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Abstract: Because underwater sensor networks (USNs) have limited energy resources due to environmental constraints, it is 
essential to improve energy utilization. For this purpose, an autonomous underwater vehicle (AUV) with greater onboard computation 
power is used to process measurement data, and the mobility of the AUV is leveraged to optimize the USN topology, enhancing 
tracking accuracy. First, to address the transmission delay of underwater acoustic signals, a time-delay compensated centralized 
extended Kalman filter (TD-CEKF) algorithm is proposed. Next, the mathematical relationship between AUV position and USN 
topology is established, based on which the optimization target is constructed. Subsequently, a penalty function is introduced to 
remove the constraints from the objective function, and the optimal AUV position is searched using the gradient descent method 
to optimize the USN topology. The simulation results demonstrate that the proposed algorithm can effectively overcome the 
influence of transmission delay on target tracking and achieve improved tracking performance.
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1  Introduction

With the increasing emphasis on marine resources 
and security, the Internet of Underwater Things (IoUT) 
has gradually started to take shape (Jahanbakht et al., 
2021). As an early practical form of IoUT, underwa‐
ter sensor networks (USNs) have been widely used 
in underwater resource exploration, marine environ‐
mental monitoring, and marine military applications 
(Alostad, 2020; Mohsan et al., 2022). Among them, 
target tracking technology based on USNs has become 

a research hotspot due to its stealth, low cost, and 
flexibility, and it has been applied in scenarios such 
as diver navigation, underwater search and rescue, and 
hostile target monitoring (Tang et al., 2024). Target 
tracking technology based on USNs faces two main 
challenges—the complex underwater acoustic envi‐
ronment, characterized by narrow bandwidth and sig‐
nificant transmission delays, which makes tracking 
difficult, and energy constraints on USN nodes, which 
cannot have their batteries replaced, resulting in a 
limited lifetime. The problem of limited bandwidth 
resources in underwater acoustic channel communi‐
cation can be addressed by improving the communi‐
cation bandwidth utilization rate. Zhang SL et al. (2017) 
quantized the sensor communication data to reduce the 
communication bandwidth occupation and improved 
the quantization error by selecting quantization bounds. 
Luo et al. (2019) further improved underwater target 
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tracking performance by selecting different quantiza‐
tion bits for different sensor nodes. Zhang Q et al. 
(2015) derived the Cramér–Rao lower bound under 
quantized measurements and used it as an optimiza‐
tion objective to select the best fusion node to im‐
prove the tracking performance. To address the issue 
of transmission delays in underwater acoustic sig‐
nals, Su et al. (2020) considered the impact of trans‐
mission delay of ranging echoes and proposed an un‐
scented Kalman filter (UKF) fusion method based on 
delay estimation. On this basis, Zhang ZK et al. (2023) 
improved the calculation of transmission delay and 
proposed an improved asynchronous fusion method 
for particle filters.

Many studies have focused on improvements in 
the energy utilization of USNs. Li et al. (2025) used 
the topological structure and energy consumption of 
nodes as indicators to select neighboring nodes for 
tracking, thereby reducing energy consumption while 
meeting tracking accuracy requirements. Zhang D 
et al. (2019) studied the relationship between node 
transmission energy consumption and the Fisher infor‐
mation matrix (FIM), on the basis of which the energy 
of sensor nodes in a period of time is reasonably allo‐
cated. Tian and Zhang (2022) considered the errors 
caused by the positional uncertainty of USNs. Using 
the FIM, mutual information, and the number of nodes 
as objectives, they employed the non-dominated sort‐
ing genetic algorithm II (NSGA-II) and the technique 
for order preference by similarity to ideal solution 
(TOPSIS) to select specific nodes for tracking, thereby 
reducing the energy consumption of the sensor net‐
work. Zheng et al. (2023) proposed a reinforcement 
learning sensor node selection scheme to achieve a 
balance between tracking accuracy and energy consump‐
tion through a trained dueling double deep Q-network 
(D3QN). Zhang D et al. (2018) fully mined the informa‐
tion of measured values, calculated the mutual informa‐
tion of sensor nodes, and proposed a data fusion method 
based on mutual information weighting.

