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ABSTRACT Reliable communication over oceans and in remote areas remains challenging because
most wireless networks depend on land-based infrastructure. Space–air–ground–sea integrated
networks (SAGSINs) provide a promising solution by integrating space, aerial, terrestrial, and
maritime network components to extend coverage beyond the reach of land-based networks. In this
paper, we consider a maritime relay-assisted SAGSIN where a sea-surface station (SS) communicates
with a base station (BS) through one relay selected from three candidate platforms: an onshore
station, a high-altitude platform, and a satellite (SAT). Since these relay links operate in different
propagation environments and network segments, accurate channel estimation and relay selection
become challenging. The proposed framework considers least squares (LS), linear minimum mean
square error (LMMSE), and an adapted denoising convolutional neural network (DnCNN)-based
estimator for channel estimation over heterogeneous maritime relay links. The DnCNN-based
estimator learns the nonlinear mapping between the initial channel estimate and the corresponding
refined channel estimate, thereby reducing estimation errors caused by noise and limited pilot
observations. The refined channel estimates are then used to support relay selection, so that the SS
can choose a suitable relay for forwarding its data to the BS. The simulation results confirm that
the adapted DnCNN-based estimator generally provides lower normalized mean square error than
the traditional LS and LMMSE estimators, especially at low transmit power and short pilot length.
The results further show that the proposed relay selection method achieves an end-to-end data
rate close to the perfect channel state information benchmark. These results confirm that accurate
channel estimation improves relay selection and enhances maritime communication performance.

INDEX TERMS Space–air–ground–sea integrated networks, maritime communication, channel
estimation, relay selection, deep learning.

I. Introduction
Future sixth generation (6G) wireless networks are
expected to provide reliable communication every-
where by connecting terrestrial and non-terrestrial net-
works [1]. However, terrestrial infrastructure alone can-
not guarantee seamless communication in remote and

infrastructure-limited environments, such as oceans, is-
lands, and disaster-affected regions. To overcome these
coverage limitations, 6G systems are expected to inte-
grate space, air, ground, and sea segments into a unified
communication framework, known as a space-air-ground-
sea integrated network (SAGSIN) [1], [2]. This integrated

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/

VOLUME , 1



Bandara et al.: Channel Estimation and Relay Selection for Space-Air-Ground-Sea Integrated Networks

network is particularly important for maritime commu-
nication, where sea-surface station (SS) may operate
far from the coastline and direct communication with
the core network can become weak or unavailable [1],
[3]. In such environments, relay-assisted SAGSIN can
support the connection between the SS and the core
network, thereby improving maritime coverage and reli-
ability. Beyond conventional relay-assisted architectures,
reconfigurable intelligent surfaces (RISs) and stacked
intelligent metasurfaces (SIMs) have recently gained sig-
nificant attention for future wireless networks. By using
multiple programmable metasurface layers, SIMs can
support wave-domain signal processing, near-field beam
training, and wideband transceiver design [4]–[6].

In maritime relay-assisted SAGSIN, different relay
platforms can provide different coverage advantages. For
example, onshore stations (OSs) can support near-shore
communication, aerial platforms such as high altitude
platforms (HAPs) can provide wide-area coverage, and
satellites (SATs) can support long-distance offshore com-
munication. Selecting the most suitable relay requires
accurate knowledge of the channel conditions, since in-
accurate channel estimates can lead to incorrect relay
selection and degrade the overall system performance.
However, channel estimation is challenging in this envi-
ronment because heterogeneous relay links can experi-
ence different propagation conditions. Near-shore links
may be affected by sea-surface reflection and two-ray
propagation [3], whereas aerial and satellite links may
suffer from stronger path loss, platform mobility, Doppler
effects, and atmospheric attenuation [7], [8]. Therefore,
reliable channel state information (CSI) estimation is
important for evaluating link quality and supporting
effective relay selection in maritime communication.

Traditional channel estimation methods, such as least
square (LS) and linear minimum mean square error
(LMMSE), are widely used because of their simple im-
plementation [9]–[11]. However, their performance can
degrade when the received pilot signals are noisy or
when the channel has complex propagation behavior.
Learning-based estimators, such as deep residual learn-
ing models, can improve estimation accuracy by learning
the residual error between noisy estimates and true chan-
nels [12]. Although several studies have addressed chan-
nel modeling, channel estimation, and relay selection
in integrated networks, existing works have investigated
these problems separately [10], [13]–[15]. Specifically, sev-
eral channel estimation works focus on a single network
segment, such as air–ground or satellite–ground commu-
nication [10], [11], while several relay-selection studies
assume that full CSI is available at the relay-selection
stage [14], [15]. However, this assumption is difficult to
satisfy in maritime relay-assisted SAGSINs because the
relay decision should be made using estimated channel
conditions. Therefore, the impact of channel estimation

errors on relay selection performance in maritime relay-
assisted SAGSINs remains insufficiently studied.

To address this gap, this paper proposes a joint chan-
nel estimation and relay selection framework for mar-
itime relay-assisted SAGSIN. In the proposed framework,
traditional estimators and a learning-based estimator are
first used to estimate the channels between the SS and
the candidate relays. The estimated channel information
is then used to evaluate the quality of each relay link
and select the most suitable relay for data transmission.
The main contributions of this paper are summarized as
follows:

1) We investigated a maritime relay-assisted SAGSIN,
where an SS communicates with the core network
through heterogeneous OS, HAP, and SAT relays.

2) We evaluate the traditional LS and LMMSE estima-
tors together with a residual denoising convolutional
neural network (DnCNN)-based estimator for the
heterogeneous SS–OS, SS–HAP, and SS–SAT links.

3) We design two relay-selection methods for the con-
sidered maritime relay-assisted SAGSIN. The first
method selects the relay based on the estimated SS–
relay data rate, whereas the second method selects
the relay based on the estimated end-to-end data
rate.

4) We provide detailed simulation results to evalu-
ate the impact of channel estimation accuracy on
relay selection and end-to-end data-rate perfor-
mance. The results compare the LS, LMMSE, and
DnCNN-based estimators in terms of normalized
mean square error (NMSE) and achievable data rate
under different simulation settings, including the SS
transmit power, pilot length, and relay-link condi-
tions. In addition, the relay selection probability is
investigated to show how the preferred relay changes
with the SS location in the considered maritime
service area.

The rest of this paper is organized as follows. Section II
reviews the existing related works that cover channel
modeling, channel estimation, and relay selection in
integrated networks. Section III presents the consid-
ered maritime relay-assisted SAGSIN system model and
the corresponding channel models for the heterogeneous
relay links. Section IV introduces the channel estima-
tion and relay selection framework, including the LS,
LMMSE, and DnCNN-based estimators and the two
relay-selection methods. Section V provides the simula-
tion results. Finally, Section VI concludes the paper.

