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The shallow sea underwater acoustic channel exhibits a significant sparse
multipath structure. The temporally multiple sparse Bayesian learning (TMSBL)
algorithm can effectively estimate this sparse multipath channel. However, the
complexity of the algorithm is high, the signal-to-noise ratio (SNR) of shallow-
sea underwater acoustic communication is low, and the estimation performance
of the TMSBL algorithm is greatly affected by noise. To address this problem, an
improved TMSBL underwater acoustic channel estimation method based on a
dictionary learning noise reduction algorithm is proposed. Firstly, the K-Singular
Value Decomposition (K-SVD) dictionary learning method is used to reduce the
noise of the received pilot matrix, reducing the influence of noise on the signal.
Then, the Generalized Orthogonal Matching Pursuit (GOMP) channel estimation
method is combined to obtain a priori information such as the perceptual matrix
and hyperparameter matrix for TMSBL channel estimation; and the noise
variance is obtained by using the null subcarrier calculation instead of
iteratively updating the noise variance in the TMSBL, to improve the estimation
accuracy and reduce the algorithmic complexity. Finally, the TMSBL channel
estimation method is used to estimate the underwater acoustic channels of
different symbols jointly. The simulation results show that the normalized mean
square error of the channel estimation of the improved TMSBL method is
reduced by about 92.2% compared with the TMSBL algorithm, obtaining higher
estimation accuracy; running time is reduced by about 45.6%, and there is also
better performance in terms of the running speed, which provides a reference for
underwater acoustic channel estimation.
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1 Introduction

Underwater acoustic communication is a crucial means of
transmitting information in the ocean due to its high reliability
and data transmission rates (Xu et al, 2016; Xing et al., 2021b;
Zhang et al., 2021; Zhang et al., 2024). The use of Orthogonal
Frequency Division Multiplexing (OFDM) technology is
widespread in high-speed underwater acoustic communication
due to its effectiveness against frequency-selective fading, efficient
band utilization, robust resistance to multipath propagation, and
straightforward implementation of channel equalization (Jia et al,
2022). The underwater acoustic channel is considered one of the
most complex channels due to its multipath, time-varying,
frequency-varying, and null-varying characteristics (Xing et al,
2022; Xing et al, 2023). In the underwater acoustic channel of
shallow seas, reflections and scattering from the seafloor and sea
surface cause significant delay extension and multipath effects.
These effects result in a sparse multipath structure at the
receiving end (Tong et al., 2022; Yang, 2023; Zhang, 2023). The
multipath structure is formed at the receiving end. The shallow sea
underwater acoustic channel’s complex and variable nature
significantly impacts the OFDM communication system (Yin
et al,, 2021). To ensure communication quality, it is necessary to
estimate the channel state at the receiving end. The key
characteristic parameters obtained through channel estimation are
used to adjust the signal processing method, which serves as a
crucial basis for achieving channel matching and improving the
quality of signal recovery. This is of great importance in improving
the performance of underwater acoustic OFDM communications in
shallow sea environments.

The underwater acoustic channel exhibits significant sparse
characteristics. However, traditional channel estimation algorithms,
such as Least Square (LS) and Minimum Mean Square Error
(MMSE), fail to leverage the sparsity of the underwater acoustic
channel, necessitating a large number of pilot signals for accurate
channel estimation, resulting in serious occupation of spectral
resources (Meng and Liu, 2023). To achieve accurate channel
estimation that exploits the sparsity of the channel, compressed
sensing techniques are employed for sparse channel estimation
with a large number of zero taps in the time domain response (Wu
and Tong, 2017; Jiang et al., 2021; Meng and Liu, 2023). Matching
Pursuit (MP) is a greedy iterative algorithm widely employed in
compressed sensing for sparse channel estimation. It exhibits higher
estimation accuracy compared to methods such as LS and MMSE
(Cotter and Rao, 2002). Another category of compressed sensing
reconstruction algorithms, including Least Absolute Shrinkage And
Selection Operator (LASSO) (Tibshirani, 1996) and Basis Pursuit
(BP) (Chen et al,, 2001), constitutes convex optimization tracking
algorithms grounded in paradigm constraints. They seek the
approximation of sparse signals by converting a non-convex
problem into a solvable convex problem. These algorithms, in
comparison with traditional methods, harness the sparse
characteristics of the underwater acoustic channel, leading to
higher estimation accuracy. However, their performance is
significantly influenced by sparsity selection, and their
computational complexity is high, rendering practical applications
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challenging. To enhance the channel estimation technique, we
leverage the priori knowledge of the sparse signal. Introducing the
sparse Bayesian learning class algorithm, based on the Bayesian
criterion, into the sparse channel estimation problem (Chen et al.,
2020; Lyu et al,, 2021) yields improved estimation performance and
has been extensively researched.

Algorithms for sparse signal reconstruction using sparse
Bayesian learning have been extensively researched in recent
years (Wipf and Rao, 2004; Wipf and Rao, 2007; Zhang and Rao,
2011). Wipf and Rao, 2004 (Wipf and Rao, 2004) introduced the
Sparse Bayesian Learning (SBL) algorithm for sparse signal
reconstruction in single-measurement models; Subsequently, in
2007 (Wipf and Rao, 2007), they extended it to multi-
measurement models and derived the Multiple Sparse Bayesian
Learning (MSBL) algorithm for sparse signal reconstruction. In
(Zhang and Rao, 2011) the Temporal Sparse Bayesian Learning
(TSBL) algorithm and its extension, the TMSBL algorithm based on
the MSBL algorithm, are derived. Among these algorithms, the
TMSBL algorithm not only leverages the channel sparsity property
but also explores the correlation between channels. It considers the
priori distribution of the channel and incorporates space-time
information, resulting in high channel estimation accuracy.
Consequently, the TMSBL algorithm has found widespread use in
underwater channel estimation (Qiao et al., 2018; Hong et al., 2022).
Consequently, the TMSBL algorithm finds extensive application in
underwater channel estimation. In (Qiao et al., 2018), the TMSBL
algorithm is incorporated into the channel estimation of slow time-
varying underwater acoustic OFDM communication systems.
Correlation is utilized to jointly estimate the channels of several
consecutive blocks. This approach achieves optimal performance in
strongly time-correlated channels and maintains robustness in
weakly time-correlated channels. However, it is more sensitive to
noise, which leads to degraded estimation accuracy and increased
computational complexity in low signal-to-noise ratio scenarios. In
(Hong et al., 2022), singular value decomposition noise reduction is
performed to address the above challenges. Using LS channel
estimation to obtain a priori information such as perception
matrix and hyperparameter matrix of TMSBL for high-precision
and low-complexity underwater acoustic OFDM communication.
However, due to the increased noise sensitivity of the LS channel
estimation method and the limited effectiveness of the singular
value decomposition for noise reduction, the accuracy of the
channel estimation is reduced under low signal-to-noise
ratio conditions.