Most of the above studies focus on traditional 
fixed USNs, where the nodes are immobile and the cov‐
erage area and battery capacity are limited. However, 
autonomous underwater vehicles (AUVs) have rela‐
tively mature applications in scientific research, civilian 
use, and military fields (Xu and Guo, 2022; Xu et al., 
2022; Zhang JX et al., 2022; Wang et al., 2024). 

Compared to fixed USN nodes, AUVs have the cap‑
ability of free movement and possess greater computing 
power. More importantly, AUVs can surface for recov‐
ery and recharge after completing their tasks. There‐
fore, by introducing AUVs into the tracking process, 
the energy consumption of USN nodes can be reduced, 
and the tracking performance can be improved. At 
present, research on AUV underwater target tracking 
applications is focused on single AUV or multi-AUV 
collaboration (Chen et al., 2022a, 2022b), and there is 
little research on joint tracking by AUV and USN nodes 
(Song et al., 2023). Although Tian and Zhang (2021) 
used the AUV’s mobility and computing power to act 
as a fusion center in the proposed tracking method, 
their research did not consider the influence of the 
AUV’s own position change on the USN topology.

Although the aforementioned literature on delay 
estimation fusion has effectively improved underwa‐
ter target tracking through particle simulation of acou‑
stic transmission delays, tracking methods based on 
particle Monte Carlo simulation and unscented trans‐
formation require extensive computation. This places 
high demands on the computational capabilities of 
USNs, making it difficult to meet the requirements of 
practical engineering applications. The aforementioned 
research on improving the energy efficiency of USNs 
has greatly enhanced energy utilization during target 
tracking. However, these studies have focused pri‐
marily on traditional fixed USNs, with relatively few 
in-depth investigations into the collaboration between 
AUVs and USNs. Motivated by this, a target tracking 
method involving the collaboration between AUVs 
and USNs is proposed in this paper. On the basis of 
using an AUV’s computing power to make it a fusion 
center, the AUV is used as a tracking node to reduce 
the number of USN nodes participating in tracking and 
improve the lifetime of USNs. Then, the mobility of 
the AUV is used to form a better topology with the 
USN nodes involved in tracking to improve the track‐
ing performance.

The main contributions of this paper are as follows:
1. A time-delay compensated centralized extended 

Kalman filter (TD-CEKF) method for cooperative 
tracking by AUV and USN nodes is proposed. This 
method not only considers the influence of the under‐
water acoustic signal transmission delay but also avoids 
the simulation of many particles.
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2. The mathematical relationship between AUV 
position coordinates and the FIM is derived, and the 
optimization problem is constructed on this basis.

3. An AUV position search algorithm based on 
the gradient descent method is proposed. First, the pro‑
blem is unconstrained by applying a penalty function, 
and then the AUV position with the best topology is 
searched using gradient descent.

2  System model

In this section, the motion model of the target 
and the measurement model of the sensors are estab‐
lished, and the underwater acoustic signal transmission 
model and the TD-CEKF algorithm are introduced.

2.1  USN and underwater target motion model

We assume that all sensor clocks and measure‐
ment times are synchronized and that the measure‐
ment information includes timestamps. The target 
moves in the underwater three-dimensional (3D) space, 
and the state of the target at time k is

Xk = [ xk, vx,k, yk, vy,k, zk, vz,k ]T, (1)

where (xk, yk, zk) is the 3D coordinates of the target at 
time k and (vx,k, vy,k, vz,k) is the velocity vector of the 
target.

The motion equation of the target at time k can 
be expressed as

Xk + 1 = Fk Xk + Gkwk, (2)

where Fk is the state transition matrix of the target’s 
motion. In USN target tracking, common motion 
models include constant velocity (CV) and constant 
turn (CT). Gk represents the process noise matrix and 
wk is the zero-mean Gaussian white noise. The samp‑
ling interval is T, and the state transition matrix Fk of 
the two motion models can be expressed as

F CV
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The process noise matrix Gk is

Gk =
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.    (5)

The distance measurement received by the USN 
node i or AUV at time k can be expressed as

Z i
k = h(Xk )+ vi

k

= ( xk − xi )2 +( yk − yi )2 +( zk − zi )2 + vi
k ,

(6)

where (xi, yi, zi) is the position coordinate of sensor 
node i and vi

k is the zero-mean Gaussian noise of 
node i with variance R.