II. Related Work
Reliable maritime communication through SAGSIN re-
quires accurate modeling of heterogeneous links, reliable
channel estimation, and effective relay selection. Related
works have addressed these aspects from different per-
spectives. To summarize their scope, Table 1 compares
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Table 1: Comparison of existing related works
References Space Segment Air Segment Maritime Segment Channel Modeling Channel Estimation Relay Selection

[1] ✓ ✓ ✓ ✓ – –
[3] ✓ ✓ ✓ ✓ – –
[7] ✓ ✓ – ✓ – –
[10] ✓ ✓ – ✓ ✓ –
[11] – ✓ – ✓ ✓ –
[12] – – – – ✓ –
[13] ✓ ✓ – ✓ – –
[14] ✓ – – ✓ – ✓

[15] ✓ – – ✓ – ✓

[16] – ✓ – ✓ ✓ –
[17] – ✓ – ✓ – ✓

[18] ✓ – – ✓ – –
[19] ✓ – – ✓ – –
[20] ✓ ✓ ✓ ✓ – ✓

[21] ✓ ✓ – ✓ – ✓

[22] ✓ – ✓ ✓ – –
[23] ✓ ✓ – ✓ – ✓

[24] ✓ – – ✓ ✓ –
Proposed work ✓ ✓ ✓ ✓ ✓ ✓

the related works in terms of the considered network seg-
ments, including the space, air, and maritime segments,
as well as channel modeling, channel estimation, and
relay selection.

Several works have investigated channel modeling in
SAGSIN. Early works modeled space-air-ground inte-
grated network (SAGIN) by considering space, aerial,
and ground links with different propagation conditions
and platform mobility for outage performance analy-
sis [13]. Later, SAGSIN channel models were extended
to maritime scenarios by using different models for
different links, such as international telecommunication
union (ITU)-based models for shore-to-sea segments,
Rician fading for HAP-to-sea segments, and Shadowed-
Rician fading for satellite-to-sea segments [1]. End-
to-end LEO-satellite-aided shore-to-ship communication
was also investigated by modeling the maritime and
satellite links using Rician and Shadowed-Rician fading,
respectively [22]. More recent studies investigated more
accurate satellite and aerial channel modeling by consid-
ering practical effects such as atmospheric loss, weather
attenuation, earth rotation, mobility, elevation angle,
and urban propagation environments [7], [18], [19]. These
studies show that channel behavior in SAGSIN is highly
heterogeneous and depends strongly on the considered
network segment and propagation environment.

Relay selection is important in SAGSIN because mar-
itime users can be served through different relay plat-
forms, such as terrestrial stations, aerial platforms, and
satellites. Since these relays operate at different net-
work segments and experience different channel condi-
tions, they may provide different communication quality.
Therefore, selecting the most suitable relay is necessary

to improve the reliability and performance of maritime
communication. To address this problem, existing studies
have used different relay-selection criteria. For instance,
relay selection in SAGSIN has been performed by choos-
ing the relay with the strongest received power among
heterogeneous relay candidates [1]. For maritime termi-
nals in [20], aerial relay selection has also been studied
by selecting the relay that provides the highest end-to-
end channel capacity. More recently, relay selection has
been considered for cooperative air–ground communica-
tion systems [17]. In SAGIN, maximum-signal-to-noise-
interference ratio (SINR)-based relay-node selection has
also been studied [21]. Joint unmanned aerial vehicle
(UAV) trajectory planning and LEO-satellite selection
was investigated in [23], where the satellite was se-
lected according to the achievable data rate and its
remaining visibility time. These works show that relay
and satellite selection in integrated networks has mainly
been addressed using received power, capacity, SINR,
achievable rate, visibility time, and cooperative relaying
criteria. However, the effect of channel estimation on
relay selection in maritime SAGSIN has received limited
attention.

Channel estimation is also essential for reliable com-
munication because the receiver depends on accurate
CSI to evaluate the channel condition. In the liter-
ature, channel behavior and channel estimation have
been studied for individual segment links. For example,
air–ground channels have been characterized through
measurement-based studies [16], and channel-estimation-
based reliable transmission has also been investigated for
air–ground communication [11]. However, when moving
toward integrated networks, channel estimation becomes
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more challenging because the links may belong to dif-
ferent network segments. For example, channel estima-
tion has been studied for UAV–satellite communication
in SAGINs, which mainly considers the air and space
segments [10]. For LEO satellite massive multiple-input
multiple-output (MIMO)-OFDM communication, a two-
stage channel-estimation method was developed in [24]
by exploiting the angle-delay-domain structure of the
satellite channel. These studies show the importance of
accurate CSI in dynamic aerial and space-related links.
However, most existing channel-estimation studies focus
on one or two network segments, rather than maritime
relay-assisted SAGSIN. As a result, channel estimation
across heterogeneous maritime relay links remains less
explored.

The above studies provide important foundations for
integrated network modeling, relay selection, and chan-
nel estimation. However, these topics are often studied
separately. This separation is not sufficient for mar-
itime relay-assisted SAGSINs, where the relay decision
depends on the estimated channel information. There-
fore, the effect of channel-estimation accuracy on relay
selection remains an important open issue. To address
this gap, this work considers a maritime relay-assisted
SAGSIN framework that jointly integrates channel mod-
eling, channel estimation, and relay selection.

III. System and Channel Models
This section presents the relay-assisted SAGSIN archi-
tecture considered for maritime communication and the
corresponding channel models, as illustrated in Fig. 1.
The SS communicates with the ground base station (BS)
through one selected relay. The relay is selected from
three candidates, namely an OS, a HAP, and a SAT.
The relay set is denoted by K = {OS, HAP, SAT}, where
k ∈ K represents a relay candidate. Each relay candidate
and the BS are equipped with a uniform rectangular
array (URA), while the SS is equipped with a single
antenna. The URA at relay k consists of Nk = Nk,xNk,y

antenna elements, where Nk,x and Nk,y denote the
numbers of antenna elements along the x- and y-axes,
respectively. Similarly, the URA at the BS consists of
NBS = NBS,xNBS,y antenna elements, where NBS,x and
NBS,y denote the numbers of antenna elements along the
x- and y-axes, respectively.

