limited attention given to constraints arising from the AUV’s own ca-
pabilities. However, these intrinsic factors directly influence the accuracy of path planning
and, consequently, the overall mission success. Therefore, investigating path planning
under AUV capability constraints is important.

For underwater moving target search tasks, the sonar system, as the primary sensing
device of an AUV, directly determines target detection performance. Consequently, path
planning that explicitly accounts for sonar system performance represents an important
research direction in this field [13]. Path planning in this paper refers to determining an
appropriate search region and corresponding path based on prior information, such as the
target’s initial position, heading range, and speed range, while also considering constraints
related to sonar detection capability in the underwater environment. The objective is to
derive an optimal search path for AUV-based target detection tasks [14]. Accordingly,
the problem of underwater moving target search path planning can be formulated as a
constrained optimization problem. Optimization algorithms, owing to their stochastic
global search capability, play a significant role in solving such optimization problems.

Optimization algorithms constitute the core of path planning, and different methods
are applicable under different constraints. For instance, geometric model-based search
algorithms [15] are suitable for static and global path planning, but their computational
burden becomes significant in dynamic environments or high-dimensional problems. The
artificial potential field method [16] is widely used for dynamic obstacle avoidance in AUV
path planning due to its simplicity and computational efficiency, however, it is prone to local
minima. Heuristic algorithms [17–19] are commonly adopted for global path planning tasks
such as target tracking and search. Although they provide strong exploration capability
and can approximate globally optimal solutions, they often suffer from complex structures
and high computational cost, requiring adaptation to specific constraints [20]. Heuristic
algorithms include particle swarm optimization [21], genetic algorithms [22], and artificial
neural networks [23]. Among them, ant colony optimization is computationally intensive,
while neural networks rely heavily on large-scale training data [24]. In contrast, genetic
algorithms are widely used in target search path planning [25]. They employ a probabilistic
selection mechanism inspired by the principle of “survival of the fittest”, transforming
the problem into a mathematical optimization model and iteratively evolving candidate
solutions [26,27]. Due to their stable structure, strong global optimization capability, and
efficient search performance, genetic algorithms are well suited for underwater moving
target search [28], where the objective is to identify the path with the highest detection
probability among multiple candidates. Consequently, they have been extensively applied
in AUV path planning for target search tasks.

Target search path planning based on genetic algorithms primarily involves environ-
mental modeling, search path modeling [29,30], multi-algorithm fusion [31,32], and genetic
strategy improvement [33]. However, directly applying the classic genetic algorithm to
moving target search path planning leads to issues such as oversimplified environmental
modeling, high computational cost, and ineffective genetic strategies. Underwater terrain
and the acoustic environment affect target motion and sonar detection performance. Es-
tablishing accurate models of the environment, target motion, and sonar detection can
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improve the reliability of path planning. To address environmental and sonar detection
modeling, Jung-Hong Cho [34] and Kierstead [35] performed search path planning under
sonar detection constraints based on terrain analysis of the search area. However, they did
not consider the influence of underwater random fluctuations or target position distribution
on sonar detection efficiency. Regarding the path planning algorithm, to overcome the
problems of high computational cost and the inability to adaptively control the direction
of population mutation, Sahoo [36] and Lu [37] combined the genetic algorithm with the
grey wolf optimizer. They improved computational efficiency by modifying the population
usage rules of the genetic algorithm. Nevertheless, the increased number of algorithm
parameters makes parameter tuning difficult, requiring a trade-off between algorithm
fusion and parameter setting. Fan [38] and Roberge [39] introduced an adaptive mutation
factor to adjust the mutation direction of the path population. This approach offers ad-
vantages in global optimization; however, it requires real-time monitoring of population
fitness changes, which increases computational overhead. Therefore, a genetic algorithm
for underwater moving target search path planning requires determining the optimal path
based on an accurate environmental model and an optimized genetic strategy.

During underwater moving target search operations, AUVs use sonar systems to
receive sound waves reflected or emitted by targets and to complete target detection and
identification [40,41]. In the path planning stage, the uncertainty of target motion and
the sonar detection capability are two important constraints that must be considered. On
one hand, the uncertainty of target motion causes the target to move randomly within
the operational area, affecting the probability distribution of its position. This, in turn,
leads to inaccurate estimation of sonar detection probability and reduces the reliability
of the search path plan. Therefore, the search path planning problem imposes higher
demands on target motion modeling. In response, Caiti [42] developed a target information
database simulation system in which users can select target parameters from the database
and simulate target motion using the Monte Carlo method. Baxendale [43] used stochastic
differential equation theory to describe the target motion process but did not consider the
influence of motion process noise on target behavior. On the other hand, sonar detection
capability is a key constraint in search path planning [44]. Owing to the complex and
variable underwater environment, sonar detection is easily affected by external factors [45].
To address this issue, most studies have considered the impact of sonar detection on
AUV search path planning only under simplified conditions [46]. Jung-Hong Cho [47]
examined the influence of the underwater acoustic environment at different locations on
sonar signal margin but did not account for the effect of underwater random fluctuations
on that margin. Consequently, modeling target motion and sonar detection capability is
essential for achieving effective underwater target search through path planning.