2.2  TD-CEKF algorithm

The target tracking algorithms based on USNs 
can be divided into two types—centralized and dis‐
tributed (Tang et al., 2024). With the inclusion of AUVs 
as nodes and fusion centers, their computing power 
is much higher than that of ordinary USN nodes, and 
AUVs can surface to replenish power after completing 
their tasks. Therefore, the centralized fusion method 
is more suitable for the scenario of joint tracking with 
AUVs and USNs.

As shown in Fig. 1, the dashed arrows represent 
measurement information, while the solid arrows 
indicate the motion of the target. When the sensor re‐
ceives the measurement of the target at time k−1, the 
target has already moved for τ seconds. In other words, 
the measurement information received by the sensor 
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corresponds to the target from τ seconds ago. This can 

lead to a discrepancy between the true position of the 

target and the measured position. This discrepancy is 

related to the transmission delay. The transmission 

delay is

τ i (θ i, θ tg ) =− 1
ā ( )ln

1 + sin θ tg

cos θ tg

− ln
1 + sin θ i

cos θ i

, (7)

where θi and θtg represent the angles between the 

acoustic pulse and the horizontal plane at node i and 

the target, respectively, and ā is the update coefficient 

(Zhao et al., 2021).

After obtaining the transmission delay, the pre‐

dicted state is corrected to

X̂k + 1|k = FX̂k−Λk, (8)

where Λk is the delay correction vector, specifically:

Λk =[ τkvx, k, 0, τkvy, k, 0, τkvz, k, 0 ]T. (9)

Thus, the corrected measurement residual is

Z r
k + 1 = Zk+1−h (FX̂k + 1|k−Λk ). (10)

The Jacobian matrix is

Hk + 1 =
∂h ( )FX̂k + 1|k −Λk

∂X̂k + 1|k

=
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(11)

In summary, the process of the proposed TD-
CEKF algorithm is shown in Algorithm 1.

3  Problem construction

In this section, the mathematical relationship 
between the AUV position and the FIM is derived, 
and the AUV position optimization problem is estab‐
lished using the AUV’s movement range as a constraint.

3.1  Relationship between AUV position and FIM

According to Bayesian estimation theory, the mean 
square error of target state estimation cannot be lower 
than the Cramér–Rao lower bound (Teimouri and 
Hoseini, 2024; Yuan et al., 2024).

E{ }[ ]X̂k −Xk [ ]X̂k −Xk

T ⩾J −1
k (Xk ), (12)

where J −1
k ( Xk ) is the FIM and X̂k is the estimated 

state of the target. The Jk (Xk ) of the target at time k 

is expressed as

Jk (Xk ) =−Ep ( Zk, Xk|Z1:k−1 )[ ]∇Xk
Xk

lnp( Zk, Xk|Z1:k−1 ) ,   (13)

where ∇Xk
Xk

=∇Xk
∇T

Xk
 denotes the second-order partial de‐

rivative operator. p( Zk, Xk|Z1:k−1 ) is the joint proba‐

bility density of the measurement (Luo and Han, 2019), 
which can be decomposed into

p ( )Zk, Xk|Z1:k−1 = p ( )Zk|Xk p ( )Xk|Z1:k−1 . (14)

Therefore, Jk (Xk) can be decomposed into

Jk (Xk ) = J p
k ( Xk )+ J s

k (Xk), (15)

Algorithm 1  Proposed TD-CEKF algorithm

1 Get the original measurement information

2 for i=1 to M do

3    Compute τi by Eq. (7)

4 end for

5 Correct the state prediction by Eq. (9)

6 Covariance forecasting: Pk + 1|k = Fk Pk F T
k + Gkwk

7 Calculate the Jacobian matrix using Eq. (11)

8 State update: X̂k + 1 = X̂k + 1|k + Kk + 1Z r
k + 1

9 Covariance update: Pk + 1 = Pk + 1|k + Kk + 1Hk + 1Pk + 1|k

Fig. 1  Schematic diagram of measurement delay
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where J p
k ( Xk ) is related to prior information and 