Dictionary learning algorithms provide effective noise reduction
and are widely used in image denoising, active sonar target
classification, and weak signal detection in underwater acoustic
(Wang et al,, [[NoYear]]; Zhu et al., 2020; Xing et al., 2021a). It is
common for existing channel estimation methods to incorrectly
identify noise as channel tap coefficients in environments with a low
signal-to-noise ratio (SNR). This reduces the accuracy of channel
estimation and increases the computational complexity. To address
the limitations of the previously mentioned channel estimation
methods and to account for the sparse multipath structure of the
signal in the shallow sea underwater acoustic channel, we utilize the
dictionary learning algorithm for TMSBL underwater acoustic
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channel estimation. As a result, we propose an enhanced TMSBL
underwater acoustic channel estimation method based on the
dictionary learning noise reduction algorithm. Initially, the
enhanced K-SVD dictionary learning algorithm is employed to
reduce the noise of the received pilot matrix, thereby enhancing the
accuracy of channel estimation under low signal-to-noise ratio
conditions. Subsequently, the initialization parameter matrix and
perception matrix of TMSBL are acquired by integrating the GOMP
channel estimation method. This integration alleviates the
limitation of the TMSBL method, where noise is erroneously
estimated as a channel tapping coefficient. Lastly, the null
subcarrier of the OFDM system is utilized to obtain a more
precise noise variance, replacing the step of updating the noise
variance in TMSBL. This modification reduces the complexity of
the TMSBL algorithm and enhances estimation accuracy. The
paper’s contributions can be summarized as follows.

1. The K-SVD dictionary learning algorithm is employed in
the domain of underwater acoustic communication to
denoise the received signal pilot matrix, thereby
mitigating the impact of noise on channel estimation
accuracy and enhancing the performance of underwater
acoustic OFDM communication systems.

2. The GOMP channel estimation method is employed to
derive the time-domain underwater acoustic channel
impulse response and the initialization and perception
matrices for the TMSBL algorithm, thereby reducing the
number of iterations and the computational complexity of
the TMSBL algorithm. Furthermore, the incorporation of
the priori knowledge addresses the limitation of the TMSBL
method, which is prone to misestimating noise as a channel
tap coefficient. This enhances the overall performance of
channel estimation.

The rest of the article is organized as follows. In Section 2, the
received signal model and the TMSBL channel estimation method
are introduced. Section 3 presents enhanced TMSBL channel
estimation methodologies, including a K-SVD dictionary
learning-based noise reduction technique and a method for
obtaining TMSBL priori knowledge using the GOMP algorithm.
The efficacy of the proposed algorithm is substantiated through
simulations in Section 4. Further validation of the algorithm using
sea trial experimental data is provided in Section 5, demonstrating
its effectiveness in real marine environments. The paper concludes
in Section 6.

2 TMSBL-based underwater acoustic
channel estimation method

2.1 Received signal model
In underwater acoustic communications in shallow seas, signal

propagation is significantly affected by reflections, diffraction, and
scattering from both the sea surface and seafloor. This results in a

Frontiers in Marine Science

10.3389/fmars.2024.1362416

complex multipath structure of the underwater acoustic channel.
The underwater acoustic channel exhibits a significant sparse
characteristic due to signal energy absorption by seawater during
most of the multipath propagation. The mathematical expression
for the channel impact response of the underwater acoustic time-
varying channel is given by (Cheng and Wang, 2022).

L
ht,7) = S8 (750 M
i=1

where h(t) is the channel impulse response at time £, and L is the
multipath number, the h;(t) and 7;(¢) are denoted as the gain and
delay of the ith path at time ¢, respectively.

Consider an OFDM system with N subcarriers, L pilots, and
channel coherence time significantly exceeding the OFDM symbol
period. If the impulse response of the channel remains time-
invariant within one OFDM symbol period, (Equation 1) can be
expressed as follows:

h1) = Shid(z - ) @)
i1

Assuming the cyclic prefix of OFDM symbols exceeds the
maximum multipath delay of the channel, the frequency domain
expression for the OFDM communication system is:

y=XFh+v (3)

where y € CN*! is the received signal, X € CV*N is the
diagonalization matrix with diagonal elements representing the
transmitted signals. F € CN*M is the DFT matrix, and h € CM*!
is the time domain channel impulse response. The v follows CA
(0, AIy) of Gaussian white noise. From the received signal y out of
the pilot signal, the received model of the pilot signal is:

Yp = XpFph + v, (4)

where y, € CP*! is the received pilot signal, X, € CP*? is the
diagonalization matrix with diagonal elements representing the
known pilot signals. F, € C”*™ is the corresponding DFT matrix
at the pilot position. The system model described in (Equation 4) is
a single-measurement model. A multi-measurement model is
considered: several different OFDM symbols are modeled with
the following expressions:

Y,=X,F,H+V,=®,H+V, (5)

Among them. Y, = [y,1,¥p2,-.»¥p1] € CP** represents the
received pilot matrix of L OFDM symbols, and P, = CP*M is the
perception matrix, H = [hy, h,, ..., h;] € CM*L,

2.2 TMSBL underwater acoustic
channel estimation

The article uses the TMSBL algorithm (Qiao et al., 2018), using
temporal correlation to jointly estimate (Equation 5) of H the
estimation reconstruction problem. Firstly, the priori probability
of each H; is modeled as:
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p(H; %, B;) " N(0,%B;), i=1,...M (6)

where H; is the ith row of H, i.e., the number of channels
tapping coefficients for different OFDM symbols at the same
moment; % is the nonnegative hyperparameter matrix that controls
the sparsity of each row in H. When % = 0, H; = 0; B; is a positive
definite matrix, which represents the temporal correlation structure
among the elements within H; and can be estimated using the
TMSBL algorithm for the positive definite matrix B. (Equation 6)
can be written as:

M
p(H;T,B) = | [p(H; 1. B) (7)
i1
where I'is the hyperparameter matrix I" = diag(y) = diag([y,
Voo Yol -
H;, Obeying the mean Gaussian probability distribution, its
posterior probability can be written as:

p(h,|yp,l;r) ~N@,S), I=1,2..L ®)

where the mean and covariance can be expressed as:

5= (@@, + r-1)" )

M = (U, o, .. ] = GZD)Y, (10)

Of these, i; and M are respectively the estimated values of H;
and H. I'" is the estimated value of the I'update matrix for the first
r iteration of the Expectation Maximization (EM) algorithm. The
hyperparameters are estimated using the EM algorithm. The E-step
update rule of the EM algorithm is given in (Equations 9, 10). The
M-step update rule is given in:

Vi =1 MB M+ 5, i) (11)
M ] M gHy.
B= ﬁzz(”’) B+ﬁEH' H (12)
=1 Vi =1 Vi

0* = L I1Y, - QHI}+S Tr @, @} (0 + @,T DY) )
(13)

where || -||? denotes the quadratic of the F-parameter of the
vector Tr( - ) is the trace of the matrix. The joint estimation of the
channel impulse response after the iteration of the EM algorithm is
completed H = M.

(Equation 13) is the updated formula for the noise variance,
which is calculated using the null subcarriers of the OFDM system:

o" = E[|Y, [’ (14)

where Y, is the frequency domain null subcarrier. Using
(Equation 14) to obtain a more accurate noise variance, a more
accurate channel estimation can be obtained. This reduces the
influence of the noise variance by the TMSBL input parameters
such as the number of iterations, the threshold, and the received
frequency-conducting matrix. At the same time, it can reduce the
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TMSBL algorithm for the o update step in the TMSBL algorithm,
reducing the complexity of the algorithm.

3 Improved TMSBL channel
estimation method

The conventional TMSBL channel estimation method is
susceptible to misidentifying noise as channel tapping coefficients
in low SNR conditions of underwater acoustic channels, resulting in
reduced channel estimation accuracy. Simultaneously, the increase
in channel length leads to heightened computational complexity.
Furthermore, the TMSBL algorithm inadequately utilizes the
characteristics of the underwater acoustic channel for selecting
the initial parameters of the EM algorithm, leading to excessive
iterations and slower convergence in computation.

Aiming at the limitations of the traditional TMSBL algorithm,
the K-SVD dictionary learning algorithm is used on the receiver
side to perform noise reduction and reconstruction of the received
pilot matrix Y, and obtains the noise-reduced receiver pilot matrix
Y;, enhancing channel estimation accuracy under low SNR
conditions. Following this, the GOMP algorithm is utilized to
estimate the underwater acoustic channel, acquiring a priori
knowledge for the TMSBL algorithm. This knowledge involves
removing invalid atoms and smaller hyperparameters from the
dictionary. Finally, the TMSBL algorithm, combined with the a
priori knowledge from the GOMP algorithm, conducts joint
channel estimation for different OFDM symbols. The block
diagram of the receiver system based on the improved TMSBL
channel estimation method is depicted in Figure 1.

3.1 K-SVD-based noise reduction of the
received pilot matrix

According to the theory of sparse decomposition, Y, can be
decomposed into Y, = X,F,H +V, = A(X; + X,,). Where A €
€ is the redundant dictionary matrix, X; and X,, are the sparse
coefficient matrices corresponding to X,F,H and V,, respectively.
As the signal is sparse, whereas the noise is not sparse, and the
coefficient values are generally very small, existing only in a finite
number of non-zero coefficients, the approximated signal obtained
by the linear combination of these sparse counterparts of the
atoms contains the vast majority of the information about the
signal, while the vast majority of the noise is discarded, thus
realizing the purpose of noise cancellation. Let X = X, + X, then
Y, = AX. Where X € C/*L is the sparse coefficient matrix. To
achieve the sparse decomposition of the signal, a suitable dictionary
needs to be constructed. The dictionary learning algorithm is
employed to construct a suitable redundant dictionary to enhance
signal reconstruction.

The K-SVD dictionary learning algorithm is a new dictionary
learning algorithm proposed by Aharon and Elad et al (Aharon
et al., 2006). The primary concept behind the K-SVD algorithm
involves updating a set of atoms in the dictionary along with their
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FIGURE 1

Block diagram of the receiver system based on the improved TMSBL channel estimation method

sparse coefficients simultaneously. Through iterations of updating a
set of atoms within the dictionary, if, when updating any atom, the
remaining atoms remain unchanged, the dictionary is then updated
with the sparse coefficients. a; with no change in the remaining
atoms, the a; new sparse coefficients will be obtained after the
update X;. When the error reaches the threshold, the whole
dictionary post-sparse matrix is updated. Its solution model is:

A{x'f,il IY,-AX |z s.t. lxllosk 1<i<] (15

where ||V, -AX |l = | Y, - SLaxr |17 = 1 (Y, ~ 3;.xax) - axf 17
a; denotes the ith atom in the redundant dictionary A, and x‘T
denotes the ith row vector of the sparse coefficient matrix X. ay is
the updated atom, and x% is the sparse solution corresponding to
the updated atom. Then the error matrix of the signal is:

i
EK = YP - EuixT
i#K

(16)

where Ej is the error matrix of the signal. At this point the
solution model can be described as:

2

EK - aK.xI]§ (17)

F

ag» T

To avoid the loss of sparsity in the sparse solution, the Ex in the

corresponding xX non-zero positions is extracted to obtain a new

Ex., the corresponding sparse coefficient vector is xX', then (17) can
be converted to:

! K72
2 [l Ex —agxr ¥

ag ,x’;

(18)

Then the singular value decomposition algorithm is used to Ey
solving:

Ex =ULV" (19)

where U is the left singular matrices, take its first column as the
update atom, i.e.,, ax = U(-, 1). V is the right singular matrix, take its
first row with the first singular value as the ¥} = X(1, 1)V (1, -).
Then the corresponding update is obtained as x%, i.e., by updating
each atom of the redundant dictionary in turn, the optimal sparse
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solution corresponding to each atom can be obtained. When all the
atoms are updated, the updated dictionary and the optimal sparse
coefficient matrix are obtained.

