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Abstract
In recent years, deep-sea acoustic sensor networks (DSASNs) have gained considerable attention in areas such as deep-sea resource exploration, 
environmental monitoring, and underwater construction. However, due to the combined effects of adverse DSA channel conditions, a hostile 
deep-sea environment, long propagation delays, and limited energy supply, DSASNs often experience random performance fluctuations and low 
resilience. These issues are typically caused by unstable connectivity and abnormal node failures. Given the critical role of network topology in 
influencing network behavior, this paper proposes a hybrid topology optimization algorithm for DSASNs. The algorithm integrates the virtual 
force algorithm (VFA) and particle swarm optimization (PSO), leveraging the global search capability of PSO and the local optimization 
strength of VFA to provide a highly robust solution for improving the DSASN resilience (DSR–VFPSO). Specifically, a comprehensive 
objective function is formulated to transform the high-resilience topology optimization problem into a dual-objective function of maximizing 
coverage and optimizing betweenness centrality. This objective is addressed iteratively through the combined use of VFA and PSO to reach an 
optimal solution. Simulation results reveal that the proposed algorithm effectively improves the resilience of DSASNs under artificial stress 
conditions caused by random node failures.
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1  Introduction

Underwater sensor networks face several challenges, 
including limited bandwidth, high propagation delays, 
complex three-dimensional topologies, and strict power 
constraints. Traditional communication methods, such as 

radio and optical waves, are generally unsuitable for under‐
water use due to considerable signal attenuation in seawa‐
ter (Awan et al., 2019). In contrast, acoustic communica‐
tion offers better performance in underwater environments 
because it suffers less attenuation in seawater. Underwater 
acoustic wireless sensor networks (UAWSNs) employ 
acoustic signals to establish communication links between 
spatially distributed sensor nodes. These networks are 
envisioned to support a wide range of applications, includ‐
ing oceanographic data collection, pollution monitoring, 
offshore resource exploration, disaster prevention, assisted 
navigation and tactical surveillance (Akyildiz et al., 2005).

In recent years, with advancements in communication 
technology, research in underwater acoustic communica‐
tion has gradually shifted from short-range, high-speed 
communication in shallow waters to long-range, robust 
communication in deep-sea environments (Li et al., 2024). 
This transition has brought deep-sea acoustic sensor net‐
works (DSASNs) to the forefront of research. Unlike shal‐
low-sea environments, the deep sea exhibits notable ocean 
stratification and different sound propagation modes. The 
sound speed gradient in the deep sea markedly changes 
during propagation, resulting in various sound propagation 
modes such as channel axis, surface channel, shadow 
zones, and convergence zones (Zhao et al., 2024). Further‐
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more, DSASNs face unique challenges such as node spar‐
sity and severe signal attenuation. Physical damage or inter‐
ference to network nodes can lead to substantial perfor‐
mance fluctuations due to the diverse acoustic propagation 
modes and sparse distribution of nodes in deep-sea envi‐
ronments. This phenomenon results in poor network resil‐
ience and, in extreme cases, can cause the collapse or com‐
plete failure of the network. Therefore, enhancing the resil‐
ience of DSASNs has become an urgent and critical issue.

Network resilience is defined as the capability of a net‐
work to provide and maintain an acceptable level of ser‐
vice despite various failures and normal operational chal‐
lenges (Sterbenz et al., 2014). The main goal of resilience 
is to develop fault-tolerant networks (Huang et al., 2015), 
which are characterized by robustness and survivability.

Network topology is generally a crucial factor in deter‐
mining a network’s energy consumption, capacity, and reli‐
ability (Akyildiz et al., 2005), which can also serve as an 
important criterion for assessing resilience.

Current research in underwater sensor networks predom‐
inantly focuses on optimizing coverage, connectivity, and 
energy consumption. For instance, Liu et al. (2019) pro‐
posed a distributed node deployment algorithm based on 
virtual forces, which effectively enhances network cover‐
age, optimizes energy consumption, and improves node 
distribution. Yan et al. (2021) introduced a growth ring 
style uneven node depth-adjustment self-deployment opti‐
mization algorithm aimed at improving coverage and reli‐
ability, addressing the energy hole problem, and extending 
the network’s life cycle. Additionally, Choudhary et al. 
(2021) developed a dynamic topology algorithm for node 
deployment to maintain network coverage and connectiv‐
ity while reducing energy consumption. Their approach 
demonstrated an increase in residual energy by 3% and 
18% compared to other existing algorithms.