J s
k ( Xk ) is related to predictive data. The specific cal‐

culation methods (Shi et al., 2021) are as follows：

J p
k (Xk )=−E

p ( )Xk|Z1:k−1
[∇Xk

Xk
ln p ( Xk|Z1:k−1 ) ] ≈ ∑∑−1

Xk
,  (16)

J s
k (Xk ) =−E

p ( )Zk|Xk
[∇Xk

Xk
ln p (Zk|Xk ) ] = DT

k∑∑−1
Zk

Dk ,  (17)

where ∑∑Xk
 is the error covariance matrix, ∑∑Zk

 is the 

measurement noise matrix, and Dk =[∇Xk
h (Xk )]T

 is 

the Jacobian matrix. Therefore, the relationship be‐
tween AUV position u=(xA, yA, zA) and the FIM is

       Jk ( Xk, u)

 = J p
k ( Xk, u ) + J s

k (Xk, u)
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  (18)

where A=xk−xA, B=yk−yA, and C=zk−zA. The state Xk 
of the target is always unknown in the tracking pro‐

cess, so here, Xk is replaced by the estimated state X̂k.

3.2  AUV position optimization problem construction

According to the mathematical relationship be‐
tween the AUV position and the FIM, the change in 
the AUV position affects the lower bound of target 
state estimation. The displacement vector of the AUV 
in the 3D space is assumed to be Δu=(ΔxA, ΔyA, ΔzA); 
thus, the FIM at time k can be expressed as a function 
of the displacement vector Jk(Xk, u+Δu) and the pre‐
dicted value Xk. For each tracking time step, the pre‐
dicted value remains unchanged after the data fusion 
is completed, so the FIM is related only to the displace‐
ment vector. By selecting the AUV displacement vec‐
tor for the next moment, the FIM can be increased, 
which is equivalent to reducing the lower bound of 
the mean square estimation error. Therefore, the ob‐
jective function of the AUV position optimization 
problem is constructed as follows:

arg max
Δu

lg det [ ]Jk (Δu )

s.t. 

ì

í

î

ï
ïï
ï

ï
ïï
ï

 || ΔxA ⩽vxT,

 || ΔyA ⩽vyT,

 || ΔzA ⩽vzT,

(19)

where vx, vy, and vz are the velocity components of 
the AUV in the 3D space. The constraint is the maxi‐
mum distance that the AUV can move within the sam‐
pling interval (e.g., AUV speed v multiplied by the 
sampling interval T). For ease of calculation, the 
AUV’s speed is decomposed into 3D components. 
For the FIM, the D-criterion is used in this paper 
(Moreno-Salinas et al., 2013), and the logarithm of 
the determinant value of FIM is used to facilitate the 
solution process later.

4  Solution of AUV position

In this section, the Lagrange multiplier method 
is used to remove the constraints from the objective 
function, and the optimal position of the AUV is 
solved using the gradient descent method.

Eq. (18) has been proven to be a convex prob‐
lem (Zhang ZK et al., 2023). Due to the relatively 
simple form of function (19) and the high real-time 
requirements for target tracking, the gradient descent 
method is employed in this paper, which has a high 
search efficiency. The problem needs to be uncon‐
strained first. The unconstrained objective function can 
be constructed using the penalty function method:

ψ (Δu, ζ ) =− lg det [ Jk (Δu ) ] −ζ [ lg (vxT−ΔxA )

+lg (vxT + ΔxA )+ lg (vyT −ΔyA )

+lg (vyT + ΔyA )+ lg (vzT −ΔzA )

+lg (vzT + ΔzA ) ] , (20)

where ζ is the penalty factor. Since the gradient de‐
scent method is used, the objective function is nega‐
tive in Eq. (20), and the maximization problem is 
transformed into a minimization problem.

According to the property 
∂ lg det (Q)

∂q
=

tr
é

ë
êêêê

ù

û
úúúúQ−1 ∂Q

∂q
, the gradient of ψ(Δu, ζ) is
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∇Δuψ (Δu, ζ ) = [ ∇Δxψ (ΔxA, ζ ) ,

∇Δyψ (ΔyA, ζ ) , ∇Δzψ (ΔzA, ζ ) ] ,   (21)

where ∇Δx ψ(ΔxA, ζ) is written as Eq. (22) (at the 
bottom of this page).