Therefore, this paper addresses the AUV search path planning problem under con-
ditions of target motion uncertainty and stochastic fluctuations in sonar detection perfor-
mance. To this end, an improved genetic algorithm is proposed, with enhancements to both
the workflow and mutation strategy to achieve effective path planning. The remainder of
this paper is organized as follows. Section 2 establishes a probabilistic model of target posi-
tion distribution by simulating target motion using stochastic processes and analyzing its
spatial distribution within the search area. Section 3 develops a sonar detection probability
model, in which the detection performance at each node is evaluated and both instanta-
neous and cumulative detection probabilities are formulated; these are incorporated as
constraints in the path planning process. Section 4 presents the improved genetic algo-
rithm for moving target search, where the mutation strategy is refined based on the target
position distribution and sonar detection probabilities to overcome low search efficiency
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and premature convergence in conventional genetic algorithms. Section 5 validates the
proposed method through simulations, and Section 6 concludes the paper.

2. Establishment of Moving Target Position Distribution Probability Model
From the perspective of pre-mission path planning for AUV target search, only prior

information—such as the target’s initial position and heading range—is available, and the
target’s real-time position cannot be determined. Moreover, underwater target motion
is influenced by ocean currents, including their direction and velocity, which introduces
additional uncertainty. In evaluating path planning performance, detection probability is
a key metric, defined as the product of the target distribution probability and the sonar
detection probability. Therefore, to accurately assess path planning quality, it is necessary to
establish a probabilistic model of the moving target’s spatial distribution prior to planning.
It should be noted that the search is conducted within regions where the target is likely to
be present. The target’s motion is not entirely unknown; rather, partial information—such
as its initial position, heading range, and speed range—is available. Accordingly, the target
distribution probability model is constructed based on this prior information.

2.1. Target Trajectory Probability Model

To characterize the distribution of uncertain target positions, the evolution of the target
state is modeled as a stochastic process. Assuming that the target motion is independent of
the AUV search strategy and that its position at a given time depends only on its state at the
previous time step, the target dynamics can be described as a Markov process. Specifically,
given the current position of the target, its subsequent position can be predicted based on
the prior information on velocity and heading angle ranges. The Markovian description of
target motion is expressed in Equation (1).

Pm(t) = FPm(t − ∆t) + q (1)

where ∆t represents the time interval between two sampling moments. Pm(t) represents the
two-dimensional position of the target. F is the state transition matrix, represents motion
pattern of the target from the previous moment to the present moment. q represents the
noise of the target motion process, which follows the two-dimensional normal distribution.
The initial moment position is the target initial position in the prior information.

Due to the uncertainty of underwater target motion, the state transition matrix of
the Markov process in (1) is difficult to obtain analytically. Considering that underwater
targets typically exhibit low speed and slowly varying heading angles, a constant-velocity
(uniform linear motion) assumption is introduced. Accordingly, the target position update
is simplified as the sum of the previous position and the product of velocity and time step,
as expressed in (2). Based on this assumption, a Monte Carlo method is employed. Using
the mean and variance of velocity and heading angle from prior information, multiple
sets of these parameters are randomly sampled according to a normal distribution to
generate a set of possible target trajectories. In this way, the discrete constant-velocity
model approximates the original complex Markov process, effectively capturing motion
uncertainty while avoiding the need to explicitly solve the state transition matrix. The
specific generation method of the target trajectory is as follows.

According to the initial position, mean and variance of speed and heading angle of
the target, n groups of speeds and heading angles are randomly generated according to
the normal distribution trend, and n trajectories are generated according to the method
described in Equation (2). The probability of target moving along each trajectory is equal.
The probability of the target on each trajectory is 1/n, and the sum of probabilities is equal
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to 1. In this way, the Monte Carlo method is used to facilitate the transformation between
the state transition matrix and the target trajectory.

Pi
m(t) = Pi

m(t − ∆t) + vi∆t + q (2)

where v represents the two-dimensional velocity calculated based on the target speed and
heading angle. i represents the i target trajectory.

According to the simulation method of the trajectory described above, the sampled
speed and heading angle sets follow a normal distribution. From the AUV’s perspective,
given prior information on the target’s initial position as well as its speed and heading
angle ranges, the potential region in which the target may appear can be approximated as a
sector-shaped area bounded by the heading angle limits.

2.2. Target Position Distribution Probability Model

In the trajectory simulation described above, similar speed and heading values may
lead to nearly identical target positions. For example, when the speed is 2 m/s and 2.2 m/s,
and the heading is 30◦ and 32◦, respectively, the resulting target positions at t = 60 s differ
only marginally. If the position is computed at every time step, this can lead to substantial
redundant calculations. Moreover, targets within the sonar detection range can be detected
without requiring continuous, high-frequency evaluation. Therefore, a grid-based approach
is adopted to construct the target position distribution probability model (as illustrated in
Figure 1). The main steps are as follows:

a. Take the target initial position as the origin. Divide the target presence area into
M × N grids with equal spacing and no overlapping points.

b. n target tracks are drawn in M × N grids in the order of sampling time (as shown by
the left dot in Figure 1).

c. Count the number of targets in different grids simultaneously, such as the number of
red dots in various grids on the left side of Figure 1.

d. According to the number of targets in each grid calculated in step c, the probability of
the target’s position in each grid is determined. That is, there are several dots in the
same grid at the same time, and the target position distribution probability of the grid
is several parts of n (as shown in the blue grid at the bottom of Figure 1).
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Figure 1. Schematic diagram of target motion area discretization based on the grid method.

According to the above procedure, the continuous space problem is transformed
into a discrete representation, where target motion within the region is approximated by
transitions between grid cells. It should be noted that finer grid resolution yields higher
accuracy in the estimated probability distribution, but at the cost of increased computational
complexity. This trade-off will be further discussed in the following sections.
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By combining the trajectory model in Equation (2) with the position distribution
framework shown in Figure 1, trajectory samples are mapped onto the grid, and the target
position distribution probability at each sampling time is obtained. Let the target position
distribution probability at time t is denoted as Pt, as defined in Equation (3).