Given the NP-hard nature of underwater topology opti‐
mization, bio-inspired algorithms, such as particle swarm 
optimization (PSO), ant colony algorithm, and genetic 
algorithm (GA), have demonstrated better performance in 
underwater wireless sensor networks (Vihman et al., 2021). 
Recent algorithmic innovations further highlight the effec‐
tiveness of swarm intelligence. For example, Kumar Gola 
et al. (2021) introduced a sea lion optimization algorithm 
that achieved a 95% connectivity ratio across varying num‐
bers of acoustic sensor nodes. Similarly, a krill herd-based 
deployment strategy by Dong et al. (2023) and a multi-
population firefly algorithm by Annapurna and Sudhir 
(2023) focused on topology optimization with an emphasis 
on energy consumption, both yielding promising results.

However, the harsh deep-sea environment, character‐
ized by node vulnerability and the risk of cascading fail‐
ures, necessitates resilience-focused solutions. Yuan et al. 
(2024) established through cascading failure modeling that 
node deployment distance plays a critical role in determin‐

ing network invulnerability. Aiming to enhance fault toler‐
ance against random node failures, Dong et al. (2022) intro‐
duced classic scale-free structures into underwater acoustic 
sensor networks (UASNs). Additionally, Xu et al. (2023) 
proposed an efficient deployment scheme, EDNPM, which 
specifically considers reliable data transmission to improve 
network resilience. Extensive experiments have demon‐
strated that EDNPM outperforms other deployment algo‐
rithms in terms of network performance and robustness 
under various network settings. Chi et al. (2023) proposed 
a flexibility-based network topology evaluation model 
(FEM), and further developed a reinforcement learning-
based model, FEM–DRL. This model enables nodes to flex‐
ibly maintain an optimal topology structure even in harsh 
underwater environments, thereby notably improving net‐
work resilience. Despite these advancements, research based 
on the deep-sea environment remains largely unexplored. 
Aiming to address this gap, a hybrid algorithm that inte‐
grates the virtual force algorithm (VFA) with PSO and is 
specifically designed for the pre-deployment static optimi‐
zation of DSASNs to improve thre resilience of networks, 
which called DSR–VFPSO, is proposed. This approach 
leverages the global search capability of PSO alongside 
the local optimization strength of VFA, transforming resil‐
ience-oriented topology optimization into a multi-objec‐
tive problem that balances network coverage and between‐
ness centrality (BC). The resilience evaluation framework 
developed in this study assesses network performance 
based on post-failure connectivity retention, coverage main‐
tenance, and energy efficiency, metrics that are discussed 
in detail in Sections 2 and 3.

2  Network model

2.1  Sink-Node network model

The Sink-Node network model is characterized by a 
centralized sink node that serves as the primary hub for 
data aggregation and processing across the entire network.

In this model, the sink node is assumed to possess supe‐
rior computational capabilities and an effectively unlimited 
energy supply. Any node that fails to establish either a sin‐
gle-hop or multi-hop communication path to the sink node 
is considered functionally disconnected from the network.

The centrality of the sink node creates heterogeneous 
node importance across the network. The importance of 
nodes in the network is assessed using the BC parameter. 
The formulation follows Freeman’s definition as presented 
below (Freeman, 1977).

BC i = ∑
j, k ∈ N

njk (i )

njk

(1)
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where N represents the number of nodes in the network, njk 
denotes the total number of shortest paths between j and k, 
and njk (i ) is the number of shortest paths between j and k 
that pass through node i.

In the Sink-Node network, as previously mentioned, the 
destination for all common nodes is the sink node. There‐
fore, the formula can be modified as follows to adapt to 
the requirements.

BC i =∑
j ∈ N

nj (i )

nj

(2)

where N represents the number of common nodes in the 
sink-node network, nj is the number of shortest paths 
between j and sink node, and nj (i ) denotes the number 
of shortest paths betweenjand sink node that pass through 
node i.