Similarly, we can obtain

∇Δyψ(ΔyA, ζ ) =− tr
é

ë

ê
êê
êJ −1

k (Δu )
∂Jk (Δu )

∂ΔyA

ù

û
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+

1

vyT + ΔyA
,

  (23)

∇Δzψ (ΔzA, ζ ) =− tr é
ë
êêêêJ −1

k (Δu)
∂Jk (Δu)

∂ΔzA

ù
û
úúúú

− ζ ( )1

vzT−ΔzA
+

1

vzT + ΔzA
.
  (24)

After the gradient vector is obtained, the gradi‐
ent descent method can be used to search. The over‐
all search process is shown in Algorithm 2.

H(u) represents the augmented part of the objec‐
tive function. Combined with the above, the overall 

flowchart is shown in Fig. 2. The USN nodes and 
the AUV first receive the measurement echo, and then 
each USN node transmits the measurement value to 
the AUV. The measurement data have a flag bit so 
that the AUV can distinguish the source of the mea‐
surement value. Upon acquiring the measurement data, 
the AUV executes Algorithm 1 to obtain the target’s 
predicted state, followed by executing Algorithm 2 to 
determine the AUV’s new position coordinates and 
initiate movement. This process is repeated at each 
subsequent time step until the tracking task is com‐
pleted. After each movement, the AUV checks if it has 
sufficient energy to complete the next tracking opera‐
tion. If not, it will return to the surface for recharg‐
ing. After this, the USN nodes will continue to carry 
out the tracking task.

Algorithm 2  AUV position search algorithm
Select the initial value, set ζ>0, η>1, k=1, L=0, 0⩽ε1⩽1, 0⩽ε2⩽1, 

and ϑ∈(0,1)

1 Calculate gradient gL=−∇Δuψ(Δu, ζ)

2 If |gL|⩽ε1, then Δu*
k = ΔuL; go to line 6

3 Use the linear backtracking method to determine the step 

length αL

4 Let ΔuL=ΔuL+αLgL

5 Let L=L+1; go to line 1

6 If ζH(u)⩽ε2, then output Δu*=Δuk; otherwise, go to line 7

7 Let σk+1=ησk

8 Let k=k+1; go to line 1

Fig. 2  Flowchart of the proposed joint tracking
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5  Simulations and analysis

In this section, simulations are conducted to val‐
idate the effectiveness of the proposed algorithm. The 

parameters are set as follows: the tracking duration is 
50 s, the sampling interval T is 1 s, the covariance of 
measurement noise R is 5, and the process noise vari‐
ance coefficient q2=10−2. The target motion follows a 
CT model with a turning speed ω of 0.15 rad/s, and 
the underwater acoustic signal propagation speed is 
1473 m/s. The initial state of the target is X1=[150, 5, 

100, 5, 32, 5]T, the initial estimated state is X̂1 =[151, 

5, 98, 5, 32, 5 ]T, and the update coefficient ā=0.017. 

In the first part of the simulation, four underwater 
sensor nodes are set. Their coordinates are (40, 10, 
10), (70, 80, 80), (65, 70, 40), and (60, 90, 20).

The setting parameters of the tracking scenarios 
are summarized in Table 1. In this paper, the root mean 
square error (RMSE) of the target state estimation is 
used as an accuracy measure of state estimation. At 

time k, the RMSE of the estimation X̂k of the target 
state Xk is

RMSEk = ∑
i = 1

MC  Xk− X̂k

2

MC
, (25)

where MC is the number of Monte Carlo simulations. 
To avoid contingency, all simulations in this paper are 
conducted 200 times.