The GOMP algorithm is employed to achieve a sparse
representation of the received pilot matrix, yielding the sparse
coefficient matrix. Following this, the K-SVD dictionary learning
algorithm is applied to mitigate the noise present in the received
signal, resulting in the acquisition of the noise-reduced received
pilot matrix Yp/. The specific noise reduction process is shown
in Figure 2.

3.2 A priori knowledge acquisition based
on GOMP channel estimation

Obtaining the time-domain shock response of the underwater
acoustic channel using GOMP channel estimation algorithm
hcomp. To obtain the a priori knowledge of the TMSBL, the
initial parameters of the EM algorithm are chosen based on the
characteristics of the underwater acoustic channel, effectively
reducing the algorithm’s complexity.

Time-domain impact response of underwater acoustic channel
obtained using GOMP channel estimation algorithm.

hoome = 5N Y, ~ @pa bl (20)

where @, 5, is the perceptual matrix corresponding to the set of
indexes after the ith update of atoms, and h; is the channel estimate
after the ith iteration.

Set the average energy superposition function Q of the channel
to be (Hong et al., 2022):

I~

hcompi (21)

Q=1

1

Il
-

Among them. hgowmpi is the ith column of hgopp, ie., the
channel time-domain impulse response of the ith OFDM symbol.

Set the threshold as T, = omax(Q) where o is the energy
coefficient, determined based on the characteristics of the
underwater acoustic channel and considering the computational
complexity. Compare the channel average energy superposition
function Q and the threshold T, of the channel:

05 frontiersin.org
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FIGURE 2
Flowchart of KSVD dictionary learning algorithm for noise reduction.

{ 1, Q) = T,
Qcompli) = i=1,2,...,M. (22)
0, Qi) < Ty

where ;0mp is the hyperparameter vector of TMSBL. When the
channel average energy superposition function Q is greater than the
threshold, indicating that, at this time, the hyperparameter control
channel impulse response is the channel tapping coefficient, 25oMmp
= 1; on the contrary, it is considered that the hyperparameter is too
small and its control channel impulse response probability is the
noise, the 2;opp = 0.

Define the initial hyperparameter matrix as I" = diag(£2gomp)»
whose diagonal elements are hyperparameter vectors £2gonp. Take
the positions I" whose diagonal elements are equal to zero as the
indexed set s and eliminate the atoms corresponding to s in the
dictionary matrix @, to obtain the initialized dictionary matrix (Dp/
of the improved TMSBL algorithm.

Finally, the noise-canceled pilot receiver matrix Y ,, the initial
hyperparameter matrix I and the initialized dictionary matrix @, '
are substituted into the TMSBL channel estimation method for

underwater acoustic channel estimation.

4 Simulation results and analysis

The simulation to validate the performance of the proposed
algorithm is conducted using the implementation of an underwater
acoustic OFDM communication system. An OFDM symbol
comprises 1024 subcarriers, with 256 designated as frequency-
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conducting subcarriers (utilizing a comb-conducting structure), 30
as null subcarriers, and 738 as data subcarriers. Sixty-five OFDM
symbols are transmitted in each frame, and the signal is modulated
using 16QAM. The specific OFDM parameters are configured as
presented in Table 1.

The simulated channel is generated using the BELLHOP
underwater acoustic channel model to obtain the underwater
acoustic channel impulse response. The sound velocity profile of
the real marine environment, as experimented in the Yellow Sea in
2013, is depicted in Figure 3. This sound velocity profile is imported
into BELLHOP, setting the sound source depth to 10m, the
hydrophone depth to 9m, and the distance between the two to
be 2000m. The seafloor is modeled as an elastic seafloor with
seawater density of 1.5g/cm’, seafloor absorption of 0.5dB, and
the resulting channel impulse response is shown in Figure 4 as
obtained through simulation. The seabed absorption is 0.5dB,
and the sound line grazing angle is [-35°, 35°], leading to
the channel impulse response displayed in Figure 4, obtained
through simulation.

In order to measure the estimation accuracy of the proposed
algorithm, the normalised mean square error (NMSE) of the
channel estimation is defined as:

-1
NMSE = (3 | ;= hllE /I B 1IF)/L (23)
i=0
where h; denotes the channel estimate of the ith OFDM symbol,

h is the true OFDM underwater acoustic channel impulse response,
and L is the number of OFDM symbols.
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TABLE 1 OFDM system parameter settings.

parameters numerical

No. of subcarriers (number) 1024
Sampling frequency (kHz) 10
Number of comb pilots 256
Number of empty 30
subcarriers (number)
OFDM symbol duration (ms) 102.4
Cyclic prefix duration (ms) 25.6
Number of symbols 65
mapping method 16QAM
Training symbolic numbers 1

The primary simulated comparison algorithms include LS,
GOMP, TMSBL, and the enhanced TMSBL with the LS priori
knowledge acquisition (LS-TMSBL) (Hong et al., 2022). The
simulation is divided into two main aspects: firstly, the comparison
of the normalized mean square error of the channel estimation to
verify the performance of the channel estimation method; secondly,
the comparison of the time used for the channel estimation to verify
the complexity of the channel estimation method.

4.1 Simulation results and
performance analysis

The proposed algorithm is described as KSVD-GOMP-TMSBL
algorithm for simplicity of expression. The main comparison
algorithms for the simulation are LS, GOMP, TMSBL, and LS-
TMSBL methods, setting the maximum number of iterations #,,,, =
5000 and the error threshold is thresh = 1 x 1075,

10.3389/fmars.2024.1362416

Figure 5 displays the normalized mean square error plots for
channel estimation using LS, GOMP, TMSBL, LS-TMSBL, and
KSVD-GOMP-TMSBL algorithms. The received pilot matrix was
denoised using the K-SVD dictionary learning method. The energy
coefficient o is set to 0.05, and GOMP sparsity is fixed at 30. It can
be observed from Figure 5 that the LS algorithm, devoid of channel
sparsity utilization, exhibits poor estimation performance. The
GOMP algorithm slightly outperforms the LS algorithm.
The TMSBL algorithm, capitalizing on both the sparse nature of
the channel and the temporal correlation between different symbols,
demonstrates superior performance in channel estimation. The LS-
TMSBL algorithm, incorporating the LS algorithm to acquire a
priori knowledge of the TMSBL algorithm and influenced by the
energy coefficient, exhibits performance slightly lower than the
TMSBL algorithm. The KSVD-GOMP-TMSBL algorithm,
leveraging the K-SVD dictionary learning algorithm for noise
reduction, GOMP to obtain a priori knowledge of the TMSBL,
and null subcarriers to determine noise variance, demonstrates
improved performance compared to the comparison algorithms.