Pt =


Pt11 Pt12 . . . Pt1N

Pt21 Pt22 . . . Pt2N
...

...
...

PtM1 PtM2 . . . PtMN

 (3)

where Ptij (i = 1, . . . , M, j = 1, . . . , N) represents the target position distribution probability

in the i row and j column grid at the time t, and has Ptij ≥ 0,
M
∑

i=1

N
∑

j=1
Ptij = 1.

3. Establishment of Sonar Detection Probability Model
Sonar systems are commonly employed for target detection in AUV search missions.

The probability of detection is influenced by both environmental conditions and the sonar
operating mode. Therefore, for path planning in moving target search, it is essential to
account for the sonar operating characteristics and environmental effects. This necessitates
the incorporation of a sonar detection probability model into the path planning framework.

The objective of this section is to construct such a model. The search area is first dis-
cretized using a grid-based approach, and the sonar SE at each grid node is computed based
on the sonar equation. Subsequently, the cumulative detection probability (CDP) is derived
by integrating the sonar signal excess with the target position distribution probability. The
CDP is then used as a performance metric for evaluating path planning strategies.

3.1. Sonar Detection Signal Excess Model Based on λ − σ Model

In general, to avoid the AUV being detected during detection, passive sonar is often
used for detection. Unlike active sonar, passive sonar does not emit acoustic signals but
detects targets by receiving the noise or sound radiated by them. However, the sonar
detection effect varies at different locations within the area due to the influence of the
underwater environment. That is, the sonar detection capability varies in different sub-
grids in Figure 1. Therefore, it is necessary to analyze the sonar detection capability
in various sub-grids for path planning. In this study, the SE is adopted as a metric to
quantify detection performance. By computing the signal excess for each grid cell, the
sonar detection probability can be efficiently evaluated, thereby reducing computational
complexity. The calculation of the passive sonar signal excess is given as follows [48]:

FOM = SL − NL + DI − DT (4)

SE = FOM − TL (5)

where SL represents the source level. NL refers to the environmental noise level. DI is the
sonar reception directivity index. DT is the detection threshold. TL refers to the loss of
acoustic signal propagation. SE is the sonar detection signal excess.

Due to the directivity of sonar receivers, variations in the relative azimuth between
the sonar and the target lead to differences in the SE. Therefore, it is necessary to analyze
the SE in multiple directions around the sonar system. Although sonar directivity varies
continuously with azimuth, this variation is relatively small compared with acoustic propa-
gation loss, resulting in only minor differences in SE for adjacent directions. Considering
the symmetry of the sonar beam pattern, using an excessive number of directions yields
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limited improvement in detection accuracy while significantly increasing computational
cost. Conversely, restricting the analysis to only four directions neglects oblique detection
characteristics, leading to an incomplete representation of detection capability. To balance
accuracy and computational efficiency, this paper evaluates the SE at discrete distance in-
tervals along eight radial directions centered on the sonar system, as illustrated in Figure 2.
This approach enables an accurate representation of the AUV’s detection capability within
each grid cell. It should be noted that, in Figure 2, the sonar signal excess is calculated under
the assumption that the target is located at an azimuth of 90◦ relative to the sonar system.

Figure 2. Schematic of 8 radial sonar signal excess values.

In Figure 2, different colors represent the magnitude of the SE, with values increasing
as the color approaches yellow. The positive direction of the probe node x-axis is defined as
0◦, with angles measured counterclockwise. Taking the sonar as the center, the surrounding
360◦ is evenly divided into eight sectors starting from 0◦. The SE is then calculated at
discrete distance intervals along radial directions every 45◦, as indicated by the eight arrows
in Figure 2. In addition, when the target is located at an azimuth of 90◦ relative to the
sonar, the SE within the sector spanning ±22.5◦ around this direction reaches its maximum,
indicating a high detection probability. As the target deviates from the principal detection
direction, the SE decreases, resulting in a corresponding reduction in detection likelihood.

In addition to acoustic propagation loss and the sonar receiver directivity index con-
sidered in Equation (5), random fluctuations in the sonar signal excess caused by the
underwater environment also affect detection performance and reduce accuracy. To more
accurately characterize these effects, the λ − σ model [34] is introduced to describe the
random fluctuations in SE. The selection of this model is motivated by the following consid-
erations. The λ − σ process is formulated as a compound Poisson process, which remains
constant between jump events; the occurrence times of jumps follow a Poisson distribution,
while the amplitudes of the jumps are independent and identically distributed random
variables. The sonar SE is a distance-dependent physical quantity that varies continuously
under ideal conditions. In the absence of environmental disturbances, it follows the value
determined by acoustic propagation loss. However, sudden noise disturbances in the un-
derwater environment introduce random fluctuations. The occurrence of such disturbances
is random in time, and each event induces a stochastic perturbation in the signal excess.
This physical behavior is consistent with the characteristics of λ − σ process. Accordingly,
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the random fluctuation in SE is modeled using this stochastic process, and the sonar signal
excess model based on the model λ − σ is as follows:

SEt(t) = SE(t) + ε(t) (6)

where SEt(t) represents the SE with random fluctuation at time t. SE(t) represents the
margin of SE under ideal conditions.ε(t) represents random fluctuations following the jump
process of λ − σ. When no jump occurs, ε(t) = 0. When there is a jump, the amplitude
of the random fluctuation is described by a Gaussian distribution with a mean of 0 and
a variance of σ2. The time of the jump follows a Poisson distribution with parameter λ,
meaning the expected time between two adjacent jumps is 1/λ.