2.2  Sensing model

The 0/1 sensing model is a commonly used sensing 
model in UASNs (Sandeep and Kumar, 2017). Its mathe‐
matical expression is given by Eq. (3), where cij refers to 
the probability that i perceives j, and dij represents the 
Euclidean distance between i and j.

cij =
ì
í
î

1, dij ≤ r

0, dij > r
(3)

Within a circular area centered on the sensor node with 
a specific sensing radius r, the perception probability is 1; 
outside this area, the perception probability is 0.

However, the underwater propagation of acoustic sig‐
nals is subject to refraction due to depth-dependent varia‐
tions in sound speed, which can lead to the formation of 
“shadow zones”. These areas demonstrate the propagation 
of minimal signal energy. Thus, communication with a 
receiver located within a shadow zone can be increasingly 
challenging (Preisig, 2007). This phenomenon is particu‐
larly pronounced in deep-sea environments, where a receiv‐
ing node resides within the nominal sensing radius of a 
transmitter, yet effective connectivity cannot be established 
if the receiver falls within the transmitter’s shadow zone. 
This study enhances the conventional 0/1 sensing model by 
incorporating shadow zone constraints. Two nodes are con‐
sidered connected only if the receiving node lies within 
the perception range of the sending node and is located 
outside its shadow zone. The formula is mathematically 
expressed in Eq. (4), where TLij denotes the transmission 
loss from i to j.

cij =
ì
í
î

ïï

ïï

1, dij ≤ r  and  TLij, TLji ≠ ∞
0, dij > r  and  ( )TLij = ∞ ∨ TLji = ∞

(4)

2.3  Energy consumption model

In UASNs, data often needs to be transmitted multiple 
times to ensure reliable transmission. For static UASNs, 
where nodes do not move, energy consumption primarily 
results from data transmission and reception. Therefore, 
the energy consumption of a node can be expressed as fol‐
lows (Hong et al., 2018):

E = Etx + Erx

Etx =
l

Rb

× ( )Eelec_s + Pt

Erx =
l

Rb

× Eelec_r

(5)

where Etx and Erx represent the energy expended to trans‐
mit and receive l − bits data, respectively. Eelec_s and Eelec_r 
refer to the power consumption of transmitting and receiv‐
ing circuits, respectively (unit: W). Rb and Pt represent the 
transmission rate and transmission power, respectively.

Aiming to ensure that the receiver can successfully 
receive the data transmitted by the sender, the required sig‐
nal power at the receiver Pr can be calculated using the fol‐
lowing formula:

Pr = SNR × Pn

Pn = k × T × BW
(6)

where SNR refers to the signal-to-noise ratio, Pn refers to 
the noise power, k represents the Boltzmann constant, T 
refers to the absolute temperature in water, BW represents 
the frequency bandwidth.

The transmitted power can be expressed as follows:

Pt = Pr + Lp (7)

where Pr refers to the signal power required by the receiver, 
and Lp refers to the transmission loss, including geometric 
expansion and absorption losses.

Based on the above discussion, the energy consumption 
of nodes can be expressed as shown in Eq. (8).

E =
l

Rb

× ( )Eelec_s + ( )SNR × k × T × BW + Lp + Eelec_r

(8)

3  Algorithm introduction

In this study, a hybrid optimization algorithm called 
DSR–VFPSO is proposed. As illustrated in Figure 1, the 
workflow comprises the following two principal phases:

Initialization parameters: configure swarm parameters 
and environmental constraints;

Iterative optimization: updates the parameters iteratively 
according to the fitness function until the optimal solution 
is achieved.
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3.1  Basic principle

The effectiveness of combining VFA and PSO has been 
verified in previous related studies (Sun et al., 2020; Hu 
et al., 2022). Therefore, this study will not elaborate on the 
principles of the algorithm. The velocity and position 
update formula of the VFPSO hybrid algorithm can be 
described as follows (Wang et al., 2007):

V i( )t + 1 = ω ⋅ V i( )t + c1 ⋅ r1 ⋅ ( )pi, best( )t − X i( )t +

c2 ⋅ r2 ⋅ ( )gbest( )t − X i( )t + c3 ⋅ r3 ⋅ vfi( )t
X i( )t + 1 = X i( )t + V i( )t + 1

(9)