Figure 6 displays the normalized mean square error plots for
channel estimation using LS, GOMP, TMSBL, LS-TMSBL, and
KSVD-GOMP-TMSBL algorithms. No denoising was applied to
the received pilot matrix. The energy coefficient « is set to 0.05,
and GOMP sparsity is fixed at 30. It is evident from Figure 6
that, without noise reduction, the LS algorithm is more
susceptible to noise, leading to a degradation in the performance
of the LS-TMSBL algorithm. In contrast, the TMSBL algorithm
and the KSVD-GOMP-TMSBL algorithm are relatively less
affected by noise. The KSVD-GOMP-TMSBL algorithm improve
its performance by obtaining the null subcarrier through
noise variance.

Overall, the KSVD-GOMP-TMSBL algorithm exhibits
improved channel estimation performance. The use of the K-SVD
dictionary learning algorithm for noise reduction on the received
pilot matrix enables the algorithm to achieve accurate estimation
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FIGURE 3
Velocity of acoustic profile.
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Channel impulse response.

results even at low SNR. The algorithm’s performance is further
enhanced by obtaining precise noise variance through null
subcarriers instead of iteratively updating the noise variance.
Additionally, the algorithm demonstrates some improvement in
estimation performance even without noise reduction processing,
showcasing its ability to mitigate certain noise interferences. The
factors influencing the KSVD-GOMP-TMSBL algorithm are
subsequently analyzed from various perspectives.

First, discuss the impact of the dictionary learning noise
reduction method on the algorithm’s performance. Figure 7
shows the lofar plot (left) of the received pilot matrix at an SNR
of -10dB and the lofar plot (right) of the received pilot matrix after
noise reduction using dictionary learning. It is clear that the lofar
plots are significantly clearer after noise reduction. The SNR of the
received pilot matrix before noise reduction is -10.28dB, and after

noise reduction, it improves to 2.36dB. This demonstrates the
superior noise reduction effect of the dictionary learning
algorithm on the received matrix.

In Figure 8, compare the effectiveness of noise reduction
between the dictionary learning algorithm and the singular value
decomposition (SVD) noise reduction method. The figure
demonstrates the impact of two noise reduction methods on the
performance of both the TMSBL and GOMP-TMSBL algorithms.
From Figure 8, the dictionary learning noise reduction method
significantly improves channel estimation in both algorithms
compared to the singular value decomposition method. For the
GOMP-TMSBL algorithm, the NMSE of channel estimation under
the dictionary learning noise reduction method is 0.0566,
representing an almost tenfold decrease compared to the singular
value decomposition noise reduction method. This demonstrates

NMSE
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FIGURE 5

Channel estimation error with K-SVD dictionary learning noise reduction.
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that the dictionary learning noise reduction method is highly
effective in noise reduction.

Figure 9 compares the channel estimation error of the KSVD-
GOMP-TMSBL algorithm with other comparison algorithms,
without noise reduction processing, to investigate the impact of
dictionary learning noise reduction algorithms on the performance
of channel estimation methods. As shown in Figure 9, the
estimation error of the GOMP-TMSBL algorithm is 6.616, while
the estimation error of the KSVD-GOMP-TMSBL algorithm is

0.5973 at a signal-to-noise ratio of -10 dB. The estimation error of
the KSVD-GOMP-TMSBL algorithm is reduced by approximately
91.1% compared to the GOMP-TMSBL algorithm. This indicates
that the performance of the channel estimation algorithm is
improved by performing noise reduction on the received pilot
matrix using the dictionary learning algorithm.

Next, discuss the impact of the energy coefficient (@) on the
KSVD-GOMP-TMSBL algorithm. The KSVD-GOMP-TMSBL
algorithm in the o value will affect the size of the threshold and,
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FIGURE 8
Channel estimation error with different noise reduction methods.

consequently, the hyperparameter matrix. When the o value is too
small, the threshold becomes insufficient, leading to noise being
misestimated as channel tapping coefficients, thereby affecting the
accuracy of channel estimation. Conversely, when the ¢ value is too
large, the threshold becomes excessive, causing real but smaller
channel tapping coefficients to be mistaken as noise, thus affecting
the algorithm’s performance. The chosen value of o significantly
impacts the performance of the KSVD-GOMP-TMSBL algorithm.
Figure 10 shows the energy coefficient & channel estimation error
when different values are taken, where the GOMP algorithm
sparsity is taken to be 30. From the figure, it can be observed that
when the 0.01 < & <0.10 the estimation errors of the KSVD-
GOMP-TMSBL algorithms are relatively close, both achieve a
better performance. When o = 0.15, the estimation performance
of the KSVD-GOMP-TMSBL algorithm is closer to that when o

SNR

takes the value in the range [0.01 ~0.10]. However, as the threshold
is critical at a = 0.15, confusion between channel tapping
coefficients and noise can arise, which affects the algorithm’s
stability, exhibiting significant fluctuations when the signal-to-
noise ratio is 11dB. For ¢ > 0.15, the estimation performance of
the KSVD-GOMP-TMSBL algorithm is poorer, and it is slightly
inferior to the TMSBL algorithm when the signal-to-noise ratio
reaches a certain value. Therefore, to ensure optimal channel
estimation performance and algorithm stability, the value of o
should be in the range of [0.01~0.10].

The performance of the conventional GOMP algorithm is
notably influenced by sparsity. Figure 11 illustrates the channel
estimation error of the GOMP algorithm with varying sparsity
values, with the energy coefficient () set to 0.05. It is evident from
the figure that the subpar channel estimation performance when the
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FIGURE 9
Channel estimation error with and without noise reduction.
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Channel estimation error for different energy coefficients.

sparsity is 5 is attributed to the multipath complexity of the shallow
sea environment. In such an environment, where the number of
propagated multipaths is higher, opting for a small sparsity value
may erroneously set the channel’s tapping coefficient to 0 when
deriving hyperparameters from the a priori knowledge of the
TMSBL. This leads to a biased channel estimation. The
performance of the KSVD-GOMP-TMSBL algorithm is more
consistent when the sparsity is set to the other five values, all of
which surpass the TMSBL algorithm, enabling superior estimation
performance. Thus, the KSVD-GOMP-TMSBL algorithm only
needs to adopt a larger sparsity value, as the algorithm is
minimally affected by the specific value of sparsity. Consequently,
the performance of the KSVD-GOMP-TMSBL algorithm is not
influenced by the sparsity chosen by the GOMP algorithm.