Combined with the target position distribution probability model of the grid method
in Section 2.2, the SE described in Figure 2 is the signal excess of the sub-grid center. The
instantaneous detection probability is related to the SE and target position distribution
probability. Therefore, analyzing the SE in each grid and combining it with the target
position distribution probability is the foundation for calculating the detection probability.
The specific calculation method will be discussed below.

3.2. Instantaneous Detection Probability and Cumulative Detection Probability of Sonar

Based on the target position distribution probability and the sonar signal excess, the
influence of SE on search path planning can be more accurately characterized. Detection
probability is adopted to quantify the sonar detection capability. It is categorized into
instantaneous detection probability and cumulative detection probability, both of which
are defined in detail as follows.

3.2.1. Instantaneous Detection Probability of Sonar

By combining the target position distribution at a given time with the SE correspond-
ing to the AUV’s position at that time, the instantaneous detection probability can be
determined. Specifically, based on the AUV’s position and the probability distributions of
the target, the corresponding SE value is obtained. When the SE is greater than zero, the
instantaneous detection probability of the sonar is computed using the statistical detection
model, as expressed below:

Pdt(SEt) =
1√
2πσ

∫ SEt

−∞
e
−

x2

2σ2 dx (7)

where Pdt(SEt) represents the instantaneous detection probability of sonar without consid-
ering the target probability at time t. SEt is the sonar signal excess at time t.

Combining the target distribution probability, the instantaneous detection probability
at time t in the area is:

PDt =
M

∑
i=1

N

∑
j=1

Pdt(SEt)Ptij (8)

In this case, Ptij represents the target position distribution probability in the row i
column j at time t.

3.2.2. Cumulative Detection Probability of Sonar

The instantaneous detection probability describes the likelihood of detecting a moving
target at a specific time, determined by the target distribution and the corresponding SE
at that moment. However, the objective of this study is to optimize the complete AUV
search path. Therefore, to comprehensively evaluate search performance, the concept of
cumulative detection probability (CDP) is introduced. CDP is defined as the probability
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that the sonar detects the target at least once along the entire search path, thereby reflecting
the overall effectiveness of the path. During path execution, the sonar performs detection
at discrete time intervals, yielding a sequence of instantaneous detection probabilities. The
CDP is not obtained by simply summing these probabilities. Instead, assuming independent
detection events, it is computed based on the probability of at least one successful detection.
A higher CDP indicates a greater likelihood of detecting the target and, consequently, a
more effective search path.

When consecutive detections along the search path are assumed to be independent,
the CDP can be expressed as 1 − ∏(1 − PDi), i.e., the complement of the product of the
individual detection failure probabilities. However, in practical underwater scenarios,
targets typically move slowly and sonar directivity varies gradually. Consequently, in-
stantaneous detection probabilities at adjacent time steps are positively correlated rather
than independent. In other words, a high detection probability at a given moment implies
a high likelihood at neighboring moments. Conventional independence-based models
neglect this correlation, leading to inaccuracies in CDP estimation. To address this issue, the
model incorporates the historical maximum of the instantaneous detection probability as a
correction factor. In this formulation, the CDP depends not only on the current and past
instantaneous probabilities but also on their historical maximum PDh. A larger historical
maximum reduces the overall failure probability and increases the CDP. Even if subsequent
detection probabilities decrease, the historical maximum continues to exert a dominant
influence, significantly enhancing the cumulative detection performance. In addition, a
detection correlation factor α is introduced to quantify the dependence between adjacent
detections. Shorter time intervals correspond to stronger correlation and weaker inde-
pendence, allowing the model to appropriately regulate the contribution of the historical
maximum to the CDP.

Assuming 0 ≤ t ≤ T, the instantaneous detection probability at time t is PDt. The
maximum value of all instantaneous detection probabilities before time t is PDh. The CDP
at time t is CDPt.

CDPt = 1 − 1 − PDh
1 − αPDh

t

∏
i=0

(1 − αPDi) (9)

where α = 1 − e−λ∆ is the detection correlation factor, ∆ is the time interval between two
adjacent detections, T is the total search time.

When applying the grid-based approach to model target position distribution and
sonar detection probability, the selection of grid size is critical. If the grid is overly refined
(i.e., the values of M and N in Equation (8) are large), the spatial resolution of the target
distribution is high, but the probability mass becomes dispersed across many cells. This
significantly increases the number of grid evaluations, thereby raising the computational
cost of both sonar detection probability estimation and the genetic algorithm. Conversely,
if the grid is too coarse, the computational burden is reduced, but the target distribu-
tion becomes overly concentrated. In this case, the grid cannot accurately represent the
potential target locations, leading to reduced reliability in both the target distribution
probability and the sonar detection probability, which may ultimately degrade path plan-
ning performance. Therefore, a trade-off must be achieved between grid resolution and
computational complexity. In practice, the grid size can be determined based on the maxi-
mum detection range of the sonar system. This ensures effective target detectability while
minimizing redundant calculations and preserving sufficient accuracy in representing the
target position distribution.
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4. Genetic Algorithm Path Planning Based on Target Position Control
Mutation Strategy

The solution space optimization capability of genetic algorithms (GAs) plays a crucial
role in path planning. First, an initial population of candidate search paths is generated
based on AUV motion parameters, forming the solution space for the optimization problem.
Next, the CDP of each path is evaluated, and paths with higher CDP values are preferen-
tially retained. Subsequently, crossover and mutation operations are applied to evolve the
population. Through iterative updates of the population, the path with the highest CDP is
ultimately selected as the optimal solution for path planning.