Let hSS,k denote the channel from the SS to relay
k, and let Hk,BS denote the channel from relay k to
the BS. Since the relays in K are located in different
network segments, the corresponding SS–relay links ex-
perience heterogeneous propagation conditions. Accord-
ingly, these links are modeled as shown in (2), which
appears at the top of the next page. Specifically, the
SS-to-OS link is represented by a two-ray propagation
model that accounts for the dominant line-of-sight (LoS)
path and the sea-surface-reflected path [3]. The SS–

Fig. 1: System model of the considered maritime relay-
assisted SAGSIN.

HAP link is modeled using distance-dependent free-space
path loss [25], whereas the SS-to-SAT link accounts for
both free-space path loss and rain attenuation [3], [26].
In addition, each link incorporates Rician small-scale
fading.

Additionally in (2), λk denotes the carrier wavelength
of the SS-to-relay k link, and dSS,k denotes the Euclidean
distance between the SS and relay k. The parameters
hSS and hk denote the heights of the SS and relay k, re-
spectively, while GSS and Gk denote their corresponding
antenna gains. For the SS-to-SAT link, rk denotes the lin-
ear rain attenuation factor. Let r̃k = 10 log10(rk) denote
the rain attenuation, where r̃k ∼ N (µr, R2

r), and µr and
Rr denote its mean and standard deviation, respectively.
Furthermore, KSS,k denotes the Rician K-factor of the
SS–relay k link, while hLoS

SS,k and hNLoS
SS,k denote the LoS

and non-line-of-sight (NLoS) components, respectively.
The LoS component is modeled using the relay-side URA
steering vector corresponding to the arrival direction
from the SS to relay k, and is expressed as [25]

hLoS
SS,k = ax

k

(
ϕx

SS,k

)
⊗ ay

k

(
ϕy

SS,k

)
, (1)

where ⊗ denotes the Kronecker product. The relay URA
steering vectors along the x- and y-axes are given by [25]

[
ax

k

(
ϕx

SS,k

)]
m

= e−jνkDk(m−1)ϕx
SS,k√

Nk,x

, m = 1, . . . , Nk,x,

(3)[
ay

k

(
ϕy

SS,k

)]
n

= e−jνkDk(n−1)ϕy
SS,k√

Nk,y

, n = 1, . . . , Nk,y,

(4)
where m and n denote the antenna-element indices along
the x- and y-axes of the relay URA, respectively. The
parameter νk = 2π/λk represents the wavenumber,
where λk = c/fk is the carrier wavelength, c is the
speed of light, and fk is the carrier frequency of the
SS-to-relay k link. In addition, Dk denotes the antenna
spacing at relay k. The variables ϕx

SS,k and ϕy
SS,k denote

the direction cosines along the x- and y-axes, respec-
tively, and are given by ϕx

SS,k = cos(θel
SS,k) cos(θaz

SS,k) and
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hSS,k =



λk

2πdSS,k
sin
(

2πhSShk

λkdSS,k

)√
GSSGk

(√
KSS,k

KSS,k + 1 hLoS
SS,k +

√
1

KSS,k + 1 hNLoS
SS,k

)
, k = OS,

λk

4πdSS,k

√
GSSGk

(√
KSS,k

KSS,k + 1 hLoS
SS,k +

√
1

KSS,k + 1 hNLoS
SS,k

)
, k = HAP,

λk

4πdSS,k

√
GSSGk

rk

(√
KSS,k

KSS,k + 1 hLoS
SS,k +

√
1

KSS,k + 1 hNLoS
SS,k

)
, k = SAT.

(2)

ϕy
SS,k = cos(θel

SS,k) sin(θaz
SS,k), where θaz

SS,k and θel
SS,k de-

note the azimuth and elevation angles of the SS-to-relay
k link, respectively. These angles are obtained from the
node geometry as θaz

SS,k = atan2(yk − ySS, xk − xSS) and
θel

SS,k = atan2
(

zk − zSS,
√

(xk − xSS)2 + (yk − ySS)2
)

,
where (xSS, ySS, zSS) and (xk, yk, zk) denote the positions
of the SS and relay k, respectively. The scattered NLoS
component is modeled as a circularly symmetric complex
Gaussian random vector, i.e., hNLoS

SS,k ∼ CN
(

0, 1
Nk

INk

)
,

for k ∈ K. The considered channels follow a block-
fading model, where the channel remains constant during
each short transmission block [27]–[29]. Following [3],
[30], [31], the dominant Doppler shift is assumed to be
estimated and compensated at the receiver before chan-
nel estimation. Therefore, the residual Doppler effect is
neglected within each transmission block. In addition,
platform altitude variations, atmospheric absorption,
shadowing, sea-state-dependent reflection changes, and
time-varying rain attenuation are not explicitly modeled,
consistent with the assumptions adopted in [1], [3], [25],
[26].

Based on these channel models, the channel hSS,k

depends on the SS position from the shore and varies
across relay candidates. Therefore, this channel needs to
be estimated for each relay candidate, and the resulting
channel information is used to select the best relay,
denoted by k⋆. The proposed channel estimation and
relay-selection procedure is described in the next section.

IV. Channel Estimation and Relay Selection
The proposed methodology consists of two main stages:
channel estimation and relay selection. In the first stage,
each relay estimates its corresponding SS–relay k chan-
nel. For this purpose, three channel estimation methods
are considered, namely LS, LMMSE, and the DnCNN-
based estimator. In the second stage, the estimated
SS–relay k channels are used to select the best relay.
Two relay-selection methods are considered: the first
selects the relay based on the estimated SS–relay k data
rate, whereas the second selects the relay based on the
estimated end-to-end data rate. After the best relay is
selected, the selected relay forwards the decoded data
from the SS to the BS.

A. Channel Estimation
To estimate the SS–relay k channels, the SS transmits a
pilot sequence P = [p1, p2, . . . , pC ] ∈ C1×C to the relays,
where C denotes the pilot length. The pilot sequence
satisfies PPH = CPp, where Pp denotes the transmit
power per pilot symbol. In the considered simulations,
the pilot-symbol power is set equal to the SS transmit
power, i.e., Pp = PSS. For relay k ∈ K, the received pilot
signal is modeled as [32], [33]

Yk = hSS,kP + Nk, (5)

where Yk ∈ CNk×C denotes the received pilot signal
matrix, and Nk ∈ CNk×C denotes the additive white
Gaussian noise (AWGN) matrix. Each entry of Nk is
independently distributed as CN (0, σ2

k), where σ2
k =

N0WSS,k is the noise variance at relay k. Here, N0 de-
notes the noise power spectral density, and WSS,k denotes
the bandwidth of the SS–relay k link. Using the received
pilot signal in (5), each relay estimates its corresponding
SS–relay k channel. The following subsections describe
the three channel estimation methods considered in this
work.