The first three terms of the velocity update formula are 
consistent with the original PSO algorithm, while the third 
term is new. Let V i and X i represent the ith velocity and 
position, respectively, and pi, best denotes the ith best posi‐
tion. ω represents the inertia weight, which is adjusted to 
balance global convergence and convergence speed. c1 rep‐
resents the individual learning factor, c2 denotes the group 

learning factor, and c3 is an acceleration element. r1, r2, and 
r3 are random numbers between [0, 1], which introduce ran‐
domness into the search process and prevent particles from 
falling into local optimality. vfi ( t ) represents the proleptic 
motion indicated by the virtual force of the ith particle, 
which is computed using the following expression (Wang 
et al., 2007):

vfi =


F i

|| F i

× MaxStep × e
− 1

|| Fi (10)

where MaxStep is the maximum mobile distance, and 

F i 

refers to the resultant force exerted on i. 

Fi can be calcu‐

lated according to Liu et al. (2019).

3.2  Constraint condition

Connectivity is a critical property that determines the 
proper detection and communication of events of interest 
in UAWSN, especially due to the unstable underwater 
environment (Sandeep and Kumar, 2017). This condi‐
tion is equally true in deep-sea environments. Thus, in this 
paper, full connectivity of the network is treated as a con‐
straint.

The network model used in this study is the sink-node 
network model, as previously mentioned, where full con‐
nectivity means that all common nodes must be connected 
to the sink node, either through single-hop or multi-hop 
communication.

The sound fields around nodes at different depths vary. 
Thus, a node is considered properly connected to the sink 
node only data can be transmitted either uplink or down‐
link. The connectivity rate rcon of the sink-node network 
can be calculated using Eq. (11).

rcon =
ncon

n
(11)

The connectivity rate rcon of the sink-node network must 
be 1, that is, the constraint condition of DSR–VFPSO. In 
this equation, ncon represents the number of nodes that can 
be connected to the sink node through single-hop or multi-
hop communication and nrepresents the number of com‐
mon nodes in the network.

3.3  Fitness function

In DSR–VFPSO, the primary goal of the proposed algo‐
rithm is to improve network resilience. The fitness func‐
tion is designed to optimize two key objectives: coverage 
and BC.

Coverage reflects the initial coverage capability of the 
network at the time of deployment and serves as the basis 
for overall network performance. Under the constraint of 

Figure 1　Flow chart of DSR–VFPSO
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full connectivity, when aiming to improve resilience or 
other performance metrics, maintaining the basic perfor‐
mance of the network is crucial.

The three-dimensional space is divided into several cubes 
when calculating the coverage rate of the network. If all 
the vertices of a cube are covered by at least one node, 
then the cube is considered to be covered. The schematic 
of the coverage rate calculation is shown in Figure 2.

The mathematical expression is as follows:

f ( )x, y, z =
ì
í
î

ïï

ïï

1, if  ∃i ∈X  such  that  ∀vj ∈Vx, y, z,  d ( )i, vj ≤ r

0, otherwise

(12)

If the monitoring space is divided into n1 × n2 × n3 cubes, 
then f ( x, y, z ) indicates whether the cube at ( x, y, z ) is 
covered. X refers to the set of coordinates of all sensor 
nodes in the network, and Vx, y, z represents the set of all 
vertices of the cube at ( x, y, z ). A cube is considered cov‐
ered only if it is completely protected by at least one node 
(Jin et al., 2019). Thus, the coverage rate rcov can be calcu‐
lated as follows:

rcov =
∑

x ∈ n1,  y ∈ n2, z ∈ n3

f ( )x, y, z

n1 × n2 × n3

(13)

Network resilience can be defined as the network’s capa‐
bility to resist damage to some extent. In sink-oriented net‐
work architectures, the topological implication of individ‐
ual nodes exhibits substantial heterogeneity. Aiming to 
enhance network resilience, the traffic burden across nodes 
is implicitly equalized through structural homogenization, 
which involves balancing the importance of nodes within 
the network. This approach ensures that, even in the pres‐
ence of random node expirations, the network can main‐
tain excellent overall performance.