4.1. AUV Search Path Population Establishment

During target search operations, an AUV typically maintains a constant heading for
a certain period (ranging from tens of seconds to several minutes) before adjusting its
heading angle in response to environmental or mission conditions. When the AUV speed
is constant, each interval of fixed heading can be defined as a segment. The representation
of the search path is illustrated in Figure 3.
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Figure 3. Description of the search path.

Where S represents the starting point of AUV. T represents the total length of the
search period. t12, t23, . . ., tL(L+1) represent the length of each search period. L represents
the number of search periods. ck

i represents the path i. θk
ij represents the heading angle at

the period j along path i.
A real number coding scheme is used to encode each path. The path population is the

set of all search paths. The path population is denoted as follows:

C(k) =
{

ck
1, ck

2, . . . ck
i , . . . , ck

Q

}
k = 1, 2, . . . , K, i = 1, 2, . . . , Q (10)

where k represents the current population generation. K represents the maximum popula-
tion generation. Q represents the size of the path population. ck

i represents the path i in the
population generation k.

ck
i =

[
θk

i1, θk
i2, . . . θk

ij, . . . , θk
iL

]
j = 1, 2, . . . , L (11)

where θk
ij represents the course in period j of the path i in the population generation k.

The initialization of the path population is based on the AUV’s initial position. To
enhance the diversity of candidate paths, the initial position is taken as the starting point,
and heading angles are randomly generated over the full 360◦ range. The duration of each
path segment is determined according to the total search time, and an initial population of
search paths is then constructed accordingly.
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4.2. Path Selection and Intersection Strategy Based on Cumulative Detection Probability

Calculate the CDP of each path in the population. According to the definition of CDP,
a path with a higher CDP indicates a greater likelihood of successfully detecting the target.
Therefore, the population is ranked in descending order based on CDP values, and the
top-ranked path is directly preserved in the next generation. The number of retained paths,
denoted as A, is determined as follows:

A = PaQ (12)

where Pa is the probability of path selection.
To enhance the diversity of candidate search paths, a crossover operation is applied to

the population, with paths of higher CDP preferentially retained in the next generation.
The crossover is performed probabilistically: two parent paths are selected based on their
CDP values, and a new path is generated through single-point crossover. Paths with higher
CDP have a greater likelihood of being selected. A schematic illustration of the crossover
operation is presented in Figure 4.

Cross

Cross 
point

k
ac

k
bc

k
ac

k
bc

Figure 4. Schematic diagram of path crossing operation.

Assume the crossover probability is Pb. According to the selection method illustrated
in Figure 4, two parent paths a and b are randomly selected based on their CDP values, and
a random number R in [0, 1] is generated. When Pb ≥ R, crossover is performed between
paths a and b. Assuming that the crossover occurs at the period j, the two parent paths are
recombined at this point to generate new offspring paths, as expressed in Equation (13).

c̃k
a =

[
. . . θk

aj, θk
bj+1, . . .

]
c̃k

b =
[
. . . θk

bj, θk
aj+1, . . .

] Pb ≥ R

 ck
a =

[
. . . θk

aj, θk
aj+1, . . .

]
ck

b =
[
. . . θk

bj, θk
bj+1, . . .

] Pb < R

(13)

where ck
a and ck

b are a group of randomly selected paths. R is a random number. The
crossing operation selects B = PbQ as the number of individuals to be retained for the next
generations.

4.3. Path Point Mutation Strategy Based on Target Position Control

To enhance the diversity of search path segments and ensure variability in AUV
headings within the population, mutation operations are applied to the candidate paths. In
the mutation process, both the direction and magnitude of mutation critically influence
the search efficiency and convergence speed of the algorithm. In conventional genetic
algorithms, mutation is typically implemented by randomly altering the heading angle of a
path segment. However, this approach is independent of the target’s position distribution,
leading to unguided mutation directions and low mutation efficiency.
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In this paper, a mutation strategy guided by the target distribution is proposed based
on the motion characteristics of targets and the properties of the search path population.
Specifically, the mutation direction is determined by the relative orientation between the
AUV and the grid-based target position distribution. Since the objective of the search is
to maximize the probability of target detection, regions with higher target distribution
probability are more likely to contain the target. Therefore, the target distribution map is
used to guide the adjustment of the AUV heading during mutation, directing the evolution
of the path population toward regions with higher detection likelihood.

Let the mutation probability be Pc; for each path in the population, a random number
R in [0, 1] is generated. If R is less than the mutation probability, a mutation operation is
applied to the selected path. Assuming that a mutation occurs on path a, the updated path
can be expressed as follows: c̃k

a =
[
. . . θ′kai, . . . , θ′kaj, . . .

]
Pc ≥ R

ck
a =

[
. . . θk

ai, . . . , θk
aj, . . .