1) LS Channel Estimator
The LS channel estimator estimates the channel by
minimizing the squared error between the received pilot
signal and the reconstructed pilot signal. Based on the
received pilot model in (5), the LS estimate of the SS–
relay k channel is given by [12]

ĥLS
SS,k = YkP†, (6)

where P† = PH
(
PPH

)−1 denotes the pseudoinverse of
the pilot sequence P.

2) LMMSE Channel Estimator
The LMMSE channel estimator is considered because
it uses channel statistical information [12] to obtain a
more accurate estimate than LS estimation. Unlike the
LS estimator, the LMMSE estimator exploits the channel
covariance matrix and noise variance to suppress the
effect of noise. Based on the received pilot model in (5),
the LMMSE estimate of the SS–relay k channel is given
by [12]

ĥLMMSE
SS,k = RSS,k

(
PPHRSS,k + σ2

kINk

)−1 YkPH , (7)
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Fig. 2: DnCNN-based channel estimation framework for the heterogeneous links, including offline training and online
estimation stages.

where RSS,k = E
[
hSS,khH

SS,k

]
is the covariance matrix of

the SS–relay k channel.

3) DnCNN-Based Channel Estimator
In addition to the traditional LS and LMMSE estima-
tors, this work adopts a DnCNN-based channel esti-
mator for the SS–relay k link, following the denoising-
based learning approach in [12]. Compared with [12], the
adopted DnCNN estimator differs in its training objec-
tive, channel normalization, dataset generation, network
configuration, and integration with relay selection. The
LS estimate is first used as a coarse channel estimate
because it can be obtained directly from the received
pilot signal without requiring prior channel statistics.
However, under low signal-to-noise ratio (SNR) condi-
tions, the LS estimate can contain significant estimation
error. Therefore, the DnCNN estimator treats the LS
estimate as a noisy observation of the true channel and
refines it using a residual denoising network. Based on
the LS estimate in (6), the noisy channel observation at
relay k can be written as

ĥLS
SS,k = hSS,k + ek, (8)

where ek ∈ CNk×1 denotes the LS estimation error.
Hence, the channel estimation problem can be viewed as
a denoising problem, where the objective is to recover
hSS,k from the noisy observation ĥLS

SS,k. The DnCNN
estimator has two stages: offline training and online

estimation. Fig. 2 illustrates the overall DnCNN-based
channel estimation framework.

a: Offline Training
In the offline stage, simulated pilot observations and true
channels are used to construct the training dataset. The
LS estimator is first applied to the simulated received
pilot observations to generate noisy channel estimates.
These noisy LS estimates are then paired with the
corresponding true channels to train the DnCNN. For
relay k, the resulting training dataset is defined as

Dk =
{(

ĥLS,(q)
SS,k , h(q)

SS,k

)}Q

q=1
, (9)

where Q is the number of training samples and q is
the training sample index. In each pair, ĥLS,(q)

SS,k is the
noisy LS estimate obtained from Y(q)

k , and h(q)
SS,k is

the corresponding true channel. In the online stage, the
trained DnCNN model obtained from the offline training
stage is directly applied to a new test dataset to produce
refined channel estimates.

b: Data Normalization and Input Representation
Before training the DnCNN, each LS estimate is normal-
ized to reduce the effect of channel magnitude variations.
For the q-th training sample at relay k, the normalization
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Fig. 3: Architecture of the DnCNN-based channel estimator with B cascaded residual denoising blocks.

factor is defined as

η
(q)
k =

√√√√∥∥∥ĥLS,(q)
SS,k

∥∥∥2

2
Nk

. (10)

The same normalization factor is used for both the LS
estimate and the true channel. Thus, for the q-th training
sample, the normalized input and target are given by
h̃LS,(q)

SS,k = ĥLS,(q)
SS,k /η

(q)
k and h̃(q)

SS,k = h(q)
SS,k/η

(q)
k , respec-

tively. Since the channel vectors are complex-valued,
while the DnCNN uses real-valued convolutional layers,
each normalized channel vector is converted into a two-
channel real-valued tensor. The vector is first reshaped
according to the Nk,x × Nk,y URA structure, and then
its real and imaginary parts are stacked as two channels.
Let T (·) denote this transformation. The input tensor
and target tensor for the q-th training sample are defined
as

X(q)
k = T

(
h̃LS,(q)

SS,k

)
=
[
ℜ
{

h̃LS,(q)
SS,k

}
, ℑ
{

h̃LS,(q)
SS,k

}]
,

(11)
and

Z(q)
k = T

(
h̃(q)

SS,k

)
=
[
ℜ
{

h̃(q)
SS,k

}
, ℑ
{

h̃(q)
SS,k

}]
, (12)

where X(q)
k is the network input and Z(q)

k is the target
output. Both tensors have size Nk,x × Nk,y × 2.

c: DnCNN Network Architecture
Fig. 3 shows the architecture of the DnCNN-based chan-
nel estimator. The network contains B cascaded residual
denoising blocks. For a given input tensor Xk, the input
to the first denoising block is

A(0)
k = Xk. (13)

Each denoising block estimates the residual error in
its input and subtracts it to produce a cleaner output.
Let A(b−1)

k and A(b)
k denote the input and output of the

b-th denoising block, respectively. The operation of the
b-th block is written as

A(b)
k = A(b−1)

k − Rθb

(
A(b−1)

k

)
, b = 1, 2, . . . , B, (14)

where Rθb
(·) is the residual mapping learned by the b-th

denoising block, and θb denotes its trainable parameters.
As shown in Table 2, each denoising block consists of L
convolutional layers, where the intermediate layers use
convolution, batch normalization, and ReLU activation,
while the final layer uses convolution to estimate the
residual error. For layer ℓ, Fℓ denotes the number of
convolutional filters, and Sℓ denotes the convolutional
kernel size, expressed as spatial height × spatial width
× number of input channels. By repeating this operation
through B denoising blocks, the network progressively
removes the residual estimation error from the LS-based
input. The overall mapping of the cascaded denoising
network is expressed as

gθ (Xk) = Xk −
B∑

b=1
Rθb

(
A(b−1)

k

)
, (15)

where θ = {θ1, θ2, . . . , θB} represents the trainable
parameters of all denoising blocks. The output tensor
of the network is given by

Ẑk = A(B)
k = gθ (Xk) . (16)

d: Training Objective
During training, the network output Ẑ(q)

k = gθ(X(q)
k )

is compared with the corresponding target tensor Z(q)
k .