The influence of noise variance calculation methods on the
performance of the TMSBL algorithm and the KSVD-GOMP-
TMSBL algorithm is discussed below. Figure 12 illustrates the
channel estimation errors of the KSVD-GOMP-TMSBL algorithm
employing two noise variance calculation methods. At an SNR of
-10 dB, the NMSE of the channel estimation for the KSVD-GOMP-
TMSBL algorithm is 1.058 when the noise variance is computed
through iterative updating using (Equation 13). Conversely, the
NMSE is reduced to 0.5579 when the noise variance is determined
using the null subcarrier in conjunction with (Equation 14).
Compared to the previous method, employing null subcarriers to
acquire the noise variance diminishes the NMSE of the channel
estimation of the KSVD-GOMP-TMSBL algorithm by
approximately 47.27%. It is evident that utilizing the null
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Channel estimation errors calculated with different noise variances.

subcarrier to determine noise variance in the OFDM system can
enhance the performance of the KSVD-GOMP-TMSBL algorithm
and improve the accuracy of channel estimation.

In the following sections, the proposed algorithm is compared
with other methods. Figure 13 illustrates the NMSE of various
channel estimation methods. The SBL method (Wipf and Rao,
2004) addresses the multi-measurement model by sequentially
processing columns to estimate the channel. The TMSBL method
(Qiao et al., 2018) leverages temporal correlation between channels
to address the multi-measurement model. The SVD-LS-TMSBL
method (Hong et al., 2022) utilizes SVD to reduce noise, LS to
acquire a priori knowledge for the TMSBL algorithm, and TMSBL
to achieve joint channel estimation. The figure illustrates that the
SBL method exhibits the highest NMSE, which can be attributed to
its failure to leverage the correlation between the channels. In

SNR

contrast, TMSBL demonstrates superior channel estimation
accuracy compared to the SBL algorithm due to its ability to
capitalize on the temporal correlation between the underwater
acoustic channels. The SVD-LS-TMSBL algorithm achieves lower
NMSE in channel estimation than the TMSBL algorithm because it
integrates singular value decomposition for noise reduction and
employs the LS method to acquire the priori knowledge for the
TMSBL algorithm. The KSVD-GOMP-TMSBL algorithm employs
K-SVD dictionary learning for noise reduction, with a priori
knowledge for the TMSBL algorithm obtained through the
GOMP algorithm. This approach effectively addresses the
limitations of the SVD-LS-TMSBL algorithm, where the LS
channel estimation method is more sensitive to noise, and the
noise reduction capability of SVD is suboptimal in low SNR
environments, leading to reduced channel estimation accuracy.
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FIGURE 13
NMSE for different channel estimation methods.
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These results demonstrate that the KSVD-GOMP-TMSBL method
achieves superior channel estimation performance compared to the
other algorithms. It can be observed that the proposed algorithm is
capable of effectively reducing the impact of noise on the TMSBL
algorithm, thereby enhancing the accuracy of channel estimation in
OFDM communication systems.

The subsequent analysis centers on the influence of the KSVD-
GOMP-TMSBL algorithm on the performance of the OFDM
communication system. Figure 14 illustrates the bit error rate
(BER) of various channel estimation methods, suggesting that the
performance of the OFDM communication system is improved by
the KSVD-GOMP-TMSBL algorithm. With an increase in SNR, all
five channel estimation methods represented in the figure
demonstrate a reduction in the BER of the OFDM
communication system. At an SNR of 15 dB, the BERs for the LS,
GOMP, TMSBL, LS-TMSBL, and KSVD-GOMP-TMSBL
algorithms are 6.2%, 5.7%, 5.8%, 5.3%, and 4.5%, respectively. In
comparison to the benchmark algorithms, the BER of the KSVD-
GOMP-TMSBL algorithm decreases by at least approximately
15.1%. Based on the aforementioned analysis, the KSVD-GOMP-
TMSBL algorithm contributes to the enhancement of the OFDM
communication system’s performance.

Table 2 presents the estimation errors of various channel
estimation methods under identical signal-to-noise ratio
conditions. The results clearly indicate that the estimation
accuracy of the KSVD-GOMP-TMSBL algorithm is markedly
improved compared to other methods. At a signal-to-noise ratio
of -10 dB, the channel estimation error of the KSVD-GOMP-
TMSBL algorithm decreases by around 96.6%, 95.4%, 92.2%, and
92.1% compared to the LS, GOMP, TMSBL, and LS-TMSBL
channel estimation methods, respectively. The estimation error of
the KSVD-GOMP-TMSBL algorithm similarly decreases across
other signal-to-noise ratio values. This confirms the significant
enhancement in channel estimation accuracy achieved by the
KSVD-GOMP-TMSBL algorithm.

10.3389/fmars.2024.1362416

4.2 Algorithm complexity analysis

The following section will analyze the convergence and
convergence rate of the KSVD-GOMP-TMSBL algorithm.
Figure 15 illustrates the NMSE of the TMSBL and KSVD-GOMP-
TMSBL algorithms for varying numbers of iterations at a signal-to-
noise ratio (SNR) of -10 dB. It can be observed that both algorithms
demonstrate convergence as the number of iterations increases. The
KSVD-GOMP-TMSBL algorithm reaches convergence at 7
iterations, while the TMSBL algorithm reaches convergence at 26
iterations. The results demonstrate that the KSVD-GOMP-TMSBL
algorithm exhibits a faster convergence rate than the TMSBL
algorithm. It has been demonstrated that the integration of the
KSVD-GOMP-TMSBL algorithm for noise reduction based on a
KSVD dictionary and the utilization of GOMP to derive the prior
knowledge of the TMSBL algorithm can effectively reduce the
number of iterations of the TMSBL algorithm and accelerate the
convergence speed.