As mentioned in Section 2.1, BC can be used to describe 
the importance of nodes in networks. The standard devia‐
tion of BC can be minimized to balance the importance of 
nodes. The expression is presented as follows:

BCstd =
∑
i = 1

n

( )BC i − - -----
BC

2

n − 1
(14)

Based on the aforementioned, the fitness function can 
be expressed as shown below.

fitness = α ⋅ rcov + ( )1 − α ⋅ BCstd (15)

4  Numerical simulation

In this section, the effectiveness of the proposed DSR–
VFPSO algorithm is verified via comparison with other 
existing algorithms, such as VFPSO, PSO, and random 
deployment. Liu et al. (2019) introduced the VFPSO algo‐
rithm, and its objective function is to maximize coverage. 
PSO refers to a simple PSO algorithm proposed by Ghosh 
et al. (2012), with a fitness function that also aims to maxi‐
mize coverage. Aiming to further illustrate the advantages 
of the proposed hybrid algorithms, the results of a simple 
PSO algorithm, with coverage and BC as fitness functions, 
are also calculated. The random deployment algorithm ran‐
domly deploys nodes in the target area.

Aiming to evaluate resilience enhancement, node expira‐
tions due to adverse ocean environments are artificially 
simulated by randomly deleting nodes. Specifically, when 
a node fails, all links connected to the node also fail. This 
phenomenon can be summarized as the permanent inde‐
pendent random node failure model (Kong and Yeh, 2010). 
Permanent indicates that once the node fails, recovery is 
impossible (Huang et al., 2015). Random indicates that the 
probability and combination of node failures are both ran‐
dom. Independent indicates that the probability of node 
failure is independent and unaffected by other nodes.

4.1  Simulation setup

n nodes are deployed within an area of 5 km × 5 km × 
d km. The simulated sea area is the classic Munk deep-sea 
sound channel (Porter and Bucker, 1987), under which the 
sound speed profile and transmission loss diagram of the 
Bellhop-simulated sound field are shown in Figure 3.

The channel axis is located at a depth of 1 400 m; thus, d 
is set to 1 400 m. The scenario involves optimizing the topol‐
ogy for cross-layer transmission among nodes in the shal‐
low layers of the deep sea. The settings for the other param‐
eters in this simulation are detailed in Table 1.

As discussed in Section 3.3, the experiment area must 
be divided into several mesh regions to calculate the cover‐
age rate of the network. The parameter “Mesh size” in the 
table represents the size of each mesh body. As previously 
mentioned, this experiment simulates node expirations 
caused by the external conditions of the deep-sea environ‐

Figure 2　Coverage schematic
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ment through the random deletion of nodes. Aiming to 
ensure the reliability of the results, the “random deletion” 
step is repeated multiple times, and the results are aver‐
aged to eliminate any bias. The “Number of repeats” in the 
last row of Table 1 indicates the number of repetitions for 
the “random deletion” step.

The simulation verification of the resilience of DSASN 
in this section is mainly divided into two parts: 1) Network 
invulnerability, which is assessed by comparing network 
coverage and connectivity before and after node failure, 
and 2) Energy consumption, which is measured by the 
number of rounds until the first node in the network fails.

Aiming to further improve the effectiveness of the DSR–
VFPSO algorithm, the initial coverage of the network is 
also compared to ensure that its initial performance remains 
excellent while improving the resilience.

4.2  Network invulnerability

The application scenario in this paper focuses on topol‐
ogy optimization before actual deployment. Therefore, the 
connectivity and coverage rates of the network after partial 
node failure directly measure the invulnerability of the net‐
work to attacks. Maintaining high connectivity and cover‐
age rates indicates that the network is highly fault-tolerant 
and exhibits good resilience.

The abnormal failure scenario of underwater network 
nodes in deep-sea environments is simulated via the ran‐
dom deletion of nodes in the network.

The number of nodes in the simulation is 20. Aiming to 
comprehensively assess algorithmic performance, compar‐
ative analyses between the proposed method and other 
algorithms, including VFPSO, simple PSO, PSO with pro‐
posed fitness function (“PSO with BC” in figures), genetic 
algorithm (GA) with proposed fitness function (“GA with 
BC” in figures), are conducted to effectively demonstrate 
thecompetitive advantages of DSR–VFPSO. The results 
are presented in Figures 4 and 5. The formulas for calculat‐
ing the connectivity and coverage rates are shown in Eqs. 
(11) and (13), respectively.