To compute the loss in the normalized complex-valued
channel domain, the estimated tensor is mapped back
using the inverse transformation M(·) as

h̃DnCNN,(q)
SS,k = M

(
Ẑ(q)

k

)
. (17)

The network parameters are optimized by minimizing
the sample-wise NMSE between the normalized true
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Table 2: Structure of one denoising block.

Layer Operation Filters Kernel

ℓ = 1 Conv+BN+ReLU F1 S1

ℓ = 2, . . . , L − 1 Conv+BN+ReLU Fℓ Sℓ

ℓ = L Conv FL SL

Conv, BN, and ReLU denote convolution, batch normalization,
and rectified linear unit activation, respectively.

channel h̃(q)
SS,k and the DnCNN-estimated channel, which

is defined as

JNMSE = 1
Q

Q∑
q=1

∥∥∥h̃(q)
SS,k − h̃DnCNN,(q)

SS,k

∥∥∥2

2∥∥∥h̃(q)
SS,k

∥∥∥2

2

. (18)

Accordingly, the optimal network parameters are ob-
tained as θ⋆ = arg minθ JNMSE(θ), where θ⋆ denotes the
trained DnCNN parameters used during online estima-
tion.

e: Online Estimation
During online estimation, relay k receives the new pilot
signal Ẏk and obtains the LS estimate using (6). The LS
estimate is then normalized using the normalization fac-
tor ηk in (10) and converted into the two-channel input
tensor Ẋk ∈ RNk,x×Nk,y×2. The trained DnCNN model
with parameters θ⋆ produces the normalized tensor-
domain output gθ⋆(Ẋk). This output is then converted
back to the complex-valued channel domain using the
inverse transformation M(·) and denormalized to obtain
the final channel estimate as

ĥDnCNN
SS,k = ηkM

(
gθ⋆

(
Ẋk

))
. (19)

The resulting channel estimate is then used in the
relay-selection stage, which is discussed in the following
section.

B. Relay Selection
After channel estimation, the SS selects one relay from
the relay set K to forward its data to the BS. The SS–
relay channels are estimated from pilot transmission,
as discussed in the previous section. The relay–BS CSI
is assumed to be available because this work focuses
on the effect of SS–relay channel-estimation errors on
relay-selection performance. This assumption avoids ad-
ditional uncertainty from the second-hop links. It also
allows us to evaluate the best achievable performance
of the proposed framework under accurate relay–BS
CSI. Based on this setup, two relay-selection methods
are considered in this section. Both methods use the
estimated SS–relay data rate, denoted by R̂SS,k. For each

relay k, R̂SS,k is defined as

R̂SS,k = WSS,k log2 (1 + γ̂SS,k) , (20)

where γ̂SS,k is the estimated received SNR at relay k.
Based on the estimated channel ĥSS,k, the estimated
SNR γ̂SS,k is computed as

γ̂SS,k =
PSS

∣∣∣ŵH
k ĥSS,k

∣∣∣2
σ2

k

, (21)

where PSS is the transmit power of the SS, and ŵk is
the maximum ratio combining (MRC) combining vector
given by ŵk = ĥSS,k/∥ĥSS,k∥2.

1) Method 1: Partial Relay Selection
Method 1 follows the partial relay-selection princi-
ple [34], where relay selection is performed using only
R̂SS,k. Accordingly, the selected relay is obtained as

k⋆
1 = arg max

k∈K
R̂SS,k. (22)

After obtaining k⋆
1 , the achieved end-to-end data rate

of Method 1 is evaluated as

Rach
1 = 1

2 min
(

R̃SS,k⋆
1
, Rk⋆

1 ,BS

)
, (23)

where Rk⋆
1 ,BS is the data rate of the relay k⋆

1–BS link, and
R̃SS,k⋆

1
denotes the achieved data rate of the SS–relay k⋆

1
link. The R̃SS,k⋆

1
is defined as

R̃SS,k⋆
1

= WSS,k⋆
1

log2
(
1 + γ̃SS,k⋆

1

)
. (24)

where WSS,k⋆
1

is the bandwidth of the SS–relay k⋆
1 link,

and γ̃SS,k⋆
1

is the achieved received SNR at relay k⋆
1 .

For performance evaluation, γ̃SS,k⋆
1

is calculated using
the true channel realization while keeping the combining
vector obtained from the estimated channel as

γ̃SS,k⋆
1

=
PSS

∣∣∣ŵH
k⋆

1
hSS,k⋆

1

∣∣∣2
σ2

k⋆
1

, (25)

where hSS,k⋆
1

is the true channel realization correspond-
ing to k⋆

1 , ŵk⋆
1

is obtained from ĥSS,k⋆
1
, and σ2

k⋆
1

is the
noise power at relay k⋆

1 .

2) Method 2: End-to-End Rate-Based Relay Selection
Method 2 considers both R̂SS,k and Rk,BS during relay
selection. For relay k, the estimated end-to-end data rate
is defined as

R̂E2E
k = 1

2 min
(

R̂SS,k, Rk,BS

)
. (26)

Then, the selected relay is obtained as

k⋆
2 = arg max

k∈K
R̂E2E

k . (27)

After obtaining k⋆
2 , the achieved end-to-end data rate

of Method 2 is evaluated as

Rach
2 = 1

2 min
(

R̃SS,k⋆
2
, Rk⋆

2 ,BS

)
, (28)
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where Rk⋆
2 ,BS is the data rate of the relay k⋆

2–BS link, and
R̃SS,k⋆

2
denotes the achieved data rate of the SS–relay k⋆

2
link. The R̃SS,k⋆

2
is defined as

R̃SS,k⋆
2

= WSS,k⋆
2

log2
(
1 + γ̃SS,k⋆

2

)
. (29)

where WSS,k⋆
2

is the bandwidth of the SS–relay k⋆
2 link,

and γ̃SS,k⋆
2

is the achieved received SNR at relay k⋆
2 .

Similar to Method 1, γ̃SS,k⋆
2

is calculated using the true
channel realization while keeping the combining vector
obtained from the estimated channel as

γ̃SS,k⋆
2

=
PSS

∣∣∣ŵH
k⋆

2
hSS,k⋆

2

∣∣∣2
σ2

k⋆
2

, (30)

where hSS,k⋆
2

is the true channel realization correspond-
ing to k⋆

2 , ŵk⋆
2

is obtained from ĥSS,k⋆
2
, and σ2

k⋆
2

is the
noise power at relay k⋆

2 .
Computational Complexity: The proposed

methodology consists of offline and online processing
stages. In the offline stage, the pilot pseudoinverse
and the LMMSE filtering matrix are computed, while
the DnCNN model is trained using the generated
channel datasets. These operations are performed in
advance and are not repeated during real-time channel
estimation. In the online stage, a new channel estimate
is obtained from the received pilot signal using the
trained or precomputed estimator. Therefore, the online
computational complexities of the LS, LMMSE, and
DnCNN-based estimators are O(NkC), O(N2

k + NkC),
and O

(
NkC + BNk

∑L
ℓ=1 s2

ℓnℓ−1nℓ

)
, respectively.