The first simulation involves the TD-CEKF algo‐
rithm proposed in Section 2. The comparison algo‐
rithms are the time offset estimation UKF (TO-UKF) 
fusion algorithm (Su et al., 2020) and the improved 
time delay estimation particle filter (TD-PF) algorithm 
(Zhang ZK et al., 2023). The two particle filter algo‐
rithms use a sequential importance resampling (SIR) 
particle filter; to fully verify the effectiveness of the 
algorithms, the number of particles is set to 1000. Fig. 3 
shows the comparison of the estimated path of each 
algorithm for target tracking. Compared with the esti‐
mated paths of the TO-UKF and TD-PF algorithms, 
the estimated path obtained by this algorithm is closer 
to the true path of target motion.

Figs. 4a and 4b show the transmission delay τ at 
different target speeds and the target position devia‐
tion caused by τ at different target speeds. The velocity 
vectors are [1, 1, 1]T, [2, 2, 2]T, and [3, 3, 3]T. In Fig. 4a, 
the larger the target’s velocity is, the greater the trans‐
mission delay τ becomes. Eq. (7) shows that τ is related 
to the angles between the acoustic pulse and the hori‐
zontal plane at the node and the target. The greater 
the velocity of the target, the greater the horizontal 
angle of the ranging acoustic pulse of node 1 at the 
target, so the greater the τ. Over time, although τ moves 
up and down, the overall trend increases. This is be‐
cause the turning speed of the target under CT motion 
is relatively large, and the radius is only 10 m, which is 
far less than the range of the target rising. In general, 
the target is constantly away from node 1. Therefore, 
the τ of the acoustic pulse echo increases. In addition, 
when the sensor is about 250 m away from the target, 
the combined speed of the velocity components in 

Table 1  Parameters used for the simulations

Parameter

Sampling interval T (s)

Tracking duration (s)

Covariance of measurement noise R

Intensity of process noise q2

Turning speed ω (rad/s)

Underwater acoustic signal 

propagation speed c (m/s)

Update coefficient ā

Monitored field (m×m×m)

Initial position of the target

AUV navigation speed v (m/s)

Number of USN nodes

Value

1

50

5

10−2

0.15

1473

0.017

200×100×600

(150, 100, 32)

5

4

Fig. 3  Underwater tracking scene
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each dimension is 40 m/s, and τ is about 0.2 s, which 
is far less than that during the sampling period, and 
the speed of the underwater target is generally not 
higher than 40 knots (20.57 m/s). When the speed of 
the target becomes higher, τ constantly increases, re‐
sulting in an increase in the RMSE of the position de‐
viation in Fig. 4b. Notably, the trend of τ in Fig. 4a is 
inconsistent with the RMSE of the position deviation 
in Fig. 4b because Fig. 4a shows only the time delay 
change of USN node 1, while Fig. 4b represents the 
RMSE calculated from all USN nodes’ time delays.

Fig. 5 compares the RMSE of each time delay 
estimation fusion algorithm. The velocity vector of the 
target in Fig. 5a is [5, 5, 5]T. The tracking accuracy of 
the TD-PF algorithm is better than that of the TO-UKF 
algorithm and the proposed TD-CEKF algorithm at the 
beginning of the tracking task. However, as the track‐
ing task progresses, the RMSE of each algorithm 

begins to rise, and a huge jitter occurs. When the 
tracking of each algorithm is stabilized, the proposed 
TD-CEKF algorithm shows its advantages. From the 
20th time step onward, the RMSE of TD-CEKF algo‐
rithm is lower than that of the other two algorithms, 
and it remains stable between 1.2 m and 1.5 m. The 

Fig. 5  RMSE comparison of time delay estimation algorithms 
under v=[5, 5, 5]T (a), v=[7, 7, 7]T (b), and v=[9, 9, 9]T (c)

Fig. 4  Comparison of transmission delay τ (a) and the root 
mean square error (RMSE) of the position deviation (b) at 
different target speeds
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RMSE of the TO-UKF algorithm in this scenario is 
lower than that of the TD-PF algorithm. This is because 
the TO-UKF algorithm is less prone to particle degen‐
eracy issues, making it more accurate in the particle 
approximation of transmission delay. The TD-CEKF 
algorithm has more advantages in time delay estima‐
tion by integrating global information.