Notably, at the beginning, except for the random deploy‐
ment algorithm, the connectivity rate of other algorithms 
is 100%. When the number of failed nodes increases, the 
connectivity rate gradually decreases. The connectivity 
retention rate of the proposed algorithm is slightly lower 
than that of GA but higher than that of other algorithms. 

Figure 3　Bellhop sound channel simulation

Table 1　Simulation parameter setting

Parameters 

Sound source frequency (Hz)

Depth of deep-sea (m)

Seabed sound speed (m/s)

Seabed density (g/cm³)

Seabed attenuation coefficient (dB/λ)

Experimental area (x, y, z) (m)

Mesh size (x, y, z) (m)

Communication radius Rc (m)

Sensing radius Rs (m)

Weight of fitness function α

Individual learning factor c1

Group learning factor c2

Acceleration element c3

MaxStep

Number of repeats

Values

5 500

5 000

1 600

1.8

0.8

(5 000, 5 000, 1 400)

(100, 100, 100)

1 500

750

0.2

0.45

0.45

0.45

1/2 Rs

200
Figure 4　Connectivity change curve after node failure
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After node failure (taking 10 nodes as an example), the 
connectivity rate of the DSR–VFPSO algorithm is 16.34%, 
26.20%, 36.35%, and 48.33% higher than that of PSO 
with BC, PSO, VFPSO, and random deployment, respec‐
tively, and 4.58% lower than GA with BC.

In terms of coverage, as the number of failed nodes 
increases, the coverage rate also gradually decreases. 
Although the initial coverage of the proposed DSR–
VFPSO algorithm is slightly lower than that of the VFPSO 
and PSO algorithms, its coverage after node failure is higher 
than other algorithms. Take 10 nodes that fail as an exam‐
ple. After node failure, the coverage rates of DSR–VFPSO, 
PSO with BC, PSO, VFPSO, GA with BC, and random 
deployment are 17.43%, 28.75%, 39.32%, 52.33%, 28.89%, 
and 43.57% lower than their initial values, respectively.

These results are expected. The DSR–VFPSO algorithm, 

PSO with BC, and GA with BC consider BC (which is the 
index considered for enhancing resilience), while the remain‐
ing three overlook this parameter. Therefore, after random 
node expirations, the DSR–VFPSO demonstrates excellent 
connectivity and coverage preservation performance. By 
combining the advantages of VFA and PSO, the DSR–
VFPSO outperforms the basic PSO with BC. In compari‐
son to GA with BC, although it achieves higher connectiv‐
ity preservation after node failures, DSR–VFPSO has supe‐
rior initial coverage and coverage retention rates. Figure 6 
shows one of the topological solutions generated by each 
algorithm. Noatbly, GA maintains high connectivity due to 
its relatively compact node deployment, which leads to a 
lower area coverage. A possible explanation is that GA 
may get trapped in local optima, thereby failing to achieve 
the optimal spatial distribution of nodes.

Based on the preceding analysis, the DSR–VFPSO algo‐
rithm exhibits superior survivability compared to the bench‐
mark algorithms.

4.3  Energy consumption

The energy consumption during data transmission and 
retrieval is calculated based on the energy consumption 
model described in Section 2.3. When a node is heavily 
loaded, its energy tends to deplete quickly. In DSASNs 
with sink nodes, the failure of a heavily loaded node often 
makes it challenging for the network to complete its tasks 
effectively. Therefore, in this paper, network lifetime is the 
number of cycles at which the first node dies due to 
energy exhaustion (Dong et al., 2020). After partial node 

Figure 6　Topology structure of each algorithm

Figure 5　Coverage change curve after node failure
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failure, a longer time that the first node continues to func‐
tion indicates that the network has good energy efficiency 
and energy management capabilities, thereby indicating 
strong resilience.

In this part of the simulation, the routing protocol used 
is the minimum hop routing protocol. A path is randomly 
selected in the presence of multiple paths with the same 
hops.