The KSVD-GOMP-TMSBL algorithm is primarily composed of
three key components: KSVD dictionary learning for noise
reduction, a priori knowledge acquisition based on GOMP
channel estimation, and TMSBL algorithm channel estimation.
The KSVD dictionary learning technique for noise reduction
incorporates GOMP sparse coding and dictionary updating. The
computational complexity of GOMP sparse coding is O(kpJL), and
that of dictionary updating is O(pJL(L + 1)). Consequently, the
computational complexity of KSVD dictionary learning noise
reduction is O(pJL(k + L + 1)). The computational complexity of
acquiring a priori knowledge through GOMP channel estimation is
O(kpJL + ML). The computational complexity of TMSBL channel
estimation is O(N(M?p + L* + L*M)), where N represents the
number of iterations. In conclusion, the principal computational
complexity of the KSVD-GOMP-TMSBL algorithm is O(pJL(k +
L+1)+ML+N(M?*p+L*+L*M)). Tt can be observed that the
complexity of the proposed algorithm is predominantly dictated
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FIGURE 14
BER for different channel estimation methods.
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TABLE 2 Estimation errors of different channel estimation methods.

10.3389/fmars.2024.1362416

Channel estimation methods = SNR (dB) e Channel estimation methods AL e
error (dB) error
LS 17.2500 LS 0.5384
GOMP 12.7900 GOMP 0.4062
TMSBL -10 7.5060 TMSBL 5 0.2417
LS-TMSBL 7.4570 LS-TMSBL 0.2160
KSVD-GOMP-TMSBL 0.5873 KSVD-GOMP-TMSBL 0.0165
LS 55200 LS 0.1687
GOMP 42530 GOMP 0.1292
TMSBL 5 24120 TMSBL 10 0.0779
LS-TMSBL 24120 LS-TMSBL 0.0623
KSVD-GOMP-TMSBL 0.1462 KSVD-GOMP-TMSBL 0.006
LS 1.7420 LS 0.054
GOMP 1.3590 GOMP 0.042
TMSBL 0 0.7897 TMSBL 15 0.0253
LS-TMSBL 0.7574 LS-TMSBL 0.0166
KSVD-GOMP-TMSBL 0.0556 KSVD-GOMP-TMSBL 0.0018

by the TMSBL channel estimation component. The computational
complexity of the TMSBL algorithm is primarily driven by the value
of N, especially when the number of iterations is substantial, which
may result in a significant increase in the algorithm’s overall
complexity. The KSVD-GOMP-TMSBL algorithm employs
GOMP to derive the initial hyperparameter matrix and the
simplified dictionary matrix. This process is analogous to the
iterative updating in TMSBL during the intermediate phase,
leading to a reduction in the number of iterations and an
acceleration of the convergence process. This is corroborated by
the results shown in Figure 15. These findings demonstrate that the

KSVD-GOMP-TMSBL algorithm effectively reduces the
computational complexity of the TMSBL algorithm.

The KSVD-GOMP-TMSBL algorithm utilizes the GOMP
channel estimation algorithm to derive the time-domain impulse
response hgonp Of the underwater acoustic channel. It incorporates
a priori knowledge from the TMSBL and leverages the
characteristics of the underwater acoustic channel to determine
the initial parameters of the EM algorithm. This approach can
effectively reduce the complexity of the algorithm. Utilizing the null
subcarrier in conjunction with (Equation 14) to calculate the noise
variance, instead of iteratively updating with (Equation 13), can
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FIGURE 15

NMSE of TMSBL algorithm and KSVD-GOMP-TMSBL algorithm at different numbers of iterations.
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theoretically decrease the number of iterations and thus simplify the
complexity of the system. The computational complexity of the
KSVD-GOMP-TMSBL algorithm will be subsequently analyzed by
examining the algorithm’s running time. The hardware
configuration for the simulation comprises a Core i5 Intel
processor at 2.3GHz with 12GB of RAM.

Figure 16 illustrates the comparison of the running time among
various channel estimation methods. It is evident that the TMSBL
algorithm exhibits the highest running time. The LS a priori TMSBL
method demonstrates a lower running time compared to the
TMSBL algorithm. This is attributed to the utilization of the LS
algorithm to acquire a priori knowledge for the TMSBL algorithm,
thereby reducing its overall complexity. The KSVD-GOMP-TMSBL
Algorithm, employing K-SVD Dictionary Learning, the
incorporation of a noise reduction algorithm, and utilizing the
GOMP algorithm for acquiring a priori knowledge of the TMSBL
algorithm, diminishes the number of iterations and decreases the
running time in comparison to the TMSBL algorithm and the LS-
TMSBL algorithm. At a signal-to-noise ratio of -10 dB, the running
time of TMSBL is 52.71s, the LS a priori TMSBL method records a
running time of 40.3s, and the KSVD-GOMP-TMSBL algorithm
demonstrates a running time of 28.66s. In comparison to the
preceding two methods, the running time diminishes by
approximately 45.63% and 28.89%, respectively. Although the
complexity of the KSVD-GOMP-TMSBL algorithm remains
relatively high compared to channel estimation methods such as
LS and GOMP, Figure 9 indicates that the KSVD-GOMP-TMSBL
algorithm exhibits superior channel estimation accuracy. Overall,
the computational complexity of the KSVD-GOMP-TMSBL
algorithm is diminished in comparison to both the TMSBL
algorithm and the LS-TMSBL algorithm.

Table 3 illustrates the running time of various channel
estimation methods under identical SNR conditions. As evident
from Table 3, the running time of the KSVD-GOMP-TMSBL
algorithm decreases in comparison to both the TMSBL and LS-

10.3389/fmars.2024.1362416

TMSBL algorithms. At a signal-to-noise ratio of 0 dB, the running
time of the KSVD-GOMP-TMSBL algorithm decreases by
approximately 50.3% compared to TMSBL and 33.9% compared
to LS-TMSBL algorithms. The running time of the KSVD-GOMP-
TMSBL algorithm also decreases at different signal-to-noise ratio
values. This indicates a reduction in the computational complexity
of the KSVD-GOMP-TMSBL.

5 Sea trial data validation

To validate the feasibility of the proposed algorithm, we utilized
data obtained from sea trials in a specific maritime area for
verification. For the offshore experiment, the sound source
emission device UW350 was positioned at a depth of 5m. The
pilot signal utilized was a 200-600Hz broadband long pulse signal
with a sampling frequency of 10kHz, and the average in-band
signal-to-noise ratio was -0.02dB. Based on GPS data, the distance
between the transmitting ship and the receiving ship was calculated
as 4672m. The receiving ship positioned the hydrophone in the
seawater at a depth of 24m, and the depth of the experimental sea
was measured at 25.5m. The depths of the mentioned equipment
and seawater were measured by depth sensors.