The velocity vectors of the target in Figs. 5b and 
5c are [7, 7, 7]T and [9, 9, 9]T, respectively. In Fig. 5b, 
the proposed TD-CEKF algorithm still has a better 
tracking effect than the other algorithms. The TO-UKF 
algorithm begins to show advantages in the time 
delay estimation of unscented particles when the speed 
is large, and its tracking RMSE is better than that of 
the TD-PF algorithm; however, there is still a certain 
gap with the proposed TD-CEKF algorithm. The 
RMSE gap of each algorithm in Fig. 5c is larger than 
that in Figs. 5a and 5b, and the proposed TD-CEKF 
algorithm still achieves the best tracking performance. 
Comparing these three diagrams in Fig. 5, the TD-PF 
algorithm estimates the transmission delay through 
many particle approximations, but the particle degra‐
dation phenomenon of the particle filter makes the 
estimation of the delay inaccurate. The TO-UKF 
algorithm introduces the transmission delay into the 
sigma particle of the unscented transformation, but the 
unscented transformation has a serious dependence 
on the accuracy of the initial value estimation, so the 
performance is not as good as that of the proposed 
TD-CEKF algorithm when there is an initial error. 
The proposed TD-CEKF algorithm can achieve better 
tracking results than the estimation algorithm of par‐
ticle simulation by introducing time delay correction 
to the centralized Jacobian matrix.

Fig. 6a shows the comparison of the execution 
times of the three time delay fusion algorithms. The 
operating environment is an Intel® CoreTM i9-13900H 
central processing unit (CPU) running at 2.60 GHz. 
For convenience of display, Fig. 6a shows the results 
after taking the logarithm of the execution time of each 
algorithm. Neither the TD-CEKF algorithm nor the 
TO-UKF algorithm requires many particles to estimate 
the delay approximately, so the order of magnitude 
of the execution time at each time step is much smaller 
than that of the TD-PF algorithm. It is worth noting 
that in Fig. 6a, the order of magnitude of the execu‐
tion time of the TD-CEKF and TO-UKF algorithms 

is much smaller than that of the TD-PF algorithm, 
reaching 10−6 s when running on a computer. If runn‑
ing on the CPU of the sensor node, the time consumed 
will be much greater than 10−6 s. In practical engineer‐
ing applications, the time delay estimation algorithm 
based on the particle filter and unscented transforma‐
tion has higher requirements on the computing power 
of the CPU, which makes it difficult to meet engineer‐
ing application requirements.

Fig. 6b shows the average tracking RMSE com‐
parison of each algorithm under different initial esti‐
mation errors. The abscissa is a different initial esti‐
mation error. The TD-CEKF algorithm is less affected 
by the initial estimation error, while the TO-UKF and 
TD-PF algorithms are greatly affected by the initial 
state. This is because the particle approximation re‐
quires high accuracy of the initial estimated state. 

Fig. 6  Comprehensive comparison of time delay estimation 
algorithms: (a) comparison of the execution time; (b) RMSE 
under different initial estimation errors
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However, in a complex underwater environment, the 
initial estimation error is not low.

Therefore, by comprehensively comparing the 
RMSE and execution time of each algorithm, the 
TD-CEKF algorithm is more suitable for application 
in the field of complex underwater target tracking.

For the AUV position search algorithm proposed 
in this paper, the simulation is set as follows: the track‐
ing duration is 100 time steps. The motion of the target 
remains CT motion, as shown in Fig. 3, with a turning 
speed of 0.15 rad/s. This section compares scenarios 
where four USN nodes participate in tracking. The po‐
sitions of the three nodes remain consistent under both 
the traditional USN-based tracking algorithm and the 
AUV–USN cooperative tracking algorithm proposed 
in this paper. To verify the influence of AUV on the 
topology, both adopt the TD-CEKF algorithm.

Figs. 7–9 compare the tracking RMSE and poste‐
rior Cramér–Rao lower bound (PCRLB) under different 
process noises. The variance coefficient of the pro‐
cess noise in Fig. 7 is q2=10−4. Compared with ordi‐
nary USNs, after replacing an ordinary USN node with 
an AUV, the AUV continuously changes its position 
according to the proposed algorithm to form a better 
topology, so the tracking accuracy is significantly 
higher than that of ordinary USNs. In addition, the 
joint tracking by AUV and USN nodes is more stable 
in terms of tracking stability. The RMSE gradually sta‐
bilizes after the 30th time step, while the tracking 
RMSE of the USN fluctuates greatly due to the fixa‐
tion of nodes.