The network energy consumption under different algo‐
rithms is compared by setting various loads. The network 
load is represented by setting the probability and using the 
Poisson distribution to generate tasks. The following 
expression simulates the number of tasks that occur per 
second in 100 s.

ai~Poisson ( task_load ),  i = 1, 2, 3, ⋯, 100 (16)

where ai is a random variable of the Poisson distribution, 
representing the number of tasks that occur in a given sec‐
ond, and task_load is the average number of packets per 
second. According to Eq. (16), random numbers are gener‐
ated based on a given task_load probability to simulate the 
network load. Only ai values greater than 0 are considered, 
representing the number of active tasks in the network 
under the load of task_load. These tasks are then randomly 
assigned to nodes in the network to simulate task alloca‐
tion. Based on this setup, the simulation calculates the cor‐
responding energy consumption.

The energy consumption results for the DSR–VFPSO, 
PSO with BC, PSO, VFPSO, and GA with BC algorithms 
are shown in Figure 7. The random deployment algorithm 
is excluded from the comparison because it cannot ensure 
full network connectivity.

Notably, the network lifetime decreases as the load 
increases. Among the compared algorithms, the GA 
achieves an extended network lifetime due to its compact 
deployment, which facilitates multiple routing paths. How‐
ever, excluding GA, DSR–VFPSO outperforms the other 
three algorithms in terms of operational lifetime. When the 
load is 0.05, the lifetime of DSR–VFPSO is nearly twice 

that of VFPSO and PSO, and approximately 1.5 times lon‐
ger than PSO with BC. These results highlight the strong 
performance of the DSR–VFPSO algorithm.

Additionally, to account for variations in network scale, 
a comparative analysis of energy consumption across dif‐
ferent network sizes (node counts) is conducted, all with 
an average packet load of 0.25. As illustrated in Figure 8, 
the results are consistent with the performance trends 
observed in the 20-node scenario.

4.4  Initial coverage

Comparative results from Sections 4.2 and 4.3 reveal 
that the resilience of DSR–VFPSO notably surpasses that 
of the other algorithms. This section further evaluates the 
performance of the DSR–VFPSO algorithm by comparing 
initial coverage against the number of deployed nodes.

The formula for calculating coverage rate is given in 
Eq. (13). Herein, the proposed DSR–VFPSO algorithm is 
compared with PSO with BC, PSO, VFPSO, and GA with 
BC. Experiments are conducted within the same area, 
using identical iteration counts while varying the number 
of deployed nodes. The coverage comparison results are 
shown in Figure 9.

Notably, as the number of nodes increases, the coverage 
rate of the experimental area constantly improves. When 

Figure 7　Energy consumption comparison

Figure 8　Energy consumption comparison across different network 
sizes

Figure 9　Coverage comparison result figure
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the node count is low, the algorithm incorporating VFA 
achieves a higher coverage rate compared to the PSO algo‐
rithm alone. As the number of nodes increases, all algo‐
rithms except GA with BC reach final coverage rates 
above 95%. Among all the compared algorithms, VFPSO 
demonstrates excellent performance in maximizing cover‐
age. The coverage results for DSR–VFPSO and PSO with 
BC are slightly lower than those of VFPSO and PSO, pos‐
sible due to their multi-objective optimization approach. 
However, DSR–VFPSO outperforms PSO with BC, further 
highlighting the advantages of the hybrid DSR–VFPSO 
algorithm.

5  Conclusions

In this paper, the issues of sensor node energy limitations, 
unstable connectivity quality, and abnormal node failures in 
DSASN are addressed by proposing a three-dimensional 
hybrid topology optimization algorithm, DSR–VFPSO, 
which integrates VFA and PSO to improve the resilience 
of DSASNs. Unlike similar studies on shallow water acous‐
tic networks, the proposed algorithm considers the influ‐
ence of deep-sea sound shadow zones in cross-layer trans‐
mission and combines VFA and PSO to find the optimal 
topology that maximizes network coverage and resilience 
while ensuring full connectivity of the DSASN with the 
sink node. Numerical simulation results, obtained by artifi‐
cially imposing random node expirations on a simulated 
deep-sea network to mimic the impact of adverse marine 
environments, show that the proposed DSR–VFPSO algo‐
rithm achieves better invulnerability and longer lifetime 
than other comparison algorithms while maintaining a 
high coverage rate. Future work will focus on developing 
dynamic topology reconfiguration mechanisms with embed‐
ded real-time responsiveness, coupled with AI-based predic‐
tive failure models, thereby allowing data-informed topol‐
ogy adjustments in mission-critical marine environments.
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