Here, nℓ−1 and nℓ denote the numbers of input and
output feature maps in layer ℓ.

V. Simulation Results
This section analyzes the performance of the DnCNN-
based channel estimation and relay-selection approach
for the considered maritime relay-assisted SAGSIN. The
simulations are carried out in a three-dimensional mar-
itime coordinate system. The coastline is aligned with
the y-axis, the x-axis points toward the sea, and the
z-axis represents the height above the sea surface. The
SS location is randomly generated within a rectangular
maritime service area, where the offshore coordinate is
uniformly distributed as xSS ∈ [xmin, xmax] and the
along-coast coordinate is uniformly distributed as ySS ∈
[ymin, ymax]. Since the SS is located on the sea surface,
its height is fixed as zSS = hSS. The relay locations are
fixed in the same three-dimensional coordinate system
according to their deployment heights and distances from
the coastline. The default simulation parameters are
summarized in Table 3. For each relay link, 50,000 unique
SS locations are generated, and the same set of locations
is used at all five transmit-power values to provide a fair
comparison across different power levels. Then, the total
dataset contains 250,000 Monte Carlo realizations over

Table 3: Simulation parameters [1], [3], [12], [35]–[40]
Notation Values

fk


2.4 GHz, k = OS,

2 GHz, k = HAP,

6 GHz, k = SAT.

xBS 0 m

xk


1000 m, k = OS,

2000 m, k = HAP,

2000 m, k = SAT

yBS, yk 0 m, k ∈ K
hBS 20 m
Dk λk/2, k ∈ K

xmin, xmax 1 km, 300 km
ymin, ymax −1 km, 1 km

Nk,x × Nk,y 8 × 8 (Nk = 64)
NBS,x ×NBS,y 8 × 8 (NBS = 64)

C {8, 16, 32, 48, 64} symbols
hSS 1 m

hk


20 m, k = OS,

22 × 103 m, k = HAP,

550 × 103 m, k = SAT

GSS 10 dBi

Gk


30 dBi, k = OS,

20 dBi, k = HAP,

41 dBi, k = SAT

WSS,k


20 MHz, k = OS,

20 MHz, k = HAP,

36 MHz, k = SAT

Wk,BS


20 MHz, k = OS,

20 MHz, k = HAP,

36 MHz, k = SAT

N0 −160 dBm/Hz
KSS,k 10 dB
PSS {20, 25, 30, 35, 40} dBm

Pk


30 dBm, k = OS,

45 dBm, k = HAP,

60 dBm, k = SAT

r̃k N (2.6, 1.63)
F1, Fℓ, FL 64, 64, 2
S1, Sℓ, SL 3 × 3 × 2, 3 × 3 × 64, 3 × 3 × 64

all transmit-power values for each relay link. For each
relay, 80% of the generated samples are used for training,
10% are used for validation, and the remaining 10% are
used for testing. Separate DnCNN models are trained
for the SS–OS, SS–HAP, and SS–SAT links. The dataset
is divided according to the SS-location index, where all
samples generated from the same location at different
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transmit-power values are kept in the same training,
validation, or test partition to avoid location-based data
leakage. The DnCNN models consist of B = 3 cascaded
denoising blocks, where each block contains L = 4 layers.
The DnCNN models are trained offline using the Adam
optimizer with an initial learning rate of 10−3, a batch
size of 64. Training is performed for a maximum of 100
epochs, while early stopping is applied if the validation
loss does not improve for 10 consecutive epochs. The
learning rate is reduced by a factor of 0.5 when the
validation loss does not improve for five epochs, and
the model with the lowest validation loss is retained for
testing.

The simulation results are presented in the following
subsections. First, the channel estimation accuracy of LS,
LMMSE, and the DnCNN-based estimator is compared
using NMSE. Then, the achieved end-to-end data rate
is analyzed to show how channel estimation accuracy
affects relay selection and overall system performance.
The end-to-end outage probability is also evaluated to
compare the reliability of relay selection using perfect
CSI, random relay selection, and the LS, LMMSE, and
DnCNN-based channel estimates. Finally, the relay se-
lection probability is examined as the SS moves away
from the coastline, which illustrates how the preferred
relay changes with the SS location.

A. Ablation Study of the DnCNN Architecture
Fig. 4 shows the effect of the number of convolutional lay-
ers on the NMSE performance of the adapted DnCNN-
based estimator. The models with L=2, 4, 8, and 16
convolutional layers per denoising block are compared.
Similar performance trends are observed for the OS,
HAP, and SAT links. The models with L=4 and L=8
generally provide the best and nearly identical NMSE
performance. However, increasing the number of layers
beyond L=4 does not provide a significant improvement.
Therefore, L=4 is selected to reduce the computational
complexity while maintaining good estimation accuracy.
Fig. 5 shows the effect of the number of denoising blocks.
The models with B=2, 3, and 4 are evaluated using L=4.
The model with B=3 achieves the lowest NMSE for the
OS link and provides performance comparable to the
other models for the HAP and SAT links. Therefore, B=3
is selected as an appropriate trade-off between estimation
accuracy and computational complexity. Fig. 6 compares
the selected adapted DnCNN model with a conventional
convolutional neural network (CNN) model for all three
links. The adapted DnCNN model achieves better NMSE
performance for the SS–OS, SS–HAP, and SS–SAT links.

B. NMSE Versus Transmit Power
Fig. 7 shows the NMSE performance of the LS, LMMSE,
and the DnCNN-based estimators for the OS, HAP,
and SAT links under different SS transmit powers. The

NMSE of all estimators decreases as the transmit power
increases. This is because a higher transmit power im-
proves the received pilot signal quality at the relay,
thereby reducing the effect of noise on the channel esti-
mation process. The performance of the LS and LMMSE
estimators is first considered. Among them, LS provides
the weakest estimation performance, particularly at low
transmit power. This is mainly because LS estimates
the channel directly from the received pilot observa-
tions without exploiting any prior statistical information
about the channel. In contrast, LMMSE generally im-
proves the estimation accuracy by incorporating second-
order channel statistics through the channel covariance
matrix. This improvement is clearly observed for the
HAP and SAT links. However, for the OS link, LMMSE
provides only a marginal gain over LS. This can be
attributed to the two-ray Rician propagation character-
istics of the SS–OS link, where the received signal is
affected by both the direct path and the sea-surface-
reflected path. As a result, the remaining estimation er-
ror cannot be fully suppressed by a linear estimator that
relies mainly on second-order statistical information.