]
Pc < R

(14)

where i and j are the two mutation periods randomly selected. R is a random number. θ′kai
and θ′kaj represent the heading angle in the two periods i and j after mutation. c̃k

a is the path
after mutation. {

θ′kai = φk
a + d(Cmax − Cmin) i = wTR2

θ′kaj = θk
aj + R1π(k/K) j = T − wTR2

(15)

where d is a random number within the interval [−0.5, 0.5]. R1 is a random number
within the interval [0.5, 1]. R2 is a random number within the interval [0, 0.5]. Cmax and
Cmin denote the maximum and minimum heading angles that follow normal distributions
derived from the target’s prior information. The maximum and minimum heading angles,
defined by the 3σ range, are used to constrain the AUV’s search space to regions where
the target is most likely to be located. w is the control parameter in the search period. φk

a
represents the relative orientation between the grid center point with the maximum target
position distribution probability and the AUV position when the mutation is performed on
path a in period i, that is:

φk
a = arctan

ymax(Pi)
− yk

ai

xmax(Pi)
− xk

ai
(16)

where xmax(Pi)
and ymax(Pi)

represent the coordinates of the grid center point with the
maximum target position distribution probability during period i. xk

ai and yk
ai represent the

AUV position during period i on path a.
Equations (14)–(16) constitute the core of the proposed genetic algorithm with target-

position-distribution-controlled mutation. Since the heading angle is the primary factor
influencing the search path, variations in heading at different time steps lead to different
path and, consequently, different search outcomes. In the early stage of the search, the
AUV is directed toward regions with the highest target distribution probability, thereby
increasing the likelihood of detection. In the later stage, as the target distribution becomes
more dispersed, small-range mutations in the heading angle are insufficient. Therefore, the
mutation amplitude is increased to enhance path diversity and expand the exploration of the
search space. Accordingly, the proposed mutation strategy adopts a two-phase mechanism:
in the initial phase, mutation is guided toward directions with high target probability to
improve detection efficiency; in the subsequent phase, larger mutation amplitudes are
introduced to diversify path points and enrich candidate solutions. Meanwhile, as the
population converges in later iterations, excessive changes in heading should be avoided.
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Thus, the mutation amplitude is gradually reduced with the number of iterations to ensure
stable convergence toward the optimal solution.

So far, the path planning for underwater moving target search based on target position
control mutation factor genetic algorithm has been completed, and the principle is shown
in Figure 5.

Path population initializationTarget position distribution 
probability analysis
（equation 2，3）

Path mutation operation
(equation 14，15)

Path selecting operation

Output optimal search path

Sonar signal excess 
calculation (equation 6)

Path cumulative detection 
probability calculation 

(equation 9)

Path instantaneous 
detection probability 

calculation（equation 8）

Path crossing operation
(equation 13)

Improved genetic algorithmModeling of target motion and 
sonar detection

Reach iterations
Not reach 
iterations

 
Figure 5. Block diagram of search path planning based on improved genetic algorithm.

5. Simulated Analysis
5.1. Simulation Condition

To validate the proposed genetic algorithm for search path planning based on target-
position-distribution-controlled mutation, simulation experiments were conducted. The
simulation settings include prior information on the moving target, AUV motion capa-
bilities, sonar detection performance, and genetic algorithm parameters. The detailed
simulation conditions are listed in Table 1.

Table 1. Title simulation conditions.

Num Input Parameter Set Value

1

Motion
target

Initial position m0 (4 km, 4 km)
2 Speed mean Vm 7 m/s
3 Speed standard deviation σv 0.667
4 Heading angle means θ 30◦

5 Heading angle standard deviation σθ 6.67
6 Process noise variance q 0.005
7 Total time T 8 h

8
AUV parameter

Speed 5 m/s
9 Initial position S (0 km, 0 km)

10 Search total time T 8 h

11
Sonar parameter

Sound source level SL 85 dB
12 Noise grade NL 10 dB
13 Threshold detection DT 10 dB

14

Genetic algorithm
parameter

Maximum number of iterations K 30
15 Population size Q 40
16 Period length 0.5 h
17 Selective probability Pa 0.2
18 Crossover probability Pb 0.5
19 Mutation probability Pc 0.3
20 Control parameter in the search period w 0.5
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According to the target trajectory simulation method, the simulated heading angle
and speed of the target follow a normal distribution. The initial position is m0. The target
moves along the heading angle that follows a normal distribution with a mean value of θ

and a standard deviation of σθ . The speed of the target follows a normal distribution with a
mean of Vm and a standard deviation of σv.

The structure of the simulation program is illustrated in Figure 6. The program
consists of two main components. The first is a basic GA, which incorporates moving target
information and sonar detection characteristics. The second is the proposed improved
GA with a mutation strategy guided by target position distribution, which additionally
includes probabilistic analysis of target location and a sonar detection model. The target
cumulative detection probability (CDP) is employed as the performance metric to evaluate
and compare the paths generated by the two methods.

Target motion 
information

Sonar detects 
information

target position 
distribution 
probability 

analyse

sonar SE 
analyse

Path 
population 
generation

Path 
crossing

Path 
mutation

Enhanced 
path 

mutation

CDP

Optimal search 
path A

Optimal search 
path B

Basic method Improved method  
Figure 6. Schematic diagram of simulation program structure.

5.2. Simulation of Moving Target Position Distribution Probability

The target trajectory is simulated based on prior parameters, including the initial
position, speed information, heading angle information, and total search duration. The
search region (i.e., the potential target area) is discretized into grids, and the target position
distribution probability within each grid cell is calculated at each time step. In this study,
200 target trajectories are generated. Each grid cell has dimensions of 3000 m × 3000 m, and
the total simulation time is 8 h, corresponding to the overall search duration. The simulated
target trajectories and the corresponding target position distributions are presented in
Figures 7 and 8, respectively. Figure 7 illustrates the 200 simulated target trajectories, while
Figure 8 shows the pseudo-color map of the target position distribution probability after
grid discretization, computed at hourly intervals starting from 0.5 h.