Figure 17 depicts the channel estimation results obtained
through the application of the KSVD-GOMP-TMSBL algorithm.
The illustration reveals the relatively stable structure of the shallow-
sea underwater acoustic channel, characterized by concentrated
channel energy on a few paths, demonstrating sparse characteristics
that manifest as a sparse multipath structure.

Figure 18 illustrates the received BER for various channel
estimation methods. The sparsity of the GOMP algorithm is set
to 20, the energy coefficient of the LS-TMSBL algorithm is set to
0.05, and the sparsity of the KSVD-GOMP-TMSBL algorithm is set
to 20, with an energy coefficient of 0.05. As depicted in Figure 16,
the BER of the LS algorithm and GOMP algorithm is the highest
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FIGURE 16
Running time of different channel estimation methods
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TABLE 3 Running time of different channel estimation methods.

10.3389/fmars.2024.1362416

Channel estimation SNR Running time (s) Ch_annel estima- SNR Running time (s)
methods (dB) tion methods (dB)
TMSBL 5271 TMSBL 10.48
LS-TMSBL -10 40.42 LS-TMSBL 5 8.02
KSVD-GOMP-TMSBL 28.66 KSVD-GOMP-TMSBL 4.96
TMSBL 28.45 TMSBL 6.54
LS-TMSBL 5 2191 LS-TMSBL 10 458
KSVD-GOMP-TMSBL 15.6 KSVD-GOMP-TMSBL 298
TMSBL 17.37 TMSBL 3.69
LS-TMSBL 0 13.08 LS-TMSBL 15 2.65
KSVD-GOMP-TMSBL 8.64 KSVD-GOMP-TMSBL 1.83

among the considered algorithms. The LS algorithm is notably
influenced by noise, leading to a high BER. Meanwhile, GOMP is
extremely sensitive to sparsity, and the actual sparsity of the channel
in the real environment is unknown, contributing to a high BER for
the GOMP algorithm. The BER of both the TMSBL algorithm and
the LS-TMSBL algorithm is lower than that of the LS algorithm and
GOMP algorithm. In comparison to the aforementioned four
algorithms, the BER of the KSVD-GOMP-TMSBL algorithm is
lower, further validating its performance.

Figure 19 depicts the runtime of different channel estimation
methods. It is evident from the figure that the TMSBL algorithm
and the LS-TMSBL algorithm have the longest runtime,
approximately 15 seconds. The KSVD-GOMP-TMSBL algorithm
boasts a runtime of approximately 11 seconds, marking a reduction
of about 26.7% compared to the two preceding algorithms. The LS
algorithm and the GOMP algorithm demonstrate the shortest
running time; however, as shown in Figure 16, the KSVD-
GOMP-TMSBL algorithm outperforms both the LS algorithm

and the GOMP algorithm in terms of BER. The superiority of the
KSVD-GOMP-TMSBL algorithm in running time is evident.

Table 4 provides the average BER and average runtime for
different channel estimation methods. The average BER of different
channel estimation methods is higher due to a lower average in-
band SNR, and no channel coding is applied. However, it is evident
that the KSVD-GOMP-TMSBL algorithm exhibits a lower average
BER compared to the comparison algorithms. The KSVD-GOMP-
TMSBL algorithm demonstrates the shortest runtime among the
three channel estimation methods with a closer BER. This indicates
that the KSVD-GOMP-TMSBL algorithm performs effectively in
reducing both system BER and system complexity.

6 Conclusion

The estimation of underwater acoustic channels using the
TMSBL algorithm in shallow sea environments is challenged by

Channel estimation <1073
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FIGURE 17
Channel estimation results.
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FIGURE 19
Running time of different channel estimation methods.

high computational complexity, and the algorithm’s performance is

TABLE 4 Comparison of average BER and average runtime of different
channel estimation methods.

significantly affected by the signal-to-noise ratio. The article
proposes an improved channel estimation method for the

Channel Aver Aver nnin temporal multiple sparse Bayesian learning OFDM underwater
estimation BeE??ge = ?igrr?e l('ls) 9 acoustic communication system. The K-SVD dictionary learning
methods algorithm is employed to reduce noise in the received pilot matrix.
LS 02109 0.0054 Simultaneously, the null subcarrier is utilized to obtain a more
accurate noise variance, thereby reducing the computational

GOMP 0.2235 0.1672 . . L L .
complexity of the algorithm and enhancing its noise immunity.
TMSBL 0.1888 155599 The method employs the GOMP channel estimation algorithm to
LS-TMSBL 0.1889 15.3406 obtain the time-domain impulse response of the underwater
acoustic channel. It acquires a priori knowledge of the TMSBL

KSVD-GOMP-TMSBL 0.1820 11.5221 L X

and selects the initial parameters of the EM algorithm based on the
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characteristics of the underwater acoustic channel, thereby
enhancing the accuracy of channel estimation. Simulations
indicate that at a signal-to-noise ratio of -10 dB, the KSVD-
GOMP-TMSBL algorithm reduces the NMSE of channel
estimation by 92.2% compared to the TMSBL algorithm,
significantly improving estimation accuracy. Furthermore, the
running time is reduced by 45.6%, thereby accelerating the
convergence of the TMSBL algorithm and reducing its
computational complexity. The validation with experimental data
from the sea trials demonstrate that the proposed algorithm has a
lower impact on the signal-to-noise ratio compared to traditional
channel estimation algorithms, and exhibits strong robustness. It
achieves accurate estimates even in low signal-to-noise conditions
in shallow water and operates at high speed.

The KSVD-GOMP-TMSBL algorithm effectively addresses the
problems associated with low estimation accuracy and high
computational complexity in the estimation of acoustic channels
in shallow water under the conditions of low signal to noise ratio.
This algorithm serves as a reference for estimating the acoustic
channel in shallow water. Although the algorithm can effectively
improve the performance of channel estimation, the reliance on
pilot signals means that their quantity will influence the algorithm’s
performance. Therefore, the next step is to explore channel
estimation methods that require fewer pilot signals to further
enhance robustness.
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