The adapted DnCNN-based estimator is then com-
pared with the LMMSE estimator. For the OS, HAP,
and SAT links, the DnCNN-based estimator generally
provides the lowest NMSE at low and medium transmit
powers. The improvement is most noticeable in the low
transmit power regime, where the received pilot observa-
tions are strongly affected by noise. This improvement is
achieved because the adapted DnCNN-based estimator
adopts a nonlinear denoising structure and learns to
recover a cleaner channel estimate from noisy LS-based
training examples, whereas LMMSE is limited to a linear
estimation framework based on second-order channel
statistics. As the transmit power increases, the received
pilot signals become less noisy, and the performance gap
between LMMSE and the DnCNN-based estimator be-
comes smaller for some links. Nevertheless, the DnCNN-
based estimator still provides the lowest NMSE for the
OS and HAP links at high transmit power. For the
SAT link at high transmit power, LMMSE slightly out-
performs the DnCNN-based estimator, indicating that
the two estimators provide comparable performance in
this operating regime. Overall, these results show that
the adapted DnCNN-based estimator provides reliable
channel estimation performance for heterogeneous mar-
itime relay links, with the most significant improvement
obtained under low-transmit-power conditions.

C. NMSE Versus Pilot Sequence Length
Fig. 8 shows the effect of the pilot sequence length
on the NMSE performance when PSS = 30 dBm. The
NMSE of all estimators generally decreases as the pilot
sequence length C increases. This is because a longer
pilot sequence provides more received observations for
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Fig. 4: NMSE performance of the adapted DnCNN-based channel estimator with different numbers of convolutional
layers for the SS–OS, SS–HAP, and SS–SAT links, where B = 3.
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Fig. 5: NMSE performance of the adapted DnCNN-based channel estimator with different numbers of denoising
blocks for the SS–OS, SS–HAP, and SS–SAT links, where L = 4.
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Fig. 6: NMSE performance comparison between the CNN-based and DnCNN-based channel estimators for the SS–
OS, SS–HAP, and SS–SAT links.

channel estimation, which reduces the impact of noise
on the estimated channel.

The performance of the LS and LMMSE estimators
is first considered. Among them, LS gives the weakest
estimation performance for all relay links, particularly
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Fig. 7: NMSE performance of LS, LMMSE, and DnCNN-based channel estimation for the OS, HAP, and SAT links
at low, medium, and high SS transmit powers with C = 32.

when the pilot sequence length is short. This is because
LS estimates the channel directly from the received pilot
observations without using prior channel statistical infor-
mation, making it more sensitive to noise when limited
pilot observations are available. In contrast, LMMSE
achieves better NMSE performance than LS by exploit-
ing second-order channel statistics through the channel
covariance matrix. This improvement is especially clear
for the HAP and SAT links. However, for the OS link,
the gain of LMMSE over LS is relatively small, which is
consistent with the transmit-power-based results.

The DnCNN-based estimator further improves the
NMSE performance compared with LMMSE and
achieves the lowest NMSE for all relay links over the
considered pilot sequence lengths. The improvement is
more noticeable when C is small, since the initial LS
estimate contains stronger residual noise under limited
pilot observations. As C increases, the received pilot
observations become more informative, and the perfor-
mance gap between LMMSE and the DnCNN estimator
becomes smaller for some links. Overall, these results
show that the DnCNN-based estimator remains effective
under different pilot sequence lengths and provides reli-
able channel estimation performance for the considered
maritime relay links.

D. Achieved End-to-End Data Rate Versus SS Transmit
Power
Fig. 9 shows the average achieved end-to-end data rate
versus the SS transmit power. The transmit power is
varied from 20 dBm to 35 dBm. The figure presents the
Method 1 results obtained using the LS, LMMSE, and
adapted DnCNN channel estimates. Method 2 is also
evaluated using the adapted DnCNN channel estimates.
The results are compared with perfect CSI and random

8 16 32 48 64
Pilot Sequence Length (C)
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Fig. 8: NMSE performance versus pilot length for the
OS, HAP, and SAT links when PSS = 30 dBm.

relay selection. Perfect CSI is used as the upper-bound
benchmark because it selects the relay using the true
channel information. Random relay selection is used
as the lower-bound benchmark because it selects the
relay without using channel information. Among the
considered estimators, the adapted DnCNN-based relay
selection achieves a higher end-to-end data rate than
the LS- and LMMSE-based relay selection, particularly
at lower transmit powers. The DnCNN-based methods
achieve data rates close to perfect CSI and clearly out-
perform random relay selection over the whole transmit-
power range. Using perfect CSI as the reference, the gap
between the adapted DnCNN-based method and perfect
CSI is about 7.83% at low transmit power. This gap
decreases to about 4.59% at medium transmit power and
3.11% at high transmit power. This happens because
higher transmit power improves the received pilot quality
and reduces the channel-estimation error. Therefore, the
adapted DnCNN-based method can make relay-selection
decisions closer to the perfect CSI case.
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Fig. 9: Average achieved end-to-end data rate versus SS
transmit power for different relay selection methods.

In addition to the benchmark comparison, Fig. 9
shows that the two proposed DnCNN-based relay selec-
tion methods have almost the same performance. Their
curves overlap because the SS–relay k link is usually the
bottleneck in the considered setup. Therefore, selecting
the relay based on the estimated first-hop rate gives
almost the same decision as selecting the relay based on
the estimated end-to end rate. As a result, both proposed
methods achieve almost the same end-to-end data rate.

E. End-to-End Outage Probability Versus Sea-Surface
Station Transmit Power
For the selected relay k, the achieved end-to-end SINR
is determined by the weaker hop as

γach
e2e = min

(
γach

SS-k, γk-BS
)

. (31)

Accordingly, the outage probability is defined as

Pout = Pr
(
γach

e2e ≤ γth
)

. (32)

Following the reference work [1], the decoding thresh-
old is set to γth = −5 dB. Fig. 10 shows the end-to-
end outage probability versus the SS transmit power
for Method 1 relay selection. Perfect CSI provides the
lowest outage probability because the relay is selected
using the true channel information. Among the channel-
estimation-based methods, the DnCNN-based method
achieves a lower outage probability than the LS- and
LMMSE-based methods. This is because its more ac-
curate channel estimates result in more reliable relay
selection and improved receive combining. The outage
probability of the channel-aware methods decreases as
the SS transmit power increases because the first-hop
received SNR and channel-estimation accuracy improve.
In contrast, random relay selection has a higher outage
probability because it does not consider the channel
conditions when selecting the relay.
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Fig. 10: End-to-end outage probability versus SS trans-
mit power for perfect CSI, random relay selection, and
LS, LMMSE, and DnCNN-based relay selection.
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Fig. 11: Relay misselection probability versus SS trans-
mit power for Method 1 using the LS, LMMSE, and
adapted DnCNN channel estimates.