Figures 7 and 8 correspond to the target motion trajectories and their discretized
representation shown in Figure 1. Figure 8 illustrates the temporal evolution of the target
position distribution probability, which directly informs the mutation strategy proposed in
this study. As shown in the figure, the target distribution becomes increasingly dispersed
over time. At 0.5 h, the maximum probability within a grid cell is approximately 0.3,
the target distribution is relatively concentrated. By 7.5 h, the maximum probability
decreases to about 0.02, the target distribution is dispersed. This phenomenon arises
because the target heading angles, sampled from a normal distribution, generate trajectories
that gradually diverge from the same initial position as time progresses. This temporal
evolution implies that different mutation strategies should be adopted at different stages of
the search. In the early stage, when the target distribution is concentrated, the search should
be guided toward regions with higher probability, using directional mutation to steer the
path population toward favorable areas. In the later stage, as the distribution becomes
more dispersed, the mutation amplitude should be increased to enhance exploration and
maximize the probability of target detection.

The grid size in Figure 8 is set to 3000 m × 3000 m based on the sonar detection
characteristics considered in this study. According to the passive sonar equation and the
sound source level specified in the simulation, the effective detection range is approximately
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1500 m. Given the symmetry of sonar detection, the grid side length is chosen as twice
the detection range to avoid missing potential targets due to overly coarse discretization.
From a physical perspective, for a fixed search area, reducing the grid size increases the
number of grid cells, causing the target probability to be distributed over more cells and
thus decreasing the probability within each individual grid. However, smaller grids also
reduce the effective detection distance within each cell, leading to higher SE values and,
consequently, increased detection probability. As a result, the decrease in target distribution
probability and the increase in detection probability offset each other to some extent, leading
to CDP not being directly determined by grid size. Nevertheless, grid size significantly
affects computational complexity. With fixed parameters such as population size, number
of iterations, and path length, the computational cost is proportional to the total number
of grid cells N × M. A larger number of grids leads to higher computational burden.
Conversely, excessively large grids concentrate probability into fewer cells, which may
cause missed detections and degrade algorithm performance. Therefore, selecting the grid
size based on the sonar detection range provides a reasonable balance between accuracy
and computational efficiency.

Figure 7. Simulated target trajectory.

Figure 8. Target position distribution probability.

5.3. Simulation of Sonar Detection Signal Excess

By taking the intersection of each grid’s diagonal lines as the center point, the sonar
detection direction is set at an azimuth of 90◦ relative to the center. Eight radial directions
around the center are then selected, and the corresponding sonar SE is calculated at discrete
intervals along each direction. The results are presented in Figure 9. The left panel shows
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the spatial distribution of SE across all grid cells, while the right panel provides a magnified
view of SE within a single grid. The color scale represents the magnitude of SE, with values
increasing as the color approaches yellow.

As shown in the figure, due to the influence of the sonar directivity coefficient, even
when the target–sonar distance is identical, the SE is higher in the principal detection
direction (approximately 85–105◦ in the figure) than in other directions. This indicates
that targets located within the main lobe of the sonar beam are more likely to be detected.
When the target and the AUV are located within the same grid cell, the SE value can be
determined based on their relative position and the distance to the grid center. If the
SE value is greater than zero, the corresponding instantaneous detection probability and
cumulative detection probability are then computed accordingly.

Enlarged view 
of a single grid 
signal excess

Figure 9. Sonar detection signal excess in the search area.

5.4. Implementation and Analysis of Search Path Planning Algorithm
5.4.1. Effectiveness Validation of the Proposed Genetic Algorithm for Search Path Planning

The initial population of search paths is illustrated in Figure 10. After 20 independent
runs, the optimal search path obtained using the proposed genetic algorithm with the
improved mutation strategy is shown in Figure 11. For comparison, paths generated by
the conventional genetic algorithm and the adaptive genetic algorithm [49] are included
as control groups. The corresponding target cumulative detection probability curves are
also presented in Figure 11, where the horizontal axis represents search time and the
vertical axis denotes the target cumulative detection probability value. Figure 12 depicts
the relationship between the optimal search paths and the target for the three algorithms.
The red curve denotes the optimal path obtained by the proposed method, the yellow
curve corresponds to the conventional genetic algorithm, and the pink curve represents the
adaptive genetic algorithm.

Figure 10. Initial population of search path.
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Figure 11. Target cumulative detection probability of the optimal search path.

Figure 12. Optimal search path with target position distribution.

Figures 11 and 12 demonstrate that the search path generated by the proposed algo-
rithm effectively covers regions where the target is likely to be present. Combined with
the target position distribution probability shown in Figure 9, it can be observed that the
optimal path in Figure 12 traverses grid cells with high target existence probability. The
AUV first detects the target at approximately 0.8 h after the start of the search, at which
point the CDP increases rapidly. Following this, the CDP exhibits a slight decrease and
then gradually recovers, indicating a temporary deviation of the search path from regions
with higher target probability. After subsequent adjustment by the algorithm, the path
returns to high-probability areas, and the CDP continues to increase, eventually stabilizing
at 0.48. This result confirms that the proposed method can effectively improve target
search performance.