Fig. 7b more intuitively illustrates the perfor‐
mance of the AUV location search algorithm proposed 
in this paper. At each time step, the AUV moves to a 

Fig. 8  Comparison of tracking performance before and after optimization (q2=10−3): (a) RMSE; (b) PCRLB

Fig. 7  Comparison of tracking performance before and after optimization (q2=10−4): (a) RMSE; (b) PCRLB
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location with a larger FIM (i.e., a position with a 
smaller PCRLB). Therefore, the PCRLB value after 
the AUV position moves in Fig. 7b is smaller than 
that of the topology composed of ordinary USN nodes. 
The process noise variance coefficients in Figs. 8 and 9 
are q2=10−3 and q2=10−2, respectively. A longitudinal 
comparison of these three sets of maps reveals that 
with the continuous increase in process noise, both 
tracking methods are affected to varying degrees, 
and the RMSE and PCRLB increase. However, the 
tracking based on USN fixed nodes is obviously af‐
fected by noise. When the process noise variance coef‐
ficient q2 increases from 10−4 to 10−2, the RMSE corre‐
spondingly increases from about 1.15 m to about 5 m. 
The joint tracking method of AUV and USN nodes is 
less disturbed by noise because the AUV is constantly 
moving to the larger position of FIM, and the RMSE 
increases slightly from 0.92 m at q2=10−4 to about 2 m 
at q2=10−2, which is much smaller than the tracking 
growth rate based on USN fixed nodes. It can also be 
seen from the comparison of the PCRLB results that 
the proposed joint tracking method in this paper has 
stronger noise immunity performance. In the actual 
underwater environment, the noise and reverberation 
in the underwater acoustic channel are far more seri‐
ous than those in the land environment. Therefore, 
the method based on AUV and USN joint tracking is 
more suitable for underwater target tracking.

Fig. 10 presents a comparison of execution times 
of the two tracking methods. Tracking based on fixed 
USN nodes has, on average, a shorter execution time, 
as it does not require a search algorithm. In contrast, 

the execution time of the joint tracking algorithm in‐
volving the AUV and USN is greater due to the need 
for a gradient descent search for the AUV position. 
However, as shown in Fig. 10, the additional time re‐
quired for searching the AUV position is relatively 
small, keeping the execution times of both methods 
within the same order of magnitude and not signifi‐
cantly different. The proposed AUV and USN joint 
tracking algorithm is capable of underwater target 
tracking. Furthermore, since the AUV acts as the fusion 
center, it reduces the number of sensor nodes involved 
in tracking and their computational tasks, thereby saving 
energy and extending the lifespan of the entire sensor 
network. Unavoidably, the deployment and operation 
of AUVs incur costs and energy consumption. How‐
ever, this is worthwhile compared to the high cost and 
extremely limited and non-recoverable energy resources 

Fig. 9  Comparison of tracking performance before and after optimization (q2=10−2): (a) RMSE; (b) PCRLB

Fig. 10  Comparison of algorithm execution time
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of USN nodes. In addition, in the joint tracking algo‐
rithm proposed in this paper, the AUV tracking method 
is based on hydrophone ranging, which is significantly 
more cost-effective than the traditional sonar imaging 
tracking methods used in AUVs.

6  Conclusions

Underwater target tracking using USNs currently 
faces challenges such as limited energy and underwa‐
ter acoustic transmission delay. To address these issues, 
first, the influence of transmission delay on target track‐
ing is effectively mitigated by the proposed TD-CEKF 
algorithm. Second, a joint tracking method using both 
AUV and USN nodes is introduced, which results in 
better tracking accuracy and noise immunity perfor‐
mance compared to tracking solely using USN nodes. 
Finally, the simulation results demonstrate that the 
proposed joint tracking algorithm not only reduces the 
task load of the USN nodes during underwater target 
tracking but also achieves improved tracking perfor‐
mance. In future work, we will focus on AUV posi‐
tion optimization with multiple targets and evaluate 
how asynchronous sensor timing affects tracking.
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