F. Misselection Probability Versus SS Transmit Power
Fig. 11 shows the relay misselection probability versus
the SS transmit power. The misselection probability
decreases as the transmit power increases. This is be-
cause the received pilot signal becomes stronger. As a
result, the channel estimates become more accurate.The
adapted DnCNN-based method achieves the lowest miss-
election probability over the entire transmit-power range.
Therefore, it selects the same relay as the perfect-CSI
benchmark more often.

Although LMMSE provides better channel-estimation
accuracy than LS, it applies stronger filtering at low
transmit power. This can change the ordering of the
estimated relay-link rates. Therefore, the LMMSE-based
method can have a higher misselection probability at
low transmit power. As the transmit power increases,
this effect becomes smaller and the LMMSE-based relay
selection improves.
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Fig. 12: Average achieved end-to-end data rate versus
SS distance for perfect CSI, random relay selection, and
Method 1 using the LS, LMMSE, and DnCNN-based
channel estimates

.

G. Achieved End-to-End Data Rate Versus SS Distance
Fig. 12 shows the average achieved end-to-end data rate
versus the SS distance. This comparison considers perfect
CSI, random relay selection, and Method 1 using the LS,
LMMSE, and DnCNN-based channel estimates. Only
Method 1 is shown because Fig. 9 showed that Method 1
and Method 2 give almost identical performance. The
data rate decreases as the SS moves farther from the
coastal region. This happens because the propagation
distance becomes longer, which increases path loss and
reduces the received signal power at the relays. As a
result, the first-hop rate decreases and limits the end-to-
end rate. Perfect CSI gives the highest data rate because
it selects the relay using true channel information, while
random relay selection gives the lowest performance
because it does not use channel information. Among the
channel-estimation-based methods, the DnCNN-based
method achieves the closest performance to perfect CSI
and generally outperforms the LS- and LMMSE-based
methods. This improvement is consistent with the better
channel-estimation accuracy provided by the DnCNN
estimator. The DnCNN-based method closely follows the
perfect CSI curve, especially at short and medium dis-
tances, and clearly outperforms random relay selection
over the whole distance range. At larger distances, the
gap between perfect CSI and the DnCNN-based method
slightly increases because weaker received pilot signals
make channel estimation more difficult. These results
show that the DnCNN-based estimator can support reli-
able channel-aware relay selection in distance-dependent
maritime communication scenarios.

H. Relay Selection Probability Versus SS Distance
Figs. 13a–13c show the relay selection probability versus
the SS distance for Method 1 using the DnCNN, LS, and
LMMSE channel estimates, respectively, together with
the perfect-CSI and random relay-selection benchmarks.
The selected relay changes as the SS moves away from
the coastline. At short distances, perfect CSI mainly
selects the OS, since the SS–OS link is strong near the
coastal region. As the distance increases, the SS–OS link
becomes weaker, and the HAP is selected more often at
medium distances. At longer distances, the SAT becomes
the preferred relay because it can provide wider offshore
coverage. This trend shows that the best relay depends
strongly on the SS location and the corresponding link
quality.

The DnCNN-based method follows a relay selection
trend similar to perfect CSI. This shows that the DnCNN
estimator can provide useful channel information for
relay selection. Small differences between the two meth-
ods appear because the DnCNN method uses estimated
channel information, whereas perfect CSI uses the true
channel information. These differences are more visi-
ble near the relay transition regions, where two relay
candidates may have similar data rates. In contrast,
random relay selection gives almost constant selection
probabilities for the three relays because it does not
use channel information. These results confirm that the
DnCNN-based method can make channel-aware relay
selection decisions and closely follow the perfect CSI
benchmark.

VI. Conclusion and Future Research Directions
This paper investigated channel estimation and relay
selection for a maritime SAGSIN, where an SS communi-
cates with a BS through one selected relay among an OS,
a HAP, and a SAT. Since these relay candidates operate
in different propagation environments, the quality of
the estimated channel between the SS and the relay
k directly affects relay selection and the resulting end-
to-end data rate. To address this issue, three channel
estimation methods were considered for the SS–relay k
links: LS, LMMSE, and a DnCNN-based estimator. The
estimated channels were then used in two relay-selection
strategies based on the estimated first-hop data rate and
the estimated end-to-end data rate.

Simulation results showed that the DnCNN-based esti-
mator can significantly improve channel estimation accu-
racy compared with the traditional LS estimator and can
outperform the LMMSE estimator in most considered
scenarios. The gain of the DnCNN-based estimator was
especially noticeable under challenging conditions, such
as low transmit power and short pilot length, where the
LS estimate contains stronger noise-induced estimation
errors. These results demonstrate the effectiveness of
learning-based residual denoising for improving pilot-
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Fig. 13: Relay selection probability versus SS distance for perfect CSI, random relay selection, and the considered
channel-estimation-based relay-selection methods: (a) DnCNN, (b) LS, and (c) LMMSE.

based channel estimation in heterogeneous maritime
links.

The results further showed that improved channel es-
timation leads to more reliable relay selection. In partic-
ular, the DnCNN achieved an end-to-end data rate and
outage probability close to the perfect-CSI benchmark
and clearly outperformed random relay selection. This
confirms that accurate channel estimation is important
not only for estimating the channel itself, but also for
improving the overall communication performance of
maritime relay-assisted SAGSINs. Therefore, the pro-
posed framework can support more reliable connectivity
for maritime applications such as ship communication,
offshore platforms, coastal monitoring, and emergency
services.

Moreover, we will investigate the effects of imperfect
and outdated CSI on both the SS–relay and relay–BS
links. We will also study how channel variations, channel
aging, and processing or feedback delays affect relay

selection, end-to-end data rate, and outage probabil-
ity. In addition, the channel model will be extended
to include more detailed maritime propagation effects,
such as residual Doppler, platform altitude variations,
atmospheric absorption, shadowing, sea-state-dependent
reflections, and time-varying rain attenuation.
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