To evaluate the effectiveness of the proposed mutation strategy, the improved genetic
algorithm is compared with both the traditional genetic algorithm and the adaptive genetic
algorithm. The CDP curves corresponding to the optimal search paths of the three methods
are presented in Figure 11. As shown, the optimal CDP achieved by the proposed method
is 0.48, compared with 0.38 for the adaptive genetic algorithm and 0.33 for the traditional
genetic algorithm. This represents an improvement of 0.15 over the conventional approach
and 0.10 over the adaptive variant. Moreover, in the proposed algorithm, the CDP continues
to increase even after the AUV first detects the target, indicating that the AUV maintains
effective search capability in subsequent stages. This result demonstrates that the improved
mutation strategy significantly enhances search performance.
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5.4.2. Impact of AUV Initial Position on the Performance of the GA with Improved
Mutation Strategy

When the target’s initial position is fixed, variations in the AUV’s initial position lead
to differences in relative orientation, distance, and relative motion between the AUV and
the target, thereby affecting search efficiency. Therefore, under identical prior information
for the target, this study analyzes the impact of three different AUV initial positions on
search performance. The geometric relationships between the three AUV initial positions
and the target are illustrated in Figure 13. In the figure, the red point denotes the AUV’s
initial position, the blue point represents the target’s initial position, and the blue arrow
indicates the target’s heading range. The three AUV initial positions are set to (0 km, 0 km),
(4 km, 12 km), and (80 km, 80 km), respectively.

AUV
Target

x

y

 

AUV

Target

y

x

 

AUV

Target

y

x

(a) (b) (c) 

Figure 13. Schematic diagram of the relationship between AUV and target initial position. (a) Position
1; (b) Position 2; (c) Position 3.

Under the three initial position configurations, the optimal search path CDP obtained
using the proposed genetic algorithm with the improved mutation strategy is shown in
Figure 14. When the AUV starts from Position 2, the generated path enters regions with
high target existence probability at approximately 0.3 h, resulting in an increase in CDP.
As time progresses and the target distribution becomes more dispersed, the growth rate
of CDP gradually decreases, eventually stabilizing at 0.88. In this case, the initial distance
between the AUV and the target is relatively small, and the relative speed difference is
favorable, enabling the search path to effectively cover high-probability regions, leading to
the highest CDP. When the AUV starts from Position 1, the path enters high-probability
regions at around 0.8 h, at which point the CDP begins to increase. However, due to the
larger initial separation between the AUV and the target, the target distribution is already
more dispersed when first detected, resulting in lower coverage efficiency compared to
Position 2. Consequently, the final CDP reaches 0.48. When the AUV starts from Position 3,
the initial distance to the target is significantly larger. The AUV fails to detect the target
until approximately 2.5 h after the search begins, by which time the target distribution
has become highly dispersed (with a maximum probability of about 0.02). Although
subsequent paths partially cover the target region, the final CDP only reaches 0.22.

In summary, the proposed genetic algorithm guides mutation directions using the
target position distribution probability, enabling search paths from different initial positions
to preferentially cover regions with higher target existence probability. Comparing the
results for Positions 1 and 2 indicates that the initial distance between the AUV and the
target directly affects the time required for the AUV to enter high-probability regions.
The results for Position 3 further demonstrate that even when the initial distance is large,
the algorithm can still achieve limited search effectiveness if the AUV and target exhibit
favorable relative motion. It should be noted that appropriate boundary conditions must
be considered when setting AUV motion parameters. For example, at Position 1, if the
AUV speed is too low or the initial distance is too large, the AUV may fail to reach
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high-probability regions before the target distribution becomes highly dispersed, leading
to search failure. These findings provide practical guidance for AUV deployment in
real-world applications.

Figure 14. Optimal path CDP of the improved genetic algorithm under three AUV initial positions.

5.4.3. Stability Analysis of Improved Mutation Strategy Genetic Algorithm

To evaluate the stability of the proposed genetic algorithm with the improved mutation
strategy, five independent simulation experiments were conducted. The CDP values of
the optimal paths obtained from these runs are summarized in Table 2. As shown, under
identical simulation conditions, the mean CDP of the optimal search paths is 0.4528, with a
variance of 0.0008. These results indicate that the proposed method exhibits strong stability
and consistent performance, demonstrating its potential as a reliable approach for AUV
target search applications.

Table 2. Cumulative detection probability of optimal search path obtained by 5 simulation experiments.

Num CDP Maximum Value CDP Mean Value CDP Variance

1 0.432

0.4528 0.0008
2 0.444
3 0.493
4 0.480
5 0.415

Figure 15 shows the optimal path for different iterations of the improved genetic
algorithm. The optimal path for iterations of 1, 10, 20, and 30 times respectively.

Figure 15. Optimal search path for different iterations.
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As shown in the figure, the optimal path consistently evolves toward regions with
the highest concentration of target points. As the number of iterations increases, the path
progressively converges to areas with the greatest target density. This indicates that the
proposed method effectively guides the search path toward regions with the highest target
position distribution probability.

6. Conclusions
This paper proposes a genetic algorithm-based path planning method for underwater

moving target search. First, to address the uncertainty of target motion, a Markov process
combined with a grid-based approach is employed to model target dynamics and estimate
the distribution probability of target positions. Second, based on the target distribution grid,
a sonar detection probability model is developed by incorporating the effects of random
fluctuations in the sonar signal excess. Finally, the target position distribution probability
and sonar detection probability model are integrated into the genetic algorithm, and the
mutation strategy is improved according to the characteristics of the search path to obtain
an optimal AUV search trajectory. Simulation results demonstrate that, compared with the
traditional genetic algorithm and the adaptive genetic algorithm, the proposed method
increases the target cumulative detection probability by 0.15 and 0.10, respectively. These
results confirm that the method can effectively plan AUV search paths under conditions
of stochastic target motion and random fluctuations in sonar signal excess. However, the
influence of time-varying sonar characteristics on path planning has not been considered
in this study and will be investigated in future